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ADDIS ABABA UNIVERSITY

Abstract
College of Business and Economics

Department of Economics

Doctor of Philosophy in Economics
Essays on Agricultural Productivity and Climate Resilience in Ethiopia:

Insights into Conservation Practices, Public Works, and Land Cover Change
by Gemeda Olani Akuma

This dissertation explores the interconnected dynamics of agricultural productivity, climate
resilience, and sustainable land management in rural Ethiopia. It evaluates the effects of targeted
conservation information on productivity, examines the role of public works in resource
conservation and labor engagement, and analyzes the impact of land cover changes on
agricultural output. The first essay assesses the influence of plot-specific conservation practices
on productivity, highlighting the role of tailored information in promoting recommended
practices and enhancing productivity. Through multi-year (2015-2021) randomized controlled
trials, the study demonstrates that site-specific conservation recommendations significantly
improve the adoption of conservation practices and increase maize land productivity across
diverse agroecological contexts. The findings further suggest that such interventions lower costs
by saving labor and improving soil fertility, thereby increasing productivity. These findings
highlight the potential of targeted conservation strategies to improve agricultural productivity
and promote long-term sustainability across diverse agroecological regions. The second essay
examines the impact of public works programs on soil and water conservation and their effect on
labor engagement in rural Ethiopia. By utilizing unbalanced panel data from the Ethiopian
socioeconomic survey across three periods (2011/12, 2013/14, and 2015/16), this study illustrates
that public works programs enhance soil and water conservation, reallocate labor to agricultural
production, and reduce labor participation in non-agricultural activities. These programs
support immediate livelihoods and long-term sustainability, particularly as adaptive strategies in
drought-prone areas, by strengthening conservation efforts, reshaping household labor allocation,
and enhancing food security. The third essay explores the impact of weather shocks on
agricultural productivity in rural Ethiopia, focusing on the role of land cover dynamics. This
study employs balanced panel data from the 2011/12, 2013/14, and 2015/16 waves of the
Ethiopian Socioeconomic Survey, combined with satellite-based vegetation indices, drought
severity, and temperature data. Using a multiway fixed-effects estimator, the analysis shows that
weather shocks significantly reduce agricultural productivity, while improved land cover
mitigates these effects and increases productivity. The study finds that enhanced land cover
change better mitigates climatic stress in tropical-cool zones and high-productivity households.
The paper emphasizes the critical importance of sustainable land management in strengthening
resilience to climate variability in vulnerable regions. Collectively, these essays advance the
understanding of sustainable practices and resilience strategies, offering valuable insights for
policies that promote livelihoods, food security, sustainability, and climate resilience in rural
Ethiopia. This dissertation synthesizes key findings and offers evidence-based recommendations
to enhance agricultural productivity and climate resilience in Ethiopia, with broader
applicability to regions sharing similar agroecological and farming contexts.

Keywords: Agricultural productivity, Climate resilience, conservation, information, Public
works, Land cover change
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Chapter 1

Introduction

1.1 Background and Context

Agriculture remains the backbone of Ethiopia’s economy, accounting for nearly 50%

of the country’s GDP and more than 80% of its export earnings (Stellmacher and

Kelboro, 2019), and sustaining millions of rural households, where smallholder farming is

the dominant livelihood strategy (Haile et al., 2022; Zerssa et al., 2021; Aweke, 2017;

Rapsomanikis, 2015; Dercon and Gollin, 2014). Approximately 80% of the population

relies on the agricultural sector for their livelihoods (Njeru et al., 2016), with

smallholder farms contributing over 90% of the nation’s agricultural production

(Getahun, 2020; Gebre-Selassie and T. Bekele, 2012). However, the sector is increasingly

vulnerable to multifaceted challenges, including climate variability, land degradation,

and constrained access to adaptive farming technologies. These undermine agricultural

productivity and threaten food security (Demem, 2023). Erratic rainfall patterns,

prolonged droughts, and other climate-induced shocks exacerbate yield instability,

disproportionately affecting resource-poor farmers with limited capacity to adapt (Jayne

et al., 2014). Furthermore, suboptimal land use, soil erosion, and declining soil fertility

accelerate environmental degradation, compounding the risks to long-term agricultural

sector resilience to climate change (Spielman et al., 2011). Addressing these challenges

requires integrated solutions, including climate-smart agriculture such as conservation

agriculture (CA) practices, sustainable land management, and information-driven

policies. Enhancing smallholder resilience to climate variability through adaptive

strategies and innovative technologies can improve productivity while ensuring

environmental sustainability and food security.

Addressing challenges in agriculture requires an integrated approach that combines
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research, policy, and farmer-led solutions. Expanding access to conservation knowledge

promotes sustainable agricultural practices like soil and water conservation (SWC),

agroforestry, and climate-smart agriculture (Pretty et al., 2012). Targeted policies,

including extension services and rural investments, bridge knowledge gaps and support

adoption (Kassie et al., 2011). Sustainable land management practices, including

watershed restoration and CA, enhance soil fertility, increase productivity, and

strengthen resilience to climate shocks (Hussein, 2024; Solomon et al., 2024; Hadgu

et al., 2019; Were et al., 2016). Aligning scientific advances with locally adapted

strategies is key to long-term agricultural sustainability and food security. Thus,

ensuring agricultural sector resilience in Ethiopia demands a comprehensive approach

that integrates climate adaptation, institutional support, and better farmer

decision-making, reducing vulnerabilities and promoting long-term sustainability and

food security.

Access to tailored conservation information is essential for boosting agricultural

productivity through CA practices, such as minimum tillage and crop residue retention.

Studies have shown that these technologies are cost-effective and sustainable solutions

that enhance soil health and water retention. However, adoption remains low,

constrained by limited awareness, inadequate capacity-building, and institutional

challenges, particularly in sub-Saharan African countries such as Ethiopia. The first

paper in Chapter 2, Enhancing Agricultural Productivity through Tailored Information

on Conservation Practices: Evidence from Ethiopia, addresses this concern. Providing

context-specific information addresses these challenges, improving productivity, resource

management, and environmental resilience for long-term sustainability.

Additionally, public works programs in rural Ethiopia, primarily designed for social

protection and infrastructure development, play a crucial role in supporting conservation

practices for drought adaptation and mitigation. These programs also influence labor

allocation, allowing farmers to meet immediate agricultural needs while contributing to

long-term conservation goals. The second paper, Chapter 3, Adapting to Drought: How

Do Public Works Affect Conservation and Labor Engagement in Rural Ethiopia?,

examines the impact of these programs on SWC practices and household labor

allocation between on-farm and off-farm activities. By incentivizing labor-intensive

activities such as SWC practices, these programs promote sustainable farming and help

address immediate livelihood challenges in drought-prone regions. Understanding their
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impact is key to crafting policies that balance labor needs with long-term sustainability,

fostering resilient agricultural systems.

Moreover, in rural Ethiopia, agricultural productivity is increasingly shaped by

environmental challenges, particularly land cover changes and vulnerability to weather

shocks. For example, deforestation, soil degradation, and land use changes intensify the

negative impacts of climate variability on crop yields, increasing the vulnerability of

farming systems to extreme weather events. The third paper, Chapter 4, Weather Shocks

and Agricultural Productivity in Rural Ethiopia: Role of Land Cover Dynamics,

addresses this issue. The interaction between land cover changes and weather shocks

provides key insights into farmers’ adaptive strategies for managing climate risks,

highlighting the need for policies that promote sustainable land use and resource

management. Such policies can strengthen resilience, reduce environmental degradation,

and ensure long-term agricultural productivity amid climate challenges.

These studies collectively enhance our understanding of how access to information,

social protection policy interventions, changes in land cover, climate variability, and

environmental challenges affect agricultural productivity and rural livelihoods in

Ethiopia. This dissertation builds on these insights by investigating the role of

conservation practices, institutional support (public work programs), and climate

resilience strategies in promoting long-term productivity, rural livelihoods, and

sustainable agriculture.

1.2 Problem Statement and Research Objectives

This section presents the general and specific problem statements, along with the

research objectives for each paper in the dissertation.

1.2.1 General Problem Statement

Climate variability, land degradation, and limited access to adaptive practices

threaten agricultural productivity and rural livelihoods in developing countries,

including Ethiopia. Unregulated land use accelerates deforestation and soil degradation,

worsening vulnerability to extreme weather events (Deche et al., 2023; Maru et al., 2023;

Mekonnen et al., 2023; Demem, 2023; Call and Gray, 2020). Despite the potential of

conservation agriculture (CA) and public works programs to mitigate these impacts, low

adoption rates persist due to knowledge gaps and institutional barriers. Integrating
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sustainable land management, social protection, and public works is critical for

enhancing resilience, reducing climate vulnerability, and ensuring long-term food

security in high-risk areas.

1.2.2 Paper 1: Problem Statement and Research Objectives

Paper Title: “Enhancing Agricultural Productivity through Tailored Information on

Conservation Practices: Evidence from Ethiopia"

Problem Statement:

Conservation agriculture addresses soil degradation, low productivity, and climate

vulnerability in rural Ethiopia. However, its adoption remains low due to knowledge gaps,

limited access to information, and institutional barriers. There is a need to explore how

tailored conservation information can promote CA adoption and enhance productivity.

General Objective:

To examine the impact of providing tailored information on conservation practices and

agricultural productivity in Ethiopia.

Specific Objectives:

• To evaluate farmers’ adoption of conservation practices based on plot-specific

recommendations aligned with household characteristics, soil type, slope, and

agroecological conditions, and

• To evaluate the impact of disseminating tailored conservation information on

agricultural productivity.

1.2.3 Paper 2: Problem Statement and Research Objectives

Paper Title: “Adapting to Drought: How Do Public Works Affect Conservation and Labor

Engagement in Rural Ethiopia?"

Problem Statement:

Public works programs in Ethiopia aim to improve livelihoods and build resilience to

climate shocks through soil and water conservation. While these programs enhance land

management and productivity, their impact on labor allocation between on-farm and

off-farm activities remains unclear (Quisumbing and Yohannes, 2005; Subbarao et al.,

2012; Berhane et al., 2014; M. Bekele et al., 2020; Fre et al., 2022; Franklin et al., 2024).

Furthermore, the balance between meeting immediate agricultural needs and achieving

long-term sustainability in high-risk regions is poorly understood.
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General Objective:

To investigate the role of public works programs in shaping conservation efforts and

labor allocation decisions in rural Ethiopia, particularly in response to drought conditions.

Specific Objectives:

• To assess how participation in public works programs affects the adoption of soil

and water conservation measures, and

• To examine how public works programs differentially impact labor engagement,

focusing on household labor allocation between farm and off-farm activities.

1.2.4 Paper 3: Problem Statement and Research Objectives

Paper Title: “Weather Shocks and Agricultural Productivity in Rural Ethiopia: Role of

Land Cover Dynamics"

Problem Statement:
Changes in land cover, particularly improvements in vegetation and soil health, can

enhance resilience to climate shocks and boost agricultural productivity. However, the

impact of land cover dynamics on productivity under varying climatic conditions,

especially in tropical-cool regions, remains underexplored. There is a need to investigate

how land cover improvements can buffer the effects of weather shocks, such as droughts

and heat waves, and support long-term agricultural sustainability in climate-vulnerable

regions.

General Objective:
To explore the relationship between weather shocks, land cover changes, and

agricultural productivity in rural Ethiopia.

Specific Objectives:

• To analyze the impact of weather shocks, such as drought and extreme temperatures,

on agricultural productivity and the extent to which these impacts differ across

distinct agroecological zones,

• To evaluate how land cover dynamics, as reflected by changes in

greenness—indicating afforestation, deforestation, and vegetation loss—can

mitigate against the adverse effects of such shocks, and (iii) how does the

heterogeneity of weather shock impacts, and

• To assess how variations in weather shock impacts, alongside land cover changes,

affect agricultural productivity across agroecological zones.
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1.3 Methodology

The methods employed in the individual papers of this dissertation are outlined below,

with detailed descriptions provided in the respective chapters (Chapters 2 - 4) and their

corresponding sections (2.5, 3.4, and 4.4). Each chapter presents a unique methodological

approach specifically designed to address its corresponding research questions.

• The first paper, Enhancing Agricultural Productivity through Tailored Information

on Conservation Practices: Evidence from Ethiopia, employs multi-year

randomized controlled trials (RCTs) with stratified random sampling across

agroecological zones to assess the impact of tailored conservation information on

agricultural productivity. Using panel data and applying fixed effects estimators,

the analysis isolates causal effects, offering robust evidence of the effectiveness of

information-based interventions in enhancing sustainable practices and

productivity.

• The second paper, Adapting to Drought: How Do Public Works Affect Conservation

and Labor Engagement in Rural Ethiopia?, employs the full-information maximum

likelihood method and instrumental variables approach, integrating an endogenous

treatment model to analyze the effects of public works programs on conservation

efforts and household labor allocation.

• The third paper, Weather Shocks and Agricultural Productivity in Rural Ethiopia:

The Role of Land Cover Dynamics, utilizes satellite-based measurements of drought

and temperature to assess weather variability. It employs a multi-way fixed effects

linear regression to estimate the impact of changes in land cover on agricultural

productivity. This approach accounts for unobserved differences over time, location,

and households, allowing for a robust analysis of the effects of land cover under

various climatic conditions.

1.4 Key Findings

This dissertation investigates three critical dimensions of agricultural resilience in

Ethiopia. The first paper examines the impact of providing tailored conservation

information on farmers’ adoption of sustainable practices. The findings demonstrate

that information customized to the specific characteristics of each plot, including soil
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type and agroecological conditions, significantly enhances the likelihood of farmers

adopting these practices. As a result, this tailored approach leads to notable

improvements in agricultural productivity, emphasizing the importance of

context-specific interventions in fostering more sustainable and resilient farming systems.

The second paper examines the impact of public works programs on agricultural

resilience, focusing on their role in soil and water conservation. The study finds that

public works programs significantly improve soil and water conservation, enhancing land

management and sustainability. These programs also influence labor allocation,

increasing agricultural labor and reducing off-farm activities. Hence, this suggests that

public works earnings contribute to farm income stability and resilience against

weather-related shocks, such as droughts. The findings underscore the effectiveness of

public works programs in strengthening agricultural resilience and supporting long-term

rural development in climate-vulnerable regions.

The third paper’s findings suggest that changes in land cover, particularly vegetation

and greenness, can alleviate the adverse effects of weather shocks on agricultural

productivity. Enhanced land cover dynamics, such as increased vegetation and improved

soil health, bolster resilience by buffering agricultural systems from climate extremes like

droughts and heat waves. The study finds that enhanced land cover change more

effectively mitigates climatic stress in tropical-cool zones and among high-productivity

households across regions, as these households benefit more due to their greater

exposure and vulnerability to climate variability. These results emphasize the critical

need for sustainable land management practices to build resilience and mitigate climate

change’s impact on agriculture.

1.5 Contributions

This dissertation contributes to the discourse on climate resilience and agricultural

productivity by analyzing three interrelated dimensions: the adoption of recommended

CA practices, participation in public works programs, and land cover changes in rural

Ethiopia. First, it investigates how plot-specific, tailored conservation information

affects farmers’ adoption of sustainable practices by focusing on the interaction between

agroecological conditions, farm characteristics, and the delivery of conservation

information and its subsequent influence on productivity outcomes. Second, it explores

the impact of public works programs on conservation efforts and shifts in labor
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allocation between agricultural and non-agricultural activities, emphasizing their dual

role in strengthening resilience through SWC while reshaping labor dynamics. Lastly, it

assesses the role of land cover dynamics—measured through vegetation shifts and land

cover changes—in mediating the effects of weather shocks on agricultural productivity,

offering new perspectives on the nexus between environmental stressors and rural

livelihoods. Together, these studies add to the understanding of climate-smart

agriculture, how households adapt through social protection programs and labor shifts,

and the crucial role of land cover changes in maintaining sustainable agriculture during

climate change.

1.6 Limitations and Directions for Future Research

While this dissertation provides valuable insights into improving agricultural

productivity, conservation practices, and climate resilience, it is not without its

limitations. Notably, the dissertation focuses on a single-country analysis of rural

Ethiopia, limiting the generalizability of its findings to regions with different

socioeconomic and environmental contexts. Therefore, future research should expand its

scope by incorporating comparative analyses across multiple countries or regions within

sub-Saharan Africa and other developing regions to enhance the generalizability and

relevance of the findings. This multi-country synthesis approach would enrich our

understanding of the diverse factors influencing climate adaptation and agricultural

productivity across varying contexts.

Secondly, while the second and third papers explore associations between the

dependent and explanatory variables, establishing causality is challenging due to

potential endogeneity, where unobserved factors may bias estimates. Despite several

robustness checks, the strict exogeneity assumption remains unverified, suggesting

potential endogeneity that may impact the validity of the causal inferences. Future

research could address this by employing advanced identification methods, such as

instrumental variables (this empirical strategy is applied in the second paper but not in

the third), difference-in-differences, or natural experiments to establish causal

relationships and claim causal inference. Therefore, advanced empirical strategies and

more rigorous analyses are essential for examining the causal relationships between

public works and conservation practices, labor allocation, and, simultaneously, between

land cover changes and agricultural productivity.
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Additionally, while this dissertation provides valuable contributions to understanding

climate adaptation in Ethiopia, future research could extend these insights by investigating

the long-term impacts of such interventions. Employing longitudinal data would allow for

a systematic assessment of the sustainability of adaptation outcomes, offering a nuanced

understanding of their enduring effectiveness. This methodological approach facilitates the

evaluation of evolving impacts, the identification of adaptation gaps, and the refinement

of policies to enhance resilience and adaptive capacity.

To this end, examining the interplay between individual-level factors, such as gender,

household wealth, resource access, and climate adaptation strategies, would be highly

valuable. This analysis could uncover disparities in how different demographic groups

experience and respond to climate interventions, offering critical insights for more

inclusive and targeted adaptation policies. Furthermore, examining the influence of

national policy interventions in enabling or constraining local adaptation efforts would

provide a more holistic understanding of the scalability of effective climate adaptation

strategies. Such an analysis could contribute to designing more inclusive and

context-specific policy frameworks that enhance resilience across diverse socio-economic

and environmental contexts.

1.7 Organization of the Dissertation

Chapter 1 provides an overview of the dissertation, outlining the background, problem

statement, research objectives, methodology, key findings, contributions, limitations, and

directions for future research. The subsequent chapters of the dissertation are structured

as follows. Chapter 2 presents the first research paper; Chapter 3 analyzes the second; and

Chapter 4 examines the third. Finally, Chapter 5 synthesizes the main findings, discusses

policy implications, and concludes the study.
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(Ongoing work)5

Abstract
Using a set of multi-year randomized controlled trials conducted in Ethiopia, this

study examines the impact of tailored, plot-specific information on conservation
practices and their effects on agricultural land productivity in the medium term. The
findings reveal that providing tailored information drives a notable increase in the
uptake of sustainable farming practices, resulting in improved land productivity for
maize farmers. The findings suggest that customized plot information targeting
sustainable agricultural technologies reduces costs, substantially increases productivity
for maize farmers, and is conducive to enhancing the welfare of the farmers. Hence, this
approach presents a promising pathway for enhancing agricultural resilience and
long-term welfare for maize-growing communities, particularly in regions with diverse
plot-specific and agroecological conditions.
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2.1 Introduction

Enhancing agricultural productivity while preventing land degradation is crucial for

food security and sustainability in Sub-Saharan Africa. The interplay of stagnant crop

yields and rising food demand drives agriculture to encroach on less fertile lands,

accelerating soil degradation and perpetuating cycles of poverty and economic insecurity

(Jayne et al., 2014; Barbier and Hochard, 2018; Barrett and Bevis, 2015). A low

agricultural productivity hampers structural transformation, a key driver of economic

development. For agriculture to support this process, it must generate surpluses that

can stabilize urban wages and release labor from low-productivity rural sectors to more

productive growth-oriented industries (Gollin et al., 2014; Bustos et al., 2016; Gollin,

2023; Barrett et al., 2022).

Conservation agriculture (CA), which combines no-till, residue retention, and crop

rotation (a form of diversification), improves productivity, soil health, and moisture

retention while reducing degradation and environmental impact, especially in dry,

rainfed areas (Atwood et al., 2024; Mitchell et al., 2024; Saha et al., 2024; Teng et al.,

2024; Bazrafkan et al., 2022; Su et al., 2021; Corsi and Muminjanov, 2019; A. Kassam

et al., 2019). By preventing erosion, improving organic matter, and breaking pest cycles,

CA supports long-term soil fertility and resilience (FAO, 2001; Farooq and Siddique,

2015; Pooniya et al., 2022; Pittelkow et al., 2015a; Pittelkow et al., 2015b; Evans et al.,

2020; M. Jat et al., 2020). Hence, it is an innovative farming approach designed to

regenerate soil health, increase productivity, and strengthen resilience and adaptive

capacity in the face of climate variability and environmental challenges. A. Kassam

et al. (2019) highlighted that while CA adoption has increased steadily recently, its

expansion has been disproportionately concentrated in developed regions, while uptake

in developing areas remains relatively limited. Despite its promising potential, the

adoption of CA in Sub-Saharan Africa remains minimal, covering only 0.8% of cropland.

Slow adoption is due to awareness gaps, uncertain benefits, delayed returns, and limited

access to input. Socioeconomic and institutional barriers further limit uptake. As

indicated in Pretty et al. (2012), the adoption of CA faces several barriers, including

high initial costs, labor-intensive cover cropping, and the critical need for effective

knowledge transfer through targeted training programs. Hence, targeted extension,

training, and policies are essential to realize the sustainability and resilience potential of

CA (Ambler et al., 2023; Arslan et al., 2022; Suri and Udry, 2022; Christian Thierfelder
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and Mhlanga, 2022; M. Jat et al., 2020; Pittelkow et al., 2015a; Abdulai and Huffman,

2014; Corbeels et al., 2014; Hobbs et al., 2008; World Bank, 2007). Unlike

capital-intensive soil conservation technologies, such as water harvesting (Aker and Jack,

2023), CA requires the knowledge-intensive management of three interdependent

practices. Although crop rotation is widely known, minimum tillage and residue

management are new to many farmers.

This study investigates the impact of addressing information barriers on

medium-term crop productivity. To investigate this, this study implemented a series of

field experiments monitoring maize productivity among a diverse group of farmers in the

Ethiopian highlands over five years (2015–2021). During this time, the study

exogenously varied farmers’ access to tailored CA information both spatially—by

providing treatment to some farmers while others remained in a control group—and

temporally—where some farmers received the information only once, others twice, and

some never at all. This experimental design introduced random variation within a

longitudinal panel data framework, enabling a robust causal analysis of how access to

information influences agricultural productivity over time (Ferraro and Pattanayak,

2006; Ferraro and Hanauer, 2014a; Ferraro and Hanauer, 2014b; Barrett, 2021).

The study demonstrates that personalized information significantly accelerates the

adoption of CA practices and enhances maize productivity in the medium term.

Tailored guidance improves farmers’ understanding and implementation of CA,

strengthening agricultural resilience and food security. The findings underscore the

critical role of context-specific information in overcoming adoption barriers, particularly

in settings characterized by heterogeneous agro-ecological conditions such as soil fertility

and terrain variability (Hobbs et al., 2008; World Bank, 2007; A. Kassam et al., 2009;

Pittelkow et al., 2015a). Furthermore, this study highlights the importance of

conducting long-term experiments in sustainability science. By tracking outcomes over

multiple years, such studies can identify key factors such as yield stabilization,

adaptation, and learning effects (Pittelkow et al., 2015a; Barrett, 2021). In complex,

coupled human-natural systems, causal inference often requires long-term experiments to

capture these dynamics, which cannot be fully understood through short-term

observations alone (Ferraro et al., 2019).

The rest of the paper proceeds as follows. Section 2.2 offers a comprehensive

overview of Conservation Agriculture, detailing its principles, applicability, inherent
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limitations, and the contextual experiences within Ethiopia. Section 2.3 discusses the

context and experimental design. Section 2.4 provides data. Section 2.5 discusses the

empirical strategy. Section 2.6 presents the results and discussion. Section 2.7 gives the

concluding remarks.

2.2 Conservation Agriculture: Principles, Applicability,

and Limitations

CA is an ecologically grounded farming approach that relies on three core principles:

limiting soil disruption through reduced or zero tillage, preserving continuous soil cover

using crop residues or living vegetation, and diversifying crops through rotations or

intercropping. These interrelated practices contribute to better soil structure, improved

water retention, and more effective nutrient use. By enhancing soil health and ecosystem

stability, CA promotes durable productivity and greater resilience to climatic and

environmental challenges (A. Kassam et al., 2019; Thierfelder and Wall, 2010).

The effectiveness of CA is highly dependent on crop type and agroecological context.

Maize generally exhibits stronger yield responses due to its high sensitivity to enhanced

soil conditions, whereas crops like wheat and tubers may derive fewer benefits or require

context-specific modifications (Corbeels et al., 2014; Thierfelder and Wall, 2010).

Adoption remains constrained by delayed agronomic returns, competing uses for crop

residues, substantial initial labor and knowledge requirements, and limited suitability for

certain crop types (Valbuena et al., 2012; Giller et al., 2009).

In Ethiopia, CA is incorporated into national policy frameworks, including the

Climate Resilient Green Economy (CRGE) strategy and the Sustainable Land

Management Program (SLMP), which aim to advance sustainable and climate-resilient

agriculture. Nonetheless, adoption remains limited and spatially concentrated, primarily

due to competing demands for crop residues, inadequate technical capacity, and the

limited compatibility of key CA practices—such as residue retention and minimal

tillage—with prevailing smallholder farming systems (L. Hailu and Teka, 2024; Z. Hailu

and Teshome, 2022; A. Araya and Stroosnijder, 2010).

CA adoption in Ethiopia remains low due to institutional constraints. Key

practices—such as reduced tillage, residue retention, and crop diversification—are

relatively new to smallholders and often misaligned with traditional systems. Limited
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extension support, poor access to inputs and credit, and competing demands for crop

residues further hinder uptake (Valbuena et al., 2012; T. Araya et al., 2011; Giller et al.,

2009). Additionally, CA promotion lacks local adaptation and suffers from weak

institutional coordination, while existing policies continue to favor conventional tillage

(L. Hailu and Teka, 2024; Z. Hailu and Teshome, 2022).

While the short-term productivity gains of CA may be modest outside of maize-based

systems, its core value lies in its capacity to improve soil health, prevent land degradation,

and promote sustainable agricultural intensification over time (Giller et al., 2009). These

long-term ecological benefits are particularly relevant in contexts facing soil fertility decline

and climate variability. A clear understanding of the advantages and inherent limitations

of CA is essential for designing context-specific adaptations and for informing strategies

aimed at scaling its adoption effectively and sustainably.

2.3 Context and Experimental Design

2.3.1 Context

The motivation for the customized information experiment dates back to a survey

conducted by the Nile Basin in 2013. The data collected mapped the extent of adoption

of existing CA practices and evaluated the net farm incomes of plots with varying slopes

and soil fertility levels. The experiment began in September 2015 to raise the historically

low adoption rates of CA technologies. In doing so, reduce the gap between actual lower

and potentially higher predicted net farm incomes based on the 2013 data from a randomly

drawn sample of farm households growing major cereal crops and residing in randomly

chosen 50 villages, one village from one woreda refers to a district-level administrative

unit, typically comprising 9 to 15 kebeles or villages on average Abate et al. (2020).

A multi-stage random sampling strategy was implemented within the Ethiopian Blue

Nile Basin to select study sites for the field experiment. In the first stage, 20 woredas

were randomly selected from five regions intersecting the basin—Tigray, Amhara,

Oromia, Benishangul-Gumuz, and Southern Nations, Nationalities, and Peoples’ Region

(SNNP)—forming the sampling frame. In the second stage, five villages were randomly

drawn from each selected woreda, resulting in a total sample of 100 villages. This

sampling design ensured geographic, agroecological, and socioeconomic
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representativeness while maintaining operational feasibility. The structure remained

consistent across survey rounds, supporting longitudinal analysis.

The experimental design incorporated treatment and control groups, initially

distributed across 15 of the 20 sampled woredas (see Figure 2.1 for locations). At

baseline in 2015, the treatment group consisted of 5 woredas (25 villages), and the

control group comprised 10 woredas (50 villages). In 2016, five additional woredas and

25 villages were reassigned from the control to the treatment group, reversing the

allocation: 10 woredas (50 villages) received the intervention, while 5 woredas (25

villages) served as controls. This design enabled comparative analysis of treatment

effects while retaining the original sample for panel data purposes.

The 20 selected woredas and 100 villages span diverse agroecological zones, rainfall

patterns, farming systems, and irrigation practices, ensuring broad representativeness of

Ethiopia’s agricultural landscapes. Reflecting dominant land-use and agroecological

classifications across the five regions, this diversity provided a suitable context for a

tailored information intervention targeting farm households. The experiment promoted

the adoption of CA practices—minimum tillage, crop residue management, and crop

rotation—implemented individually or in combination.

As argued by Ferraro and Agrawal (2021), harmonized experiments using RCTs

across multiple sites enhance both internal and external validity and reduce biases

commonly associated with small-scale observational studies. The design adopted here

aligns with this approach, leveraging Ethiopia’s ecological and institutional

heterogeneity to generate policy-relevant insights on the adoption and effectiveness of

sustainable agricultural practices.

2.3.2 Experimental Design

The experiment assesses the impact of tailored information on CA practices to

improve land productivity and farmers’ welfare, benefiting both households and the

broader community. Although the technologies differ, this study employs a technological

learning framework similar to that of Hanna et al. (2014), who showed that providing

farmers with information on technology returns—supplemented by individual-specific

yield data—can drive behavioral change and increase adoption.

In this study, net farm incomes were projected for plots with specified characteristics,

assuming full adoption of recommended CA practices, including minimum tillage, crop



18 Chapter 2. Enhancing Agricultural Productivity through Tailored Information on
Conservation Practices: Evidence from Ethiopia

Fig. 2.1 Locations of sample households in treatment and control villages

Figure 2.1 presents the geographic distribution of the sample villages across 20 woredas
in the Ethiopian Blue Nile Basin, covering a total of 100 villages surveyed during the
2015–2017 period. The woredas are listed at the bottom of the figure under Panel (b).
Panels (a) and (b) illustrate the spatial distribution of these villages across the five regions
intersecting the basin: Tigray, Amhara, Oromia, Benishangul-Gumuz, and SNNP. In
Panel (a), yellow dots indicate the locations of the sampled woredas. In the subsequent
follow-up surveys conducted in 2019 and 2021, the sample was expanded to include 35
woredas by incorporating 15 additional woredas across various regions. These newly
included woredas are Tarma-ber, Dera, Dembia, Gidan, Efrata-ena-Gidim, Menge, Guto
Gida, Ejere (Adis Alem), Sasiga, Wayu Tuka, Gobu Seyo, Jeldu, Goma, Wuchale, and
Endegagn. This expansion aimed to enhance the geographic and agroecological coverage
of the study, thereby increasing the external validity of the analysis and allowing for a
more comprehensive assessment of the intervention across diverse farming systems and
environmental conditions.

residue retention, and legume-based crop rotation. The intervention was implemented

at the village level, providing tailored information to farmers based on their partial or

non-adoption of these practices.

Although Hanna et al. (2014) focused on raising seaweed farmers’ awareness of a

specific, previously unrecognized productivity factor (pod size), both studies share the

common objective of addressing information gaps that constrain adoption decisions.

Both utilize targeted information interventions to improve farmers’ understanding of key

factors influencing productivity and technology adoption. Thus, the fundamental

similarity lies in employing information provision as a behavioral catalyst to overcome
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knowledge constraints and stimulate the adoption of beneficial agricultural technologies,

ultimately enhancing productivity and livelihoods.

The tailored information intervention focused on achieving full adoption of three CA

practices, motivated by the observed benefits, particularly in net farm income, resulting

from full adoption compared to partial or no adoption. The experiment, conducted in two

phases before each cereal crop planting season, assessed adoption rates for each household

to provide tailored information. Encouraging farmers to adopt these practices targets

to increase farm incomes and land productivity, often surpassing projected values based

on each farm plot’s slope and soil fertility characteristics, as shown in the posters in

Figure 2.2, and detailed in Appendix A Figures A.1 (written information) and A.2 (visual

information), along with estimated net incomes across various farm plots.

Fig. 2.2 Tailored information posters

In Figure 2.2, tailored information communication focuses on farm plot characteristics such as
steepness and soil fertility in cereal crop cultivation. The four panels depict plots with varying soil
fertility and landscape/slope, showing the potential percentage changes in target outcomes after adopting
the recommended CA practices. Panel (a) represents fertile soil with a flat landscape, panel (b) shows a
fertile, steep plot, panel (c) illustrates a less fertile, flat plot, and panel (d) depicts a less fertile, steep plot.

The present study employs a plot-specific treatment design (see Figure 2.2 and

Appendix A, Figures A.1 and A.2, pages 144 and 145, respectively) that explicitly

accounts for variations in landscape features and soil fertility. This approach enables the

targeted promotion of tailored CA practices to increase agricultural productivity and

improve environmental sustainability at the micro-level. By integrating biophysical

heterogeneity into the treatment assignment, the study aims to generate more precise

estimates of the benefits associated with context-specific CA adoption, thereby

enhancing the relevance and effectiveness of recommended practices across diverse

agroecological conditions.
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The four sets of posters used in the intervention conveyed tailored information based

on key plot characteristics—soil fertility and slope, which are critical determinants of

agricultural productivity and management practices. Specifically, the posters depicted

four categories: fertile-flat, fertile-steep, less fertile-flat, and less fertile-steep plots. Each

visual illustrated the recommended CA practices most suitable for those specific

conditions, such as minimum tillage, crop residue retention, and crop rotation, alongside

their anticipated benefits.

To enhance farmers’ understanding and motivation, the posters presented projected

net benefits of adopting Conservation Agriculture practices across four plot types

categorized by soil fertility and slope (fertile-flat, fertile-steep, less fertile-flat, and less

fertile-steep). These projections were derived from modeled estimates of yield gains and

cost savings, calibrated using 2013 household survey data from a separate study in the

Ethiopian Blue Nile Basin. The estimated percentage changes in benefits were

corroborated by peer experiences, ensuring the information was evidence-based and

locally relevant.

Tailored information was disseminated based on key farm characteristics—soil

fertility and plot topography—to address knowledge gaps through practical,

context-specific recommendations. This approach aligns with behavioral economics

principles that suggest personalized and relatable information enhances comprehension

and uptake. By framing the benefits of CA adoption in terms familiar to farmers’ land

conditions, the intervention sought to promote broader and more informed adoption of

sustainable practices across diverse farming systems.

To enhance accessibility and inclusivity, the information was disseminated through

both written and visual formats, ensuring effective communication across diverse literacy

levels. It was prepared in three languages, namely Amharic, Afan Oromo, and Tigrigna,

to facilitate comprehension and engagement among farmers in their native languages.

Additionally, farm-specific recommendations were translated into English, with the

corresponding written information presented in Appendix A, Figure A.1 on page 144,

while the visual representation in Amharic is provided in Appendix A, Figure A.2 on

page 145.

Farm households were encouraged to adopt the recommended technologies most

relevant to their specific plots through tailored information. Posters effectively convey

tailored information on recommended CA technologies, using clear visuals to help
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farmers understand and adopt the practices. This approach also allows for comparison

with past results, aiding the assessment of the intervention’s impact and progress over

time. The process effectively summarizes the benefits to farmers by detailing the

percentage increase in net farm incomes per hectare that results from the full adoption of

suggested CA practices. This approach provides clear insights into the financial impact

of these practices on farmers’ productivity. Furthermore, control farmers reside in 25

villages, geographically distinct from the 25 treatment villages. These control farmers

did not receive any tailored information or plot-level poster demonstrations, allowing for

a clear comparison between those exposed to the intervention and those who were not.

Fig. 2.3 Tailored information rollout schedule for maize growers

Figure 2.3 illustrates the activity timeline designed to promote the adoption of recommended CA
practices through targeted information delivery for maize farmers. The planting and adoption period runs
from March to August, followed by harvest, typically from November to January.

Figure 2.3 presents the timing and implementation of the activities in the experiment

for maize-growing farm households. The number of maize producers fluctuates across

survey years as farmers implement crop rotation, a key CA practice (Giller et al., 2009;

Pittelkow et al., 2015a). Driven by soil fertility, markets, inputs, and climate variability,

crop rotation and diversification strategies sustain yields, enhance soil health, and reduce
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environmental and economic risks (A. H. Kassam et al., 2016). Consequently, rather

than specializing in maize cultivation, farmers adapt their cropping decisions dynamically,

selecting cereal crops based on prevailing conditions. This adaptability results in variations

in the number of maize growers over time, as shown in Figure 2.3.

The intervention in each agricultural production season consists of two main periods

with distinct activities. The first involves a tailored information communication period

in the first six months of an agricultural season, September to February. The second

period consists of the next six months, March to August, of the crop production season,

when farmers are engaged in planting and adoption activities. The tailored information

communication also overlaps with the survey periods, during which farmers visited twice

during the pre-harvest and post-harvest agricultural production seasons. This allows us

to notice the adoption of CA practices when they are most visible. Hence, our fieldwork

spanned from September to February across multiple seasons, involved in the tailored

information delivery experiment, covering the years 2015 (Baseline and first phase

treatment), 2016 (Midline), 2017 (Endline), and follow-up surveys in 2019 and 2021.

The livestock questionnaire and post-planting visit were conducted from September to

November, while the household and post-harvest agriculture questionnaires were

administered from December to February, aligning with the recording of agricultural

output data.

2.4 Data

2.4.1 Survey Design and Administration

This section provides an overview of the household survey that underpins the

empirical analysis in this study. The data were collected through a structured panel

survey implemented in collaboration with the Ethiopia Policy Studies Institute (PSI),

formerly the Ethiopian Development Research Institute (EDRI), with financial support

from the Swiss National Science Foundation. The survey aimed to evaluate how targeted

information provision influences the adoption of CA practices and their effects on

productivity among smallholder farmers.

To capture Ethiopia’s agro-ecological diversity, the survey used woreda- and

village-level stratified sampling, enhancing external validity and enabling analysis of

heterogeneous impacts. It combined experimental variation in information provision
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with panel data to estimate the medium-term effects of CA adoption. The focus on

information reflects evidence of its importance as a behavioral and institutional

constraint. The author contributed to data analysis and interpretation but was not

involved in the survey’s design or implementation.

The baseline survey, first-phase treatment, second-phase treatment, and endline

survey were conducted in 2015, 2016, and 2017, respectively, with follow-up rounds

administered in 2019 and 2021. The detailed timeline and implementation of the

experimental design are presented in Figure 2.3. By integrating experimental variation

in information exposure with longitudinal household data, the survey enables credible

estimation of the medium-term impacts of CA adoption on both uptake and

productivity. The comprehensive and context-sensitive design of the survey provides a

strong basis for causal inference and offers valuable evidence to inform policy and

practice in sustainable agriculture.

2.4.2 Baseline Balance Checks

Table 2.1 primarily draws from the baseline household survey of the Blue Nile Basin,

providing insights into agricultural practices and socio-economic conditions. The

intervention includes three-panel waves (2015–2017) and two follow-up surveys (2019,

2021) for longitudinal impact analysis. A rapid baseline survey was conducted alongside

the first treatment phase (Sept-Dec 2015), followed by an end-line assessment in 2017 to

evaluate initial outcomes. The experiment spanned two agricultural seasons, allowing

consideration of variations in weather, soil conditions, and farming practices across

diverse environments. Follow-up surveys in 2019 and 2021 helped examine long-term

impacts, track progress, and refine subsequent interventions. Figure 2.3 outlines the

timeline and key activities of the experiment.

The data includes information on CA adoption, maize production, household

characteristics, resource endowments, and over 30 years of climate data from CHIRPS.

Follow-up surveys in 2019 and 2021 with the same households assessed farmers’

knowledge and implementation of CA practices, allowing for long-term impact analysis.

These surveys examined technology adoption, recall of informational materials, and

behavioral changes over six years, offering insights into the dynamic effects of tailored

information on adoption, productivity, and well-being.

Table 2.1 presents the baseline balance checks for the outcome variable and additional

controls. The primary focus is on evaluating the impact of the full CA adoption on maize
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land productivity. Full CA adoption is a binary variable, with “1” indicating the adoption

of all three CA practices (minimum tillage, crop rotation, and crop residue retention) in

treatment villages and “0” indicating no adoption in control villages. The comparison

groups are “full adopters in treatment villages” versus “non-adopters in control villages.”

Maize land productivity is measured as the ratio of total yield (quintals) to plot area

(hectares). CA practices are particularly effective for maize among the five cereals.6

Table 2.1 Baseline balance checks

Full Sample Treatment Control Mean Difference
(1) (2) (3) (4)

Maize land productivity (quintal/ha) 29.053 28.538 30.215 -1.677
(19.34) (19.19) (19.71) (2.113)

CA partial adoption (1=yes) 0.896 0.886 0.917 -0.031
(0.306) (0.318) (0.276) (0.033)

CA full adoption (1=yes) 0.056 0.059 0.050 0.009
(0.230) (0.235) (0.218) (0.025)

Gender (1=Male) 0.858 0.850 0.876 -0.026
(0.350) (0.358) (0.331) (0.038)

Household size (number) 6.505 6.385 6.777 -0.392
(2.239) (2.198) (2.315) (0.244)

Average age (years) 25.452 24.948 26.588 -1.640
(9.493) (9.236) (9.996) (1.035)

Highest education (years) 8.036 7.846 8.463 -0.617∗

(3.405) (3.487) (3.183) (0.371)
Non-farm income (1=yes) 0.236 0.223 0.264 -0.041

(0.425) (0.417) (0.443) (0.046)
Credit access (1=yes) 0.482 0.440 0.579 -0.139∗∗

(0.500) (0.497) (0.496) (0.054)
Tenure security (1=yes) 0.741 0.799 0.612 0.187∗∗∗

(0.439) (0.402) (0.489) (0.047)
Migration (1=yes) 0.424 0.414 0.446 -0.032

(0.495) (0.493) (0.499) (0.054)
Observations 394 273 121 394

The standard errors are in parentheses, and asterisks indicate significance at the ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%
levels.

Control variables include household characteristics (such as gender, household size,

average age, and highest education level), economic and social factors (including non-farm

income, access to credit, tenure security, and migration status), and the area of maize

plots to measure land productivity. Village-level factors, such as average rainfall during

the summer, spring, and across all seasons, are included to account for climatic influences.

These variables enable the assessment of the impact of CA practices by controlling for

external factors.

The differences in most control variables between farmers in the treatment and

control villages (shown in column (4) of Table 2.1) are small and statistically
6 The five main cereal crops include maize, wheat, teff, barley, and sorghum.
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insignificant, indicating that the groups are comparable. However, there are a few

exceptions: farmers in treatment villages tend to have lower education levels and less

access to credit, with significant differences at the 10% and 5% levels, respectively.

These disparities, likely reflecting pre-existing conditions, are vital to consider as they

could influence the adoption and effectiveness of CA practices.

On the other hand, farm households in the treatment villages exhibit greater tenure

security for their plots, with the mean difference being statistically significant at the 1%

level. This increased tenure security promotes sustainable practices like CA, as secure

land rights are typically associated with a greater willingness to invest in long-term land

improvement. These differences highlight the importance of factoring in tenure security,

as this existing situation could influence both CA adoption and productivity outcomes.

2.5 Empirical Strategy

2.5.1 Tailored Information

Tailored information for CA offers personalized guidance based on farmers’ unique

conditions. Research highlights the importance of context-specific strategies and

experimental designs in boosting CA adoption. However, no long-term study has

concurrently assessed CA adoption and its economic impact. Such research could

provide vital insights into CA’s effects on productivity and broader economic outcomes,

helping policymakers promote sustainable farming practices.

Studies show that context-specific information enhances CA adoption. Giller et al.

(2009) found that farmers adopt CA more with tailored advice, while Gibbon (2012)

emphasized the importance of designing knowledge transfer to suit local conditions to

overcome skepticism and knowledge gaps.

Moreover, tailored information is crucial for maximizing CA benefits. Pittelkow et

al. (2015a) showed that context-specific guidance improves outcomes like soil fertility and

moisture retention, boosting adoption and ensuring sustainability across different settings.

In conclusion, it helps overcome barriers and adapts CA practices to local conditions.

RCTs using tailored information are crucial for estimating CA adoption and its

economic benefits by providing plot-specific, personalized guidance to overcome adoption

barriers and enhance recommendation relevance. A framed field experiment in northern

Ghana evaluated strategies to promote CA adoption. The results showed that incentives
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significantly boosted adoption during and after their provision, while peer information

had no significant effect (Ambler et al., 2023). Additionally, a non-experimental study in

Southern Africa used a multivariate probit model and other methods to analyze data

from thousands of households, identifying key drivers and barriers to CA adoption.

Despite its benefits, smallholder adoption remained low, highlighting the need for

tailored strategies (Tufa et al., 2023).

Therefore, this experimental study contributes to the literature by offering a tailored,

personalized approach to promoting CA adoption and its effects on agricultural

productivity. By focusing on plot-specific factors like soil type, slope, resources, and

agroecological conditions, it offers evidence-based recommendations to enhance the

adoption of CA practices. The study encourages sustainable practices like no-till

farming, crop rotation, and residue management, which improve productivity, soil

health, and climate resilience, supporting long-term regional and broader sustainability.

2.5.2 Method

Various sources highlight the crucial role of randomization in reducing selection bias

and strengthening causal inference in Randomized Controlled Trials (RCTs). As the

most rigorous method for establishing causality, RCTs eliminate baseline selection bias by

randomly assigning subjects to treatment and control groups (Imbens and Rubin, 2015;

Alexander et al., 2015) and additionally provide the most robust scientific evidence for

policy and practice, overcoming spurious causality and bias (Schulz and Grimes, 2002).

This ensures that the only systematic difference between treatment and control groups is

the treatment itself.

In observational conservation studies, factors like soil fertility, farmer abilities, and

institutional influences can bias treatment effect estimates. Randomization helps

identify effective conservation practices by isolating treatment effects from these

confounders. RCTs are essential for establishing causal relationships in human-natural

systems and evaluating conservation policies (Ferraro et al., 2019). Without causal

inference, sustainability efforts may misidentify drivers of environmental change,

misallocate resources, and implement ineffective policies with unintended consequences.

As such, RCTs provide rigorous estimates that clarify the effectiveness of interventions

in complex systems (Ferraro and Hanauer, 2014a).
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Reduced-form analyses alone are insufficient for establishing causality in

sustainability science. To understand interventions’ impact, we must examine the

pathways to medium- and long-term outcomes, requiring a design that identifies causal

effects and explores underlying mechanisms. Additionally, follow-up monitoring is

crucial for capturing outcomes over time and obtaining medium- and long-term

estimates. This design not only deepens our understanding but also strengthens

sustainability strategies. Thus, the research should incorporate a causal framework that

clarifies the pathways from intervention to outcome (Pittelkow et al., 2015a; Ferraro and

Hanauer, 2014a; Ferraro et al., 2019; Barrett, 2021). As illustrated in Figure 2.4, this

approach ensures a comprehensive analysis of both mechanisms and causal pathways.

Fig. 2.4 Research Design and Causal Framework

Instrumental Variables (IV) and Intent-to-Treat (ITT) are key methods in

experimental design for addressing non-compliance. IV uses an external variable to

estimate causal effects despite non-compliance, while ITT analyzes participants based on

their original treatment group, preserving randomization and providing unbiased

estimates. Both methods ensure accurate causal inference in studies with imperfect

compliance. Using ITT and IV methods in conservation agriculture research ensures

robust, unbiased intervention evaluations, offering valuable policy insights.

The ITT principle is crucial in research areas like conservation agriculture, where

accurately evaluating treatment effects is essential. It ensures unbiased estimates by

analyzing participants based on their original group assignments, regardless of

adherence. ITT preserves randomization, reduces biases from non-compliance and

dropouts, and enhances the generalization of findings for real-world policy decisions.

This method strengthens causal inference by preventing biases from self-selection,

attrition, or non-compliance, making results more reliable for policy applications
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(Pathak et al., 2024; Molero-Calafell et al., 2024; Ahn and Kang, 2023).

In RCTs, non-compliance can bias treatment estimates, and IV methods strengthen

causal inference by addressing unmeasured confounding (Bastardoz et al., 2023). IV

techniques use external variables that influence treatment assignment but not outcomes,

estimating causal effects among compliers. IV methods are applied in conservation

programs to manage non-compliance and confounding. They estimate the Local Average

Treatment Effect (LATE), with randomization acting as an IV (Cook et al., 2018;

Brookhart et al., 2010). Additionally, Richardson et al. (2023) highlights IV’s role in

trials with nonadherence, offering methods that do not rely on the exclusion restriction

assumption. When non-compliance is significant, random assignment can serve as an IV

to estimate LATE, mitigating selection bias and endogeneity. This two-stage least

squares (2SLS) approach uses treatment assignment as an exogenous instrument for

actual treatment uptake. IV methods not only correct for non-compliance but also

reveal the mechanisms of causality, particularly in contexts with around 60%

compliance. IV uses exogenous variation in treatment assignment to clarify direct and

indirect effects, enhancing policy insights and program design.

In the analysis, the study applies both specifications. The ITT estimate is:

ITT =
1
N

∞∑
n=1

(Yi(traetment) − Yi(control)) (2.1)

Where N is the number of participants and Yi and Yi represent the observed outcomes

in treatment and control groups.

To conduct an IV estimate, we follow these steps:

Step 1: Choose the Instrument (Z): In an RCT, treatment assignment (randomized

encouragement or ITT) serves as a natural instrument, impacting treatment receipt but

affecting the outcome only through treatment.

Step 2: Check Instrument Validity:

Relevance: The instrument must strongly predict the treatment received, verified by the

first-stage regression:

Ti = π0 + π1Zi + εi (2.2)

In Equation 2.2, Ti represents the actual treatment received, while Zit denotes the

assigned treatment.
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Exogeneity (Exclusion Restriction): The instrument should affect the outcome only

through treatment, not other pathways.

Step 3: Estimate Treatment Effect (Second Stage): Using Two-Stage Least Squares

(2SLS): Stage 1: Predict actual treatment using assignment:

T̂i = π0 + π1Zi + εi (2.3)

Stage 2: Use predicted treatment to estimate the outcome:

Yi = β0 + β1T̂i + ui (2.4)

Here, β1 in Equation 2.4 represents the IV estimate of the Local Average Treatment Effect

(LATE).

Step 4: Interpret Results: The IV estimate corrects non-compliance bias but applies

only to compliers.

Equations 2.5 and 2.6 present the ITT and IV estimates. Equation 2.5 captures

the overall effect on maize productivity for all farmers, while Equation 2.6 isolates the

causal impact for adopters, offering a focused evaluation of the intervention’s effectiveness.

Together, they provide a complete view of the intervention’s impacts.

ln(Productivity)it = β0 + γTreatit + βiXit + ηt + µi + ϵit (2.5)

ln(Productivity)it = β0 + δAssignv + βiXit + ηt + µi + ϵit (2.6)

Treatit denotes full adoption of all three CA elements (minimum tillage, crop rotation,

and crop residue retention) by household i at time t, taking a value of 1 if adopted

and 0 otherwise. Assignv represents the random treatment assignment to village v and

serves as an instrument for CA uptake in the ITT equation. The ITT and IV impact

estimators are γ and δ, respectively. βi are coefficients for household characteristics X ′s to

enhance treatment effect precision. ηt and µi account for time-specific and household-level

variations, respectively, while ϵit is the random error term. All estimations use robust

standard errors clustered at the district level.
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2.6 Results and Discussion

2.6.1 Main Results

2.6.1.1 Effects of Treatment on CA Adoption among Maize Farmers

Table 2.2 presents the first-stage estimation, examining the impact of the treatment

on the adoption of CA among maize farmers. This analysis provides insights into how

exposure to tailored information and support influences farmers’ decision-making and

uptake of CA practices.

Table 2.2 Tailored information and CA adoption for maize growers

T=1 (2015) T=2 (2015 & 2016)T=3 (2015-2017) T=5 (2015-2021)
Dept var: CA uptake (1=yes) (1) (2) (3) (4) (5) (6) (7) (8)
Treatment 0.165∗∗∗ 0.143∗∗∗ 0.384∗∗∗ 0.395∗∗∗ 0.493∗∗∗ 0.462∗∗∗ 0.533∗∗∗ 0.473∗∗∗

(0.052) (0.053) (0.033) (0.033) (0.025) (0.025) (0.018) (0.018)
HH head gender 0.032 -0.025 0.013 0.009

(0.061) (0.045) (0.036) (0.028)
Household size -0.035∗∗∗ -0.014∗ -0.017∗∗∗ -0.017∗∗∗

(0.012) (0.009) (0.007) (0.005)
HH highest education 0.019∗∗∗ 0.014∗∗∗ 0.008∗ 0.003

(0.007) (0.005) (0.004) (0.003)
HH average age -0.003 -0.002 -0.003∗ -0.003∗∗∗

(0.003) (0.002) (0.001) (0.001)
Off-farm income -0.016 -0.002 -0.018 0.025

(0.047) (0.034) (0.028) (0.019)
Credit access 0.080∗∗ 0.069∗∗ 0.036 0.021

(0.040) (0.029) (0.024) (0.017)
Tenure security -0.147∗∗∗ -0.122∗∗∗ -0.096∗∗∗ -0.124∗∗∗

(0.048) (0.036) (0.030) (0.026)
Migration 0.005 -0.017 -0.027 -0.035∗

(0.042) (0.030) (0.025) (0.018)
Average rainfall (summer) -0.001∗∗ 0.002∗∗∗ 0.002∗∗∗ 0.003∗∗∗

(0.001) (0.000) (0.000) (0.000)
Average rainfall (spring) -0.000 -0.001∗∗ -0.001∗∗ -0.002∗∗∗

(0.001) (0.001) (0.000) (0.000)
Year (reference year=2015)

2016 0.391∗∗∗ 0.399∗∗∗ 0.371∗∗∗ 0.383∗∗∗ 0.363∗∗∗ 0.384∗∗∗

(0.030) (0.029) (0.028) (0.028) (0.027) (0.026)
2017 0.303∗∗∗ 0.318∗∗∗ 0.289∗∗∗ 0.317∗∗∗

(0.029) (0.030) (0.028) (0.028)
2019 0.386∗∗∗ 0.288∗∗∗

(0.027) (0.033)
2021 0.290∗∗∗ 0.299∗∗∗

(0.028) (0.029)
Constant 0.178∗∗∗ 0.750∗∗∗ 0.137∗∗∗ -0.096 0.117∗∗∗ -0.054 0.109∗∗∗ -0.216∗∗∗

(0.022) (0.176) (0.021) (0.126) (0.020) (0.100) (0.019) (0.079)
Additional controls — ✓ — ✓ — ✓ — ✓
Number of observations 394 394 794 794 1163 1163 1974 1974
F-value 10.012 4.868 196.058 37.426 255.721 64.261 269.925 108.000
Prob > F 0.002 0.000 0.000 0.000 0.000 0.000 0.000 0.000
R-squared 0.025 0.123 0.331 0.365 0.398 0.421 0.407 0.453

In all instances, the regression analysis utilizes pooled ordinary least squares (POLS). Standard errors in
parentheses. ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%.
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Specifically, Table 2.2 presents four estimations assessing the impact of tailored

information on CA adoption over one to five seasons. With full controls, adoption rates

range from 0.143 to 0.473, a significant difference at the 1% level. Hence, this highlights

the importance of tailored information in promoting CA practices. By including time as

a control variable, the analysis isolates the true impact of the intervention, providing

insights into how tailored information drives CA adoption over time.

Appendix Table A.1 also presents the first-stage estimation of CA practice adoption

across all five major cereal crops, including maize. The results show that the treatment

positively impacts adoption rates for all crops, not just maize, highlighting the

intervention’s effectiveness across diverse cereals. This consistency underscores the

robustness of tailored CA information as a strategy for improving agricultural

productivity and sustainability, regardless of crop type.

2.6.1.2 Treatment Effects on Maize Productivity

The decision to begin with maize reflects strong empirical evidence that it responds

more consistently and positively to CA than other cereals. This is mainly due to its

physiological traits and greater sensitivity to improvements in soil moisture, nutrient

availability, and structure—benefits amplified under CA in rainfed and drought-prone

areas (Zerihun et al., 2014; Christian Thierfelder et al., 2013; Thierfelder and Wall, 2010).

A. Kassam et al. (2019) also notes that maize’s longer growing season and responsiveness

to soil water conservation make it particularly well-suited to CA. Thus, the analysis starts

with maize to capture the core productivity effects of CA systems.

Table 2.3 presents the estimates of the IV and ITT impacts of fully adopting CA

practices on maize land productivity. The results show that households implementing

CA practices consistently achieve higher productivity than those in control villages,

highlighting the positive effect of CA on agricultural productivity and sustainability.

Specifically, on average, maize-growing households in the treatment group harvested

about 18% more maize yield than control households, exceeding the baseline control

average of 2,994 kg/ha, which is evidence of increased productivity.

In particular, Table 2.3 presents the IV estimates in columns (1)-(4) and the

corresponding ITT estimates in columns (5)-(8), all following a similar structure of

control variables. Columns (1) and (5) represent baseline regressions, including the

treatment variable, household, and time-fixed effects. Columns (2) and (6) expand the
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Table 2.3 Conservation Practices & Maize Land Productivity: IV & ITT Estimates

Dependent variable: ln(Maize land productivity)
(1) (2) (3) (4) (5) (6) (7) (8)

Treatment: IV 0.169∗∗ 0.173∗∗ 0.177∗∗ 0.182∗∗∗

(0.072) (0.072) (0.069) (0.067)

Treatment: ITT 0.098∗∗ 0.100∗∗ 0.102∗∗ 0.105∗∗∗

(0.041) (0.042) (0.040) (0.039)

Household FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — ✓ ✓ ✓ — ✓ ✓ ✓
Improved seed — — ✓ ✓ — — ✓ ✓
Avg. rainfall (mm) (summer & spring) — — — ✓ — — — ✓
Number of observations 1962 1962 1962 1962 1962 1962 1962 1962

Source: Nile Basin five-wave panel data: 2015, 2016, 2017, 2019, 2021.
The regressions include IV estimates based on random village assignments within a district. Columns (1)
and (5) show baseline regressions with the treatment variable, household, and time-fixed effects. Columns
(2)–(4) report IV estimates with varying controls, while Columns (6)–(8) present ITT estimates with a similar
control structure. Controls include household size (number), average age (years), highest education (years),
improved seed use, CA partial practice, non-farm income, credit access, tenure security, and migration status
(all dummies except where noted in the bracket). Constants are not reported. District-level multi-way
clustered robust standard errors are in parentheses. Statistical significance: ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%.

model by adding additional control variables. Columns (3) and (7) incorporate improved

seed adoption as a control to examine whether technology adoption drives productivity

improvements more than the treatment variable. Finally, columns (4) and (8) include

full specifications of controls by adding average rainfall as an additional control,

providing a more comprehensive understanding of the factors influencing productivity.

Furthermore, the long-term impact of the intervention remains substantial, with

instrumented average maize productivity consistently about 17% to 18% higher in

treatment villages compared to control villages, even after accounting for various control

variables. These results demonstrate the intervention’s effectiveness in enhancing

productivity over time, and the findings remain robust with the inclusion of additional

controls, reinforcing the reliability of the observed impact. These enduring

improvements in productivity suggest the intervention’s substantial role in building

resilience and fostering sustainable maize production practices. The continued

productivity increases enhance food security and contribute to long-term agricultural

stability, safeguarding the livelihoods of participating households. As a result, this

sustained productivity increase drives the economic well-being of farmers while paving

the way for a more stable and prosperous future, fostering broader community

development and long-term sustainability.
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Robustness checks validate the impact estimates of tailored information on technology

adoption and land productivity among maize farmers, with results remaining consistent

after controlling for extensive covariates and fixed effects.

2.6.2 Evidence on Differential Cereal Crop Responses

The subsequent analysis across all cereal crops is not a robustness check but a

complementary assessment to evaluate whether CA benefits extend beyond maize.

While maize is often cited as the most responsive crop to CA, the comparable or greater

effects observed on other cereals in this study indicate significant heterogeneity in

crop-level responses.

Table 2.4 presents the estimated impacts of the treatment on agricultural productivity

across all cereal crops, including maize. On average, treatment households harvested

19% more cereal crops than control households, surpassing the baseline control mean

of 2,459 kg/ha, highlighting the lasting impact of tailored information interventions on

productivity. The results align closely with those observed for maize-growing farmers,

indicating that the intervention’s effect is not limited to a single crop but extends to other

cereals. The estimations follow the same rigorous structure, incorporating both control

variables, IV, and ITT estimation approaches, ensuring consistency and robustness in the

findings.

Table 2.4 Conservation Practices & Land Productivity: IV & ITT Estimates for all Cereals

Dependent variable: ln(land productivity) - all cereals
(1) (2) (3) (4) (5) (6) (7) (8)

Treatment: IV 0.184∗∗∗ 0.179∗∗ 0.180∗∗ 0.190∗∗

(0.069) (0.076) (0.076) (0.075)

Treatment: ITT 0.118∗∗∗ 0.115∗∗ 0.115∗∗ 0.122∗∗

(0.044) (0.049) (0.048) (0.048)

Household FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — ✓ ✓ ✓ — ✓ ✓ ✓
Improved seed — — ✓ ✓ — — ✓ ✓
Average rainfall (mm) (all seasons) — — — ✓ — — — ✓
Number of observations 3181 3174 3174 3174 3181 3174 3174 3174

Source: Nile Basin five-wave panel data: 2015, 2016, 2017, 2019, 2021.
The regressions include IV estimates based on random village assignments within a district. Columns (1)
and (5) show baseline regressions with the treatment variable, household, and time-fixed effects. Columns
(2)–(4) report IV estimates with varying controls, while Columns (6)–(8) present ITT estimates with a similar
control structure. Controls include household size (number), average age (years), highest education (years),
improved seed use, CA partial practice, non-farm income, credit access, tenure security, and migration status
(all dummies except where noted in the bracket). Constants are not reported. District-level multi-way clustered
robust standard errors are in parentheses. Statistical significance: ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%.
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The impact ranges from 17.9% to 19% for IV estimates, highlighting a significant

increase in productivity when considering additional controls. ITT estimates show a

slightly lower impact of 11.5% to 12.2%, reflecting the effects across the entire sample,

including non-compliance. These findings highlight the broader applicability of CA

practices across diverse cropping systems and confirm the positive, differentiated

impacts of tailored agronomic information on productivity and sustainability. The

consistency of results across IV and ITT approaches further reinforces the reliability of

the evidence, providing robust support for policy and program interventions.

2.6.3 Mechanisms

As the literature suggests, CA enhances productivity and rural livelihoods by

improving soil health, reducing costs, and promoting sustainable land use. Practices like

minimum tillage, crop rotation, and residue retention conserve moisture, replenish

nutrients, and build organic matter. Additionally, CA mitigates environmental

degradation, lowers labor demands, and strengthens climate resilience, making it

essential for food security and rural economic stability. These benefits position CA as a

key strategy for sustainable agriculture and long-term socio-economic development.

For instance, according to Giller et al. (2009), CA practices enhance soil fertility,

increasing crop yields while reducing labor costs through more efficient farming

methods. Minimum tillage maintains soil structure and moisture, while crop rotation

restores essential nutrients, decreasing reliance on synthetic fertilizers (Giller et al.,

2009). Additionally, retaining crop residues improves soil organic matter, promoting

long-term soil health and sustainability (Diacono and Montemurro, 2011). These

benefits collectively enhance farm productivity, profitability, and food security,

positioning CA as a vital approach for resilient and sustainable agriculture.

Consequently, the results in Tables 2.5 and 2.6 confirm that CA enhances soil

fertility and reduces labor demand on farm plots. By minimizing soil disturbance, CA

improves structure, moisture retention, and organic matter content while promoting

natural nutrient cycling through crop rotation and residue retention. Reduced tillage

and natural weed suppression minimize labor demands, decreasing production costs

while enhancing long-term agricultural sustainability. These findings align with existing

research, reinforcing CA’s role in increasing productivity and long-term sustainable

farming.
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Table 2.5 CA Practices & Soil Fertility: IV & ITT Estimates

Dependent variable: Soil Fertility (dummy: 1=fertile)
(1) (2) (3) (4) (5) (6) (7) (8)

Treatment: IV 0.145∗∗∗ 0.163∗∗ 0.162∗∗ 0.163∗∗∗

(0.053) (0.072) (0.072) (0.051)

Treatment: ITT 0.104∗∗∗ 0.116∗∗ 0.116∗∗ 0.116∗∗∗

(0.038) (0.051) (0.052) (0.037)

Household FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — ✓ ✓ ✓ — ✓ ✓ ✓
Improved seed — — ✓ ✓ — — ✓ ✓
Average rainfall (mm) (summer & spring) — — — ✓ — — — ✓
Number of observations 1152 1152 1152 1152 1152 1152 1152 1152

Source: Nile Basin five-wave panel data: 2015, 2016, 2017.
The regressions include IV estimates based on random village assignments within a district. Columns (1) and
(5) show baseline regressions with the treatment variable, household, and time-fixed effects. Columns (2)–(4)
report IV estimates with varying controls, while Columns (6)–(8) present ITT estimates with a similar control
structure. Controls include household size (number), average age (years), highest education (years), improved
seed use, CA partial practice, non-farm income, credit access, tenure security, and migration status (all
dummies except where noted in the bracket). Constants are not reported. District-level multi-way clustered
robust standard errors are in parentheses. Statistical significance: ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%.

The estimations in Tables 2.5 and 2.6 cover three intervention periods: 2015, 2016, and

2017. IV estimates indicate that soil fertility in treatment villages is, on average, 0.145 to

0.163 higher than in control villages, highlighting the positive impact of CA practices.

Table 2.6 presents the estimated effects of the treatment on the daily allocation of

labor hours to agricultural activities. The results illustrate variations in labor input across

treatment and control groups, providing insights into the impact of the intervention on

household labor allocation patterns. The distribution of daily labor hour allocation in

the data exhibits positive skewness, with a minimum of 0 (observed in 13 households),

a maximum of 14.17 hours per day, and an average of 4.26 hours per day. Therefore,

this indicates that approximately 50% of households dedicate around 4 hours per day to

agricultural activities, reflecting a concentration of labor input around the median, with

a smaller proportion of households allocating significantly higher hours.

The results in Table 2.6 show that farmers in treatment villages use significantly less

labor than those in control villages, with reductions averaging over 27%, ranging from

27.5% to 27.9% across model specifications. This consistent decline highlights a key

advantage of CA: its potential to lower labor demands in smallholder farming systems.

In addition to enhancing soil health and productivity, CA practices—through reduced

tillage and efficient crop management—significantly lower labor demands, a key
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advantage in labor-scarce or high-cost settings. This dual benefit strengthens

environmental sustainability and economic efficiency, supporting CA as a scalable,

resilient strategy for sustainable intensification in climate-vulnerable, labor-constrained

contexts.

Table 2.6 CA Practices & labor use: IV & ITT Estimates

Dependent variable: ln(1 + HH average adult labor use (hours/day)a)
(1) (2) (3) (4) (5) (6) (7) (8)

T reatment: IV -0.279∗∗∗-0.277∗∗∗-0.276∗∗∗-0.275∗∗

(0.100) (0.099) (0.100) (0.112)

T reatment: ITT -0.171∗∗∗-0.169∗∗∗-0.169∗∗∗-0.168∗∗

(0.061) (0.061) (0.061) (0.068)

Household FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Time FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — ✓ ✓ ✓ — ✓ ✓ ✓
Improved seed — — ✓ ✓ — — ✓ ✓
Average rainfall (mm) (summer & spring) — — — ✓ — — — ✓
Number of observations 1916 1909 1909 1909 1916 1909 1909 1909

Source: Nile Basin five-wave panel data: 2015, 2016, 2017.
The regressions include IV estimates based on random village assignments within a district. Columns (1)
and (5) show baseline regressions with the treatment variable, household, and time-fixed effects. Columns
(2)–(4) report IV estimates with varying controls, while Columns (6)–(8) present ITT estimates with a similar
control structure. Controls include household size (number), average age (years), highest education (years),
improved seed use, CA partial practice, non-farm income, credit access, tenure security, and migration status
(all dummies except where noted in the bracket). Constants are not reported. District-level multi-way clustered
robust standard errors are in parentheses. Statistical significance: ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%.

a The addition of +1 in the log transformation accounts for the 13 households reporting 0 labor hours.

2.6.4 Discussion

Policymakers and extension services should prioritize site-specific CA practice

recommendations over uniform approaches. Tailored information enhances technology

adoption and land productivity among maize farmers, aligning with recent observational

and large-scale experimental findings across Africa. Our approach, customized to

household and farm plot characteristics, proves effective in increasing the adoption of

recommended CA practices. In essence, the findings of this study align with other

research, emphasizing the importance of tailored information in promoting CA adoption.

While delivery methods may differ, the key takeaway is clear: Context-specific,

personalized guidance is crucial for overcoming adoption barriers and encouraging

sustainable farming practices (Ayalew et al., 2022; Magar et al., 2022; Akter et al., 2021;

A. Kumar et al., 2020; Chiputwa et al., 2020; Abrahamse et al., 2007; Knowler and

Bradshaw, 2007).
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Adopting CA practices yields economic, welfare, and productivity gains, with greater

uptake driving farming improvements. The findings in this study align with broader

objectives of sustainable agricultural productivity increase, which aims to improve food

security, alleviate poverty, and enhance the well-being of farmers (Magar et al., 2022).

Additionally, the findings of this study resonate with long-term evidence from Sub-Saharan

Africa and other developing regions, emphasizing CA’s benefits, including higher yields,

increased income, and improved revenues, across crops such as maize, soybeans, lentils,

mustard, and wheat, ultimately boosting productivity and economic resilience (Miah et

al., 2023; Myers, 2023; Tambo and Mockshell, 2018; Teklewold et al., 2017; Giller et al.,

2015; Di Falco and Veronesi, 2013; Teklewold et al., 2013; FAO, 2001; Council et al.,

2010). These studies highlight that CA improves soil productivity by enhancing organic

matter, water retention, soil structure, and nutrient exchange. It also reduces costs by

lowering labor and farm-power needs while stabilizing yields and increasing agricultural

productivity.

Furthermore, the adoption of sustainable land management training for technology

diffusion also significantly increased farmers’ maize revenue in Mozambique (Kondylis et

al., 2017). The results are also in line with recent studies that confirm that the adoption

and diffusion of sustainable agricultural technologies have a great potential to advance

productivity in agriculture and maintain the resilience of agroecosystems (Mwalupaso et

al., 2019; Skaf et al., 2019). Similarly, information diffusion improves technology adoption

and promotes productivity, profits, and other related outcomes in agricultural production.

For instance, though the mode of delivery is different from our tailored information, a

study by Ayalew et al. (2022) states that targeted extension advice focusing on site-specific

agronomic information led smallholder farmers to increase fertilizer adoption, which in

turn encouraged productivity and profits as well. In addition, CA practices complemented

with improved seed adoption increased land productivity in line with the recommendations

in Vanlauwe et al. (2014) and Andersson and D’Souza (2014). However, differential effects

tests reveal that the impact estimates for the full adoption of CA practices and CAT

practices on land productivity in maize production are similar.

These findings contribute to different strands of literature. First, the scarce causal

literature on the economics of environmental technologies in the developing and emerging

world Aker and Jack (2023), Barrett et al. (2022), and Michler et al. (2019). We document

the welfare-improving role of a low-cost (albeit information-intensive) technology. Second,



38 Chapter 2. Enhancing Agricultural Productivity through Tailored Information on
Conservation Practices: Evidence from Ethiopia

we contribute to the literature on relaxing informational constraints to improve technology

adoption Kondylis et al. (2017), Emerick and Dar (2021), and Beaman et al. (2021). We

show the importance of tailored information Ayalew et al. (2022) in a context where we

have a ’package’ technology rather than one single technology or input.

2.7 Conclusions

Tailored information dissemination significantly accelerates the adoption of CA

practices, enhancing land productivity for maize and other cereal crops while improving

farm household welfare. Our study highlights that customized information, accounting

for plot-specific characteristics such as soil fertility, slope, and agroecological conditions,

fosters adoption through experiential learning. The findings confirm that the

intervention effectively increases adoption rates and productivity, yielding positive short-

and long-term benefits for farmers by enhancing food security and sustainable

agriculture.

The intervention improves soil fertility and reduces labor hours for treatment farmers

compared to controls, driven by sustainable CA practices that enhance land use and

prevent soil degradation. Although the analysis centers on maize, the results are consistent

across other cereal crops, at least on average, demonstrating the broad applicability of

CA practices. Therefore, this underscores the effectiveness of tailored information in

improving agricultural sustainability and productivity across diverse crops.

Moreover, although region-specific, the findings in this study have global relevance,

as many farming regions share similar plot features like soil fertility, slope, and moisture

retention. The intervention’s positive impact on soil fertility and labor efficiency suggests

it can be adapted to improve agricultural outcomes worldwide, offering valuable insights

for sustainable global agricultural development.

The findings are robust, even with control variables. A substantial long-term impact

on treatment farmers than control farmers, particularly for maize growers and all cereals

production, emphasizes the role of tailored information in promoting sustainable CA

practices. Optimizing these interventions boosts land productivity and economic

benefits, enhancing farmers’ welfare. Hence, this highlights the crucial role of

context-specific information about CA practices in fostering productivity with broader

implications on environmental sustainability and resilience for improved rural

livelihoods.
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Abstract
This paper explores the effects of public works on soil and water conservation practices and labor

participation in rural Ethiopia, aligning with the UN Sustainable Development Goals for life on land. By
using unbalanced panel data across three periods (2011/12, 2013/14, and 2015/16), this study examines the
relationship between drought and public works employment, utilizing satellite-based Enhanced Vegetation
Index anomalies as a proxy for drought shock. Findings indicate that public works positively impact
soil and water conservation practices despite concerns about crowding out individual efforts. Moreover,
participation in public works increases labor allocation to agricultural activities while reducing hours in
non-agricultural work. This shift suggests that public works can promote sustainable land use and enhance
food security. The study highlights the role of public works employment within the Productive Safety Net
Program in improving resource conservation and livelihoods, emphasizing its potential as a pathway for
sustainable development in rural areas facing environmental challenges like drought.

Keywords: Drought, Food security, Public works, Resource conservation, Household labor, Ethiopia
JEL Classification: Q54, Q18, I38, Q2, J22, O55

3.1 Introduction
Extreme weather shocks (for instance, drought) frequently affect various aspects of

society in developing economies. Drought weakens adaptive capacities (Das et al., 2023;
1 Affiliation: Department of Economics, Addis Ababa University, Addis Ababa, Ethiopia; Department of

Economics, Ambo University, Waliso, Ethiopia; Environment for Development, University of Gothenburg,
Gothenburg, Sweden.

2 Affiliation: Environment for Development, University of Gothenburg, Gothenburg, Sweden; School of Economics,
University of Cape Town, Cape Town, South Africa.

3 Affiliation: Department of Economics, Addis Ababa University, Addis Ababa, Ethiopia.

https://link.springer.com/journal/43621
https://link.springer.com/article/10.1007/s43621-025-00942-2


3.1. Introduction 47

Matewos, 2020), influences agricultural production and income (Demem, 2023; Berhe

et al., 2017; Letta et al., 2018), hence reducing consumption (Letta et al., 2018) and

welfare (Baez et al., 2017), disrupt food security (Ajefu and Abiona, 2020; Mandal and

Sarma, 2020), worsen health outcomes (Meierrieks, 2021), and increase migration

(Kubik and Maurel, 2016). Studies recommend various adaptation strategies, including

social safety nets (Gao and Mills, 2018; Mersha and Laerhoven, 2018) and public works

programs (Scognamillo et al., 2024; Bekele et al., 2020; Schwan and Yu, 2018; Dasgupta,

2017) to support vulnerable populations and promote greater resilience in adverse

weather conditions.

Public works programs, known as cash-for-work schemes, provide temporary

employment opportunities for shock-affected and chronically food-insecure households.

They offer a chance to build or restore public infrastructure (Gazeaud and Stephane,

2023), generate income, and provide insurance for poor people (Gehrke and Hartwig,

2018). These programs are tools to facilitate asset-building objectives and transform

lives in the face of shocks. While some studies suggest mixed effects of the programs on

food security, they remain a popular developmental tool. Evaluations have shown that,

with careful follow-up, they can contribute to ecosystem benefits. Programs such as the

India National Rural Employment Guarantee Act (NREGA) and Ethiopia Productive

Safety Net Program (PSNP) have benefited millions of poor people (World Bank, 2015),

improving household welfare and ecosystem services (Anantha et al., 2021). Similarly,

programs in Mexico, Indonesia, and Brazil have shown promising results, offering the

potential to improve the lives of those engaged in such activities (Dyngeland et al.,

2020).

Public works are vital components of Ethiopia’s PSNP and comprise about 80

percent of the program beneficiaries. The program aimed at improving community-level

investments in conservation measures (World Bank, 2020), but its micro-level effects on

soil and water conservation (SWC) efforts remain uncertain. This program serves a dual

purpose. First, public works serve as a social protection instrument to improve

livelihoods and food security by providing temporary wage employment. The public

works program offers five-day temporary employment to eligible households per month

for at least six months per year.

Public works employment eligibility demands being a member of the community, facing

chronic food insecurity-sustained food shortages (food gap for three months or more a year)



48 Chapter 3. Adapting to drought: how do public works affect conservation and labor
engagement in rural Ethiopia?

in the last three years, and sudden food insecurity due to a severe loss of assets (financial,

livestock, means of production, assets). Chronic illness, lack of adequate family support, or

not being a beneficiary in any other social protection programs are conditions for selection

into the program for participation of at least one adult member in a household. Early

periods of pregnancy, first-year breastfeeding, illness, or disability rule out participating in

public works, where these members become clients in temporary direct support, receiving

cash transfers (Ministry of Agriculture, 2014). Second, public works help generate access

to public social services. Support for life on land is the concern of Goal 15 within the

UN Sustainable Development Goals (SDGs) and requires protection, restoration, and

sustainable utilization of terrestrial ecosystems (Regeringskansliet, 2015). Hence, public

works are supposed to rehabilitate degraded land by repairing and building its productive

capacity, enabling essential support to smallholder farm households. In other words,

family members with labor capacity work on an integrated, community-based, wide range

of projects that may cover SWC practices in highland areas, range-land management in

pastoral areas, and infrastructure or community assets development projects, including

roads, water infrastructure, schools, and health centers.

The dual objectives of public works employment—improving livelihoods and

developing public infrastructure—are integral to social protection and development

efforts. However, if not carefully designed, such programs may lead to unintended

consequences. Diverting labor from on-farm activities, particularly during peak

agricultural periods, can reduce household agricultural output and compromise food

security. Additionally, sustained reliance on public works may weaken incentives for

private investment and self-sufficiency, potentially fostering long-term aid dependence.

Addressing these risks is essential to ensure that public works contribute to sustainable

livelihoods and efficient labor allocation. According to a study by Holden et al. (2006),

food for work (FFW) programs can either promote or hinder private investments and

affect sustainable land use negatively. Although conceptually similar, the FFW

programs, implemented before 2005, primarily provided food in exchange for labor. In

contrast, the public works component delivers either cash or food transfers as part of a

broader, institutionalized social protection framework that also includes direct support

for labor-constrained households (GFDRE, 2004). Therefore, the potential risks of large

annual transfers and taking appropriate measures to mitigate them, given that the

government and donors have already contributed over 2.2 billion dollars since the
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program’s inception in 2005. Hence, the outcome of a thorough analysis may recommend

that farm households adopt conservation measures and help vulnerable families escape

poverty.

The SWC practices are vital tools applied worldwide that can mitigate the impacts

of weather shocks, enhance productivity, and improve food security. These conservation

practices include labor-intensive physical measures such as terracing, check-dams/water

catchments, or vegetative or biological measures like afforestation and plowing along the

contour. Physical measures involve building structures for soil and water conservation.

The vegetative conservation measures work through their protective impact on an

improved vegetation cover by planting crops. Therefore, these conservation practices

help overcome the adverse effects of climate change and land degradation, which

threaten worldwide livelihoods (Mirzabaev et al., 2023; Barbier and Hochard, 2018).

Soil erosion, soil nutrient deterioration, biodiversity losses, and deforestation are all

signs of land degradation (Viju et al., 2023). Soil erosion is the primary cause of

environmental degradation in developing economies, posing a significant threat to global

food security (Piñeiro et al., 2020; Pozza and Field, 2020; Agidew and Singh, 2017).

Cropland expansion is the main reason for soil erosion in sub-Saharan Africa, South

America, and Southeast Asia (Borrelli et al., 2017). As a result, SWC practices require

specific localized activities and contexts to be effective (Graaff et al., 2013; Nigussie

et al., 2017), helping to improve sustainable land use and agricultural production (Hishe

et al., 2017; Chesterman et al., 2019; Sileshi et al., 2019; Amfo et al., 2021).

This paper focuses on two fundamental questions regarding the impact of drought

shock-induced participation in public works on conservation and household labor

engagement outcomes. These outcomes are akin to the living standards of rural

households in Ethiopia in particular and sub-Saharan Africa in general. These targets

differ from the outcomes of interest in previous studies in Ethiopia. For instance, earlier

investigations focus on the effects of PSNP on livelihood outcomes, including food

security (Devereux, 2016; Berhane et al., 2014; Gilligan et al., 2009), poverty (Subbarao,

1997; Khosla and Jena, 2022), children’s nutrition and human capital accumulation

(Favara et al., 2019; Berhane et al., 2017; Porter and Goyal, 2016; Debela et al., 2015),

and the adoption of productivity-enhancing agricultural technologies (Araya, 2020; Alem

and Broussard, 2018). The first aspect of this study investigates whether participation

in public works projects, which focus on constructing SWC infrastructure at the
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community level, influences the adoption of these practices on participants’ plots. In

other words, this aspect investigates how drought-induced public works employment can

make a difference in the resource conservation of farm households in rural areas. This

feature is significant as it explores strategies to help farmers invest in drought

adaptation and resilience-building measures, potentially reducing their future

dependence on public works. Additionally, the paper evaluates how participation in

public works can affect the time spent in agricultural and off-farm work in rural areas.

This aspect aims to contribute to the empirical literature on the potential theoretical

crowding-out effects of public works on productive activities.

This study contributes to the literature on how public works employment can make a

difference in resource conservation and labor engagement, particularly in the face of

drought shock in rural areas. Our contribution builds upon previous literature

examining the impacts of public works programs on sustainable land use, including tree

cover (Hirvonen et al., 2022) and tree holdings (Andersson et al., 2011) and investments

in sustainable land management activities (Adimassu and Kessler, 2015). This study

primarily aims to fill the gap in the literature by evaluating the effects of public works

programs on household-level SWC practices, which are crucial for promoting agricultural

production and food security, safeguarding soil and environmental health, and enhancing

social and economic sustainability. Furthermore, our study also explores the association

between public works programs and household labor engagements in on-farm and

off-farm activities. These agricultural and non-agricultural activities compete for

different resources (e.g., labor, time, capital) in rural areas. Therefore, rural income

earnings from both on-farm and off-farm activities can improve sustainable land use,

agricultural production, and food security. Hence, environmental conservation efforts

and family labor reallocation are vital areas of inquiry for smallholder farm households,

as these outcomes can directly link to farm income, productivity, and food security,

particularly in the face of weather shocks. We use Ethiopia’s Socioeconomic Survey

(ESS) panel data in three waves to evaluate how public works employment influences

conservation measures and household labor engagements in different activities in rural

Ethiopia.

The paper is structured as follows: Section 3.2 provides the context and program

overview, Section 3.3 describes the data, Section 3.4 illustrates the empirical strategy,

Section 3.5 presents and discusses the results, and Section 3.6 concludes.
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3.2 Context and overview

3.2.1 The context

The agricultural sector in Ethiopia primarily relies on rainfed farming and is

characterized by subsistence agriculture. Most crop production occurs during the long

rainy ‘Meher’ season, which includes the planting period from June to August and the

harvesting period from September to February. Agricultural production is vulnerable to

weather shocks and environmental degradation. Consequently, there has been frequent

food insecurity in different parts of the country since the 2002/03 severe drought,

flooding, and crop failure (Mahoo et al., 2013). Similarly, Tofu et al. (2022) stated that

high temperature, rainfall variability, droughts, crop and livestock pests and diseases,

and pasture and water scarcity are widespread weather shocks in northern Ethiopia.

The 2015/16 El Niño drought4 was one of the most severe shocks that affected many

areas, particularly in the northern, central, and eastern parts. This drought resulted in

significant rainfall deficits in millimeters compared to the long-term average, as

indicated in the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS)

rainfall data. Additionally, R. Singh et al. (2016) indicated a rainfall shortage below

expectations from February through September 2015/16, as illustrated in panel (b) of

Figure 3.1. The 2015/16 El Niño-induced drought affected nearly 10 million people, as

shown in Drechsler and Soer (2016).

The interactions between weather shocks and environmental degradation can adversely

affect the livelihoods and sustainable land use of smallholder farmers (He and Chen,

2022; Girard et al., 2021; Crook et al., 2020). Various studies have shown that human

activities accelerate this process (Ahmed et al., 2018), leading to low land productivity

and ineffective water resources management (Gazeaud and Stephane, 2023). In response,

smallholder farmers employ different climate change adaptation strategies, such as soil

and water conservation practices (Tofu et al., 2022; Delgado et al., 2021; Amfo et al.,

2021; Tambet and Stopnitzky, 2021; Geremu, 2019).

Climate change has affected Ethiopia’s highland areas for 30 years (Wolka et al., 2023a;

Temesgen et al., 2014; Hurni et al., 1993). Previous land management policies failed due to

a top-down approach. Later, conservation agriculture and targeted interventions became
4 El Niño intensity experienced during planting and growing seasons of 2015/16 in different districts or

woredas. In Ethiopia, woredas refers to districts, which are the 2nd higher level administrative stage
next to zones in the regional states. Figure 3.1 panel (b) presents the 2015/16 El Niño situations in
different districts of Ethiopia.
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Fig. 3.1 Public works employment areas by regions and 2015/16 El Niño
intensity by woredas

(a) PWs regions (b) El Niño intensity in 2015/16

Figure 3.1 refers to information on public works (PWs) employment by regions across the survey years
and 2015/16 El Niño prone areas. Panel (a) indicates the PWs and non-PWs-regions, and the dots refer
to Enumeration areas (EAs). Panel (b) shows the 2015/16 El Niño drought intensity consisting of four
categories: (1) No or minimal, (2) Stressed, (3) Crisis, and (4) Emergency.
Source: Both figures are authors’ sketches using longitudinal and latitudinal coordinates for Enumeration
areas (EAs) given in the household geospatial variables of the Living Standards Measurement
Study-Integrated Surveys of Agriculture (LSMS-ISA).

popular for sustainable land management (Selvakumar and Sivakumar, 2021; Graaff et al.,

2013).

Landscape restoration activities such as area closures, physical SWC activities, and

planting trees and shrubs can contribute to the land cover dynamics of the watersheds

(Wolka et al., 2023a). Such initiatives can improve the sustainability of livelihoods of

smallholder farmers and land use in Ethiopia, as shown in Tofu and Wolka (2023) and

Wolka et al. (2023b).

3.2.2 Overview of public works

The PSNP in Ethiopia has supported millions of people since its inception in 2005.

The Ethiopian government and various donors, including the World Bank and other

organizations, have funded it. The program aims to address the challenges of vulnerable

farming households by providing a mix of cash and food transfers to meet their basic

food needs (Hoddinott et al., 2012). Beneficiaries are selected based on both

geographical and community-based criteria. Some of the program beneficiaries receive

unconditional cash or in-kind food transfers, including those who are pregnant, elderly,

or disabled. The amount of support provided to each household can vary based on

household size, but the median total payment over five years was approximately 200

USD. This payment contributes to the well-being of beneficiaries and their household
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members. The program also helps improve resilience to various risks and hazards with a

positive impact on their livelihoods.

The PSNP has expanded its reach from 263 chronically food-insecure districts

(woredas) in 2005 to over 318 districts by 2020, progressing through four phases.

Initially, the program aimed to support around five million people residing in Tigray,

Amhara, Oromia, and Southern Nations and Nationalities Peoples (SNNP) regions

(Siyoum, 2012). Five years later, Afar, Somali, Harari, and Dire Dawa were included in

the program, expanding operational area coverage. Hence, the PSNP operates in eight

regional states in Ethiopia. They later expanded to ten administrative regions after

SNNP split into SNNP, Sidama, and South West Ethiopia Peoples (SWEP) regions.

These regions cover almost 93% of rural households in Ethiopia (Kosmowski et al.,

2020). Therefore, effective implementation of the PSNP can improve the living

standards of millions of people in Ethiopia.

About 80 percent of the PSNP receive conditional cash transfers for contributions to

public works employment to address underlying chronic food insecurity in drought-affected

areas. Figure 3.2, for instance, depicts the sketch for the conceptual framework adapted

from the “PSNP Implementation Manual” for addressing food insecurity (Ministry of

Agriculture, 2014). Eligible households with able contributing adult members receive

transfer payments for participating in public works.

In Ethiopia, the PSNP requires able-bodied beneficiaries to participate in public

works to receive support, while labor-constrained households, such as those with elderly

or disabled members, receive direct support (Berhane et al., 2014). Unjustified

non-participation may result in suspended benefits, though re-entry is possible upon

reassessment during annual targeting (Hoddinott et al., 2012). While the program

balances short-term support with long-term asset creation, it risks excluding households

facing temporary labor constraints (Gebrehiwot and Castilla, 2019).

The average payment to each member was initially 2,364 Ethiopian Birr (ETB).

However, it was later revised to benefit the entire family. Under the revised system, each

family member is offered five days of work per month for six months at a wage rate of 10

ETB per day.5 This means that each family member will receive a total payment of 300

ETB over six months. Therefore, the total payment will be 1,500 ETB for a household

with five members (Berhane et al., 2017).

5 On average, 1 USD was about 16.97 ETB in 2011, 18.71 ETB in 2013, and 20.69 ETB in 2015.
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Fig. 3.2 Conceptual framework

Figure 3.2 describes a framework for addressing food insecurity.

Public works can have direct and indirect pathways for different outcomes. Although

there is limited evidence for the effects of the program on SWC measures, many studies

in other contexts confirmed that off-farm employment can supplement farm incomes and

productivity while also assisting in safeguarding against the effects of climate change, to

a certain extent (Davies et al., 2008). Furthermore, off-farm employment can directly

affect farm household savings, reducing liquidity constraints and lessening credit snags

in rural areas. Hence, this helps adjust farm household spending, investment, and

risk-bearing behavior and improves farmers’ adoption of adaptable SWC practices.

These are particularly crucial in rural areas where households face challenges meeting

their daily needs. In addition, off-farm incomes generated from public works can

increase the safety net for ensuring weather-induced production shocks and allow

consumption smoothing (Tirivayi et al., 2013). These findings suggest that households

can better cope with unexpected shocks and maintain their living standards. For

instance, a recent study confirms that participation in the PSNP can enhance



3.2. Context and overview 55

undertakings in high-risk and high-return activities that could reduce the probability of

taking customary adverse risk-coping practices, such as selling agricultural assets and

improving agriculture outcomes (Alem and Broussard, 2018). These are particularly

important in areas where households may have limited access to resources and face high

levels of uncertainty in their day-to-day lives. In general, the PSNP’s focus on public

works and off-farm employment has the potential to bring about a range of positive

outcomes for rural households.

Some argued that public work programs had a limited impact on sustainable

agricultural practices, particularly on SWC and intercropping activities (Deressa et al.,

2009). Farmers who devote their time to off-farm employment may have less time to

focus on these practices, which can impede efforts to adapt to climate change. In

particular, SWC practices can involve significant labor and opportunity costs, especially

during peak periods (Deressa et al., 2009). The critiques include their poor timing or

schedule, despite being scheduled during slack labor periods to minimize disruptions to

livelihood activities (Ministry of Agriculture, 2014). Furthermore, these programs can

divert family labor away from agricultural production and investments (Andersson et al.,

2011), reducing investment in productivity-enhancing and sustainable conservation

practices, such as intercropping and SWC (Adimassu and Kessler, 2015; Deressa et al.,

2009). While smallholder farmers in different parts of Asia are more likely to adapt to

frequent drought through diversification into off-farm activities, such opportunities may

not always be available for smallholder farmers in isolated and less-favored rain-fed

agriculture under different economic settings in Africa (Cooper et al., 2008). Public

works programs can also pose social risks, such as area closures, damage to physical

assets, and loss of social capital related to health or safety problems arising from

disruption to downstream water use or inequitable benefits from small-scale irrigation.

Therefore, it is essential to take cautious measures to ensure the implementation of

public works programs is effective and does not pose any social risks

(Ministry of Agriculture, 2014).

On the contrary, others argue that public work programs stimulate economic growth

and development. Participation in PSNP improves the use of complementary

agricultural inputs (e.g., fertilizer) (Hoddinott et al., 2012) and the use of improved crop

varieties that are risky but have high returns (Taraz, 2021; Merfeld, 2020; Gehrke, 2019;

Alem and Broussard, 2018). In other words, income earnings might help invest in new
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and innovative technologies like improved seeds, irrigation technologies, and planting

more trees on limited land areas. Moreover, Banerjee et al. (2017) states that

participants of PSNP can remove some plots from cultivation when agricultural

productivity increases. In addition, (Adimassu and Kessler, 2015) also indicates that

public work programs can create labor movements toward agriculture due to the

labor-intensive nature of the program. However, this could induce agricultural labor

crowding out engagements despite the total output being intact as output per labor

increases. Finally, public works programs can affect migration dynamics and availability

of labor for agricultural productions, influencing agricultural productivity, labor

markets, and economic growth (Gazeaud et al., 2023; Hidrobo et al., 2022; Imbert and

Papp, 2020).

To this end, it is crucial to understand the theory of change results chain guiding the

practical evaluation of the impact of development programs on a choice of outcome

indicators (Tengberg and Valencia, 2018; Gertler et al., 2016a; Gertler et al., 2016b;

Khandker et al., 2009). In this particular case, the theory of change is based on an

asset-income-conservation outcome to describe adaptation to drought vulnerability.

Natural resource conservation (e.g., soil, water, and so on) is among the adaptation

strategies to weather shocks (Gaworek-Michalczenia et al., 2022; Pinto et al., 2022;

Lavorel et al., 2019; Muchuru and Nhamo, 2019). An adaptive capacity to weather

shocks might depend on multiple interconnected factors, including access to public

programs (Sam et al., 2019), property/asset holdings, social safety nets (Kundo et al.,

2023; Bowen et al., 2020; Paul Jr et al., 2020; Mekuyie et al., 2018; Smith and

Frankenberger, 2018; Shiferaw et al., 2014), and support services (Beegle et al., 2018).

3.2.3 Drought occurrence and major activities timeline

In Ethiopia, there are two rainy seasons. The ‘Kiremt’ or ‘Meher’ season, also known as

summer, is the heavy rainy season with a planting period ranging from June to August. It

accounts for 50%-80% annual rainfall and 85%-95% of food crop production. The harvest

period for the ‘Meher’ season spans from September to February. The secondary wet

(rainy) season is called ‘Belg’ (Autumn). The planting occurs from March to April while

harvesting runs from May to June during this season. This season typically experiences

significantly less rainfall in the central and northern regions of the country.6 The timeline

6 This is available at https://climateknowledgeportal.worldbank.org/country/ethiopia/
climate-data-historical.

https://climateknowledgeportal.worldbank.org/country/ethiopia/climate-data-historical
https://climateknowledgeportal.worldbank.org/country/ethiopia/climate-data-historical
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of activities and occurrence of a drought situation directly related to the ‘Meher’ season

are presented in Figure 3.3. ‘Meher’ season drought occurs when rain fails during the

planting and adoption agriculture season (June-August).

As shown in the basic information of the ESS and Figure 3.3, the reference periods of

the survey can capture the timing of participation in public works related to the

adoption of the SWC. The data enumeration for household characteristics,

community-level variables, and post-harvest agriculture information for the panel occurs

between February and April. This period roughly corresponds to an overlap between the

end of the previous agricultural season and the beginning of the next agricultural season.

Figure 3.3 presents the timing and sequencing of activities in an agricultural season. The

figure shows that the timing of SWC practices follows drought incidence and public

works participation. A failure or erratic rainfall in the ‘Meher’ season leads to an

impactful drought.

Fig. 3.3 The sequence of major activities timeline in different agriculture
seasons in rural Ethiopia

Figure 3.3 presents the major activities timeline and effects of ‘Meher’ Season Drought on various
outcomes.

Literature indicates that droughts have occurred in various parts of Ethiopia at

different times, such as in 2011/12 and 2015/16 (Abara, Budiastuti, et al., 2020).

Drought causes harvest failure and weakens farmers’ investment capacity in the

following agricultural season. Hence, this situation forces farmers to adopt an

appropriate adaptation strategy to drought. SWC practices serve as key adaptation

strategies and productivity-enhancing tools in rural areas. Therefore, we can

hypothesize that income earnings due to drought-induced public works employment can

contribute to sustainable agriculture by enhancing SWC practices and altering labor

engagements in different activities.
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3.3 The Data

We use the publicly available World Bank Living Standards Measurement

Study-Integrated Surveys of Agriculture (LSMS-ISA) panel datasets collected in

2011/12, 2013/14, and 2015/16 through collaborative efforts between the World Bank

and the Central Statistics Agency (CSA) in Ethiopia.7 The panel data is valuable

because it includes detailed information about household socioeconomic characteristics

and community-level variables. Additionally, it provides insights into SWC practices and

self-reported weather-shock variables such as drought (too little rainfall) and other

idiosyncratic shocks. To enhance the reliability of the self-reported data, we can also

consider supplementing the panel data with vegetation remote sensing satellite-based

data.

The most recent Ethiopia Socioeconomic Panel Survey (ESPS) had some limitations.

Hence, we only stick to the earliest ESS three-panel datasets conducted in 2011/12,

2013/14, and 2015/16. To elaborate, the surveys conducted in 2018/19 and 2021/22

faced volatile security situations in the northern and western parts of the country. In

particular, the ESPS-5 in 2021/22 covered limited enumeration areas (EAs), excluding

all EAs in the Tigray region and partial data collection in the Afar region. In addition,

security issues were problematic in both the Amhara and Oromia regions during ESPS-5

(fifth wave), consistently reducing the number of households and EAs coverage.

The study uses unbalanced panel households of 3226 in 2011/12, 3106 in 2013/14, and

3063 in 2015/16, respectively. The attrition rates were only 3.72 percent between 2011/12

and 2013/14 and 1.38 percent between 2013/14 and 2015/16, respectively. Therefore, we

use a panel of 9395 households surveyed in 2011/12, 2013/14, and 2015/16. Even though

it is the most extensive survey national data including all regions of the country, this

paper is limited to sample households in ten rural administrative regions, namely Tigray,

Amhara, Oromia, SNNP, Sidama, SWEP, Afar, Somali, Harari, and Dire Dawa city where

the public works program operated. The regions have similar livelihood diversification,

agricultural production, and population density characteristics. Public works employment

is the primary target of the PSNP across these regions. However, the lowland areas focus

on infrastructural development schemes.

7 The LSMS-ISA datasets for Ethiopia are publicly available at https://www.worldbank.org/en/
programs/lsms/initiatives/lsms-ISA#2.

https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#2
https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#2
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One data limit for this study refers to the area coverage used for the analysis. First,

it excluded two regional states, specifically Beneshangul Gumuz and Gambella, from the

analysis since they had no public works operation till the end of the 2015/16 agriculture

season (end of the evaluation period). In addition, it does not include sample households

from the Addis Ababa city administration since the primary focus of this study is rural

areas. Figure 3.1 shows the details of the enumeration areas across the three waves

and administrative regions. Therefore, the interpretation of the results aligns with this

context. In other words, there remains doubt about the possibility of bias or inaccuracies

in interpreting the relationship between drought and public works employment in all

regions.

3.3.1 Construction of key variables

3.3.1.1 Outcome variables

The two key outcome variables of interest are SWC practice and labor allocation.

Various studies show that conservation and labor reallocation are adaptation measures

to extreme weather shocks such as drought (Mulungu and Kilimani, 2023; Colmer, 2021;

Girard et al., 2021). The construction of aggregate soil and water conservation (SWC)

practices uses four widely promoted individual conservation measures. These measures

consist of two broad categories. They include (1) structural activities, including

terracing and check dams, and (2) vegetative conservation practices, namely

afforestation and contour farming. Distinct analyses are conducted for physical measures

(including structures built, such as terracing and check dams) and biological measures

(consisting of planting crops related to afforestation and plowing along the contour) for

soil and water conservation. Focusing on such categories aims to ensure the robustness

of the main results. The other related outcome variables include aggregate family labor

hours allocated to agricultural and non-agricultural activities over the last seven days.

3.3.1.2 Enhanced Vegetation Index anomaly as a proxy measure for drought

The most widely employed measures to characterize droughts include the

Standardized Precipitation Index (SPI) (McKee et al., 1993) and the Palmer Drought

Severity Index (Palmer, 1965). Wilhite and Glantz (1985) and Dracup et al. (1980) also

independently provided dozens of drought definitions. These indices generally agree that

drought is a condition of insufficient moisture triggered by a deficit in precipitation over

some time. Hence, these measures have been developed by synthesizing meteorological,
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climatological, atmospheric, agricultural, hydrological, and water management-related

variables such as precipitation, stream flow, and soil moisture. These require developed

systems for recording and management to satisfy adequacy in spatial coverage and

obtain quality data. However, fulfilling such requirements might be challenging in

developing economies like Ethiopia, with missing or underdeveloped systems.

Alternative measures to monitor droughts employ satellite-based vegetation indices

with advancements in remote sensing for wide spatial and temporal resolutions over large

areas. These indices use the 12 months of vegetation index from the Moderate Resolution

Imaging Spectroradiometer (MODIS). The MODIS-based indices include the Normalized

Difference Vegetation Index (NDVI) (Svoboda, Fuchs, et al., 2016), the National Oceanic

and Atmospheric Administration (NOAA) designed Vegetation Condition Index (VCI)

(Kogan, 1995), and Enhanced Vegetation Index (EVI) (Huete et al., 2002). Furthermore,

evaluating the sensitivity of the two MODIS vegetation indices (VI) to differences in

vegetation cover showed that while the EVI is sensitive to canopy variations, the NDVI is

only asymptotic to high biomass areas with dense vegetation cover. That is, NDVI, widely

used for vegetation monitoring, saturates in high-biomass areas, reducing sensitivity to

dense vegetation. Near 0.8–0.9, distinguishing moderate from dense cover is difficult,

limiting its effectiveness. EVI performs better in these cases (Huete et al., 2002; Pettorelli

et al., 2005).

As a result, we construct an objective proxy measure of drought by utilizing the average

EVI data obtained from the MODIS Land Cover Dynamics images. The LSMS-ISA

includes the EVI values for respective growing periods and the long-term average from 2001

to the respective survey years, averaged by zone within the main (‘Meher’) growing season.

The vegetation stress due to drought for a given zone over a given year characterizes the

health of the vegetation in a given time series. As shown in Equation 3.1, we calculate the

EVI anomalies of a zone by subtracting the long-term average from the respective survey

year average values for the ‘Meher’ growing periods. Hence, the EVI anomalies can reflect

the common drought incidence during the growing season in Ethiopia.

NEVI Anomalyi,t = Average EVI Valuev(i),t − Average EVI Valuev(i),long (3.1)

In Equation 3.1, Average EVI Valuev(i),t denotes the average Enhanced Vegetation

Index (EVI) value for the zone corresponding to household i during the Meher growing

season in survey year t, while Average EVI Valuev(i),long represents the long-term zonal
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average EVI for the Meher season. Here, i denotes the household index, and v(i) represents

the village to which household i belongs. Accordingly, the EVI anomaly is measured at

the zone level and uniformly assigned to all households within that zone.

The MODIS EVI product suite accuracy within ±[0.025/2.5%]8 threshold range

characterizes the normal vegetation conditions. However, EVI anomaly values classified

to the left of -2.5% and the right of +2.5% are below and above normal vegetation

conditions, respectively. Therefore, an EVI anomaly value below -2.5% using remote

sensing is the proxy for drought shock. Figure 3.4 presents the continuous EVI anomaly

drought shock threshold. Hence, sample households residing in areas exhibiting the

lower EVI anomaly threshold are drought-affected and considered the treatment group

compared to those living in the non-drought-affected areas. Note that the normal EVI

anomaly range includes -0.025≤EVI anomaly≤0.025.

Fig. 3.4 The distribution density of EVI anomalies for the survey years

In Figure 3.4, there is a continuous EVI anomaly illustrating a threshold for drought shock categorized as
EVI anomaly< −0.025. The households falling into this category are the treatment group. The comparison
households are villages within the EVI anomaly that fall in the range of -0.025≤EVI anomaly≤0.025, defined
as the EVI anomaly standard for plant health and growth.

The EVI anomaly constructed using satellite-based data can overcome three

limitations of self-reported data that rely on individual perceptions and recall abilities.
8 The MODIS EVI product suite accuracy information is available at https://modis-land.gsfc.nasa.

gov/ValStatus.php?ProductID=MOD13.

https://modis-land.gsfc.nasa.gov/ValStatus.php?ProductID=MOD13
https://modis-land.gsfc.nasa.gov/ValStatus.php?ProductID=MOD13
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First, self-reported data is a subjective measure that can overstate or understate the

situation. Secondly, it can overcome the limitations of self-reported data, which depend

on households’ recollections of recent rainfall patterns. Even if farmers likely remember

the adverse effects of drought shocks on livelihoods, their recollections tend to be

time-bound and subjective. Thirdly, the variability in impact can be high when using

self-reported data. That means a slight rainfall decline might relatively affect the most

vulnerable households with fewer coping strategies and experiencing other idiosyncratic

shocks, likely to report them as droughts, than relatively more resilient farmers. Hence,

the self-reported drought shock indicator is likely endogenous, which will have an

upward bias on the impact estimates of extreme weather shocks.

3.3.2 Description and summary statistics

Table 3.1 presents details of the description and summary statistics for variables of

interest. The pooled sample comprises 9395 households in the three waves, including

participants and non-participants of the public works program. Additional controls

involve different categories. First, household size is a household background

characteristic referring to a family composition directly related to the public works

program. Second, economic indicators include assets, land size, and oxen holdings.

These are crucial resource endowments to enhance resilience capacity and adaptation to

drought by mitigating its adverse effects. Note that household asset holdings are indices

generated using principal component analysis as shown in Table 3.1. In addition,

institutional variables consist of irrigation access, tenure security, and credit access.

These are also fundamental factors that promote investment in conservation measures

and proper family labor allocation. Moreover, community-level variables include weather

shocks, food security status, elevation, and distance to central administration.

As shown in Table 3.1, the mean differences across the survey years presented in the last

three columns for most variables are significant. Hence, these reports indicate significant

mean changes over time for most variables, except for asset holdings, plot elevation, and

residence distance to the central administration. The pooled sample mean shows that,

on average, about 64% of households adopted the aggregate SWC practice, but relatively

lower adoption rates for physical and biological conservation measures. The public works

program employs only around 12% of the pooled sample households. Although many

households allocate family labor hours to agricultural activities, only a few are engaged

in non-agricultural activities.
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The data also shows that over 30% of households are food insecure. Appendix B Figure

B.2 also confirms that households employed in public works are more prone to chronic

food insecurity than unemployed households. The difference holds across all survey years.

About half of the pooled sample is prone to the EVI anomaly drought indicator. The

self-reported drought measure was relatively lower, reporting that 37% of the pooled

sample was affected by the shock. Household resource holdings measured in terms of

assets, land, and the number of oxen on average are limited. Appendix B Figure B.3

also presents detailed comparisons for resource endowment and asset holdings for public

work participants and non-participant households. Participants are endowed with fewer

resources and assets but are more vulnerable to shocks and chronic food insecurity. These

are not surprising results. In other words, food insecurity, shocks, and limited resources are

the main criteria for participation in public works. As per the program design, participants

in public works experience more severe shocks and food insecurity than non-participants.

As expected, participants own fewer resources and assets. We refer to footnote b under

Table 3.1 to interpret the asset holdings. The asset holdings show quantile indices 1 to

5. An index of “1” refers to a category less than or equal to the bottom 20%, but “5”

represents a category of asset holding in the top 20%.

Moreover, eligible households participate in public works since the program requires

able-bodied temporary family labor participation. The average household size is more

than four members per household, measured in the adult equivalent, with high variability.

On average, land size for cultivation is about 1.46 hectares, and ox holding is about 1

per household, indicating the existence of resource constraints. Hence, this confirms that

the public works program targets relatively poorer households with a smaller resource

endowment. Access to irrigation is small, which is only about 11% of the pooled sample.

While less than 40% of the households have tenure security for their farm plots, only

about 22% of the households have credit access. The average elevation of the farm plots is

about 1882 meters above sea level. Finally, on average, the household residence distance

to the central administration is about 38 kilometers, with high variability ranging from 0

to 208. Figure 3.5 presents the distribution density of distance to central administration

for treatment and control households. The figure shows that there is no difference between

the two groups. Most households reside within less than 50 kilometers, and the right tail of

the distribution density consists of only a small proportion of households in both groups.
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3.4 Empirical strategy

3.4.1 Empirical specifications

We aim to evaluate the effects of public works on (a) SWC practices and (b) the

allocation of household labor hours to agricultural and non-agricultural activities.9 In a

randomized intervention scenario, the outcome of non-participant households becomes an

estimate of the counterfactual. However, sustained severe shocks, fewer asset holdings,

low income, and inadequate support are observable characteristics that create differences

in the outcome for participants and non-participants in public works. Hence, comparing

the two groups will lead to a biased estimate.

Let y0,it and y1,it be untreated and treated outcomes for household i at time t,

respectively. Tit refers to the binary treatment status for household i at time t equal to

“1” if a household is employed, “0” otherwise. Then, the Average Treatment Effect on

Treated (ATT) is given by:

ATT = E(y1it − y0it|Tit = 1) = E(y1it|Tit = 1) − E(Y0it|Tit = 1)

We cannot observe the untreated outcome for the treated group given by E(y0it|Tit =

1). Using the outcome for untreated households as an estimate of the counterfactual

comparison generates bias that becomes:

Bias = E(y0it|Tit = 1) − E(y0it|Tit = 0)

The above bias applies to either group and is the difference between the expected

outcome of the treated and untreated households before any treatment. We need to

address this bias.

A more comprehensive approach is necessary to identify ATT. For example, we can

model y0,it and y1,it as:

y0,it = α0 + x′
itβ0 + ϵ0,it, E(ϵ0,it|xit) = 0 (3.2)

y1,it = α1 + x′
itβ1 + ϵ1,it, E(ϵ1,it|xit) = 0 (3.3)

9 The data enumeration for household, community, and post-harvest agriculture for all survey years in
the panel takes place between February and April, roughly corresponding to the end of the ‘Meher’
agriculture season. This period also partly includes the slack period (as shown in Figure 3.3) when
farmers look for non-farm income employment.
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The observed outcome is given by:

yit = α0 + x′
itβ0 + ϵ0,it + Tit[(α1 − α0) + x′

it(β1 − β0) + (ϵ1,it − ϵ0,it)]

= α0 + x′
itβ0 + δTit + Titx

′
itγ + ϵit, ϵit = (1 − Tit)ϵ0,it + Titϵ1,it

(3.4)

where δ=α1 − α0 and γ=β1 − β0.

In the above model, the Average Treatment Effect (ATE) for households with

characteristics xit is given by

ATE(xit) = δ + x′
itγ

while ATT is given by

ATT (xit) = δ + x′
itγ + E{ϵ1,it − ϵ0,it|xit, Tit = 1} (3.5)

Suppose the treatment decision is specified as a probit equation:

T ∗
it = µ + βzZit + βxXit + ηit = w′

itβ2 + ηit,

Tit =

1, if T ∗
it > 0

0, otherwise

(3.6)

where Tit is the likelihood of participating in public works, Zit is the vector of instruments,

Xit is additional controls, and vector w′
it includes both instruments and additional controls.

Assume that ηit ∼ NID(0, 1), independent of zit and xit. Furthermore, assume that

the error terms denoted by ϵ0,it ϵ1,it in Equations 3.2 and 3.3 for control and treatment

groups respectively are also normal, with variances σ2
0 and σ2

1, and covariance σ02 and σ12

with ηit, i.e.,

cov(ϵ0,it, ηit|xit) = σ02 and cov(ϵ1,it, ηit|xit) = σ12,

Then, given these assumptions, one can show that

E[ϵ0,it|xit, Tit = 0] = σ02E[ηit|xit, ηit < −w′
itβ2] = σ02λit(w

′
itβ2)

E[ϵ1,it|xit, Tit = 1] = σ12E[ηit|xit, ηit > −w′
itβ2] = σ12λit(w

′
itβ2)
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where

λit(w
′
itβ2) = E[ηit|xit, ηit] =

Tit − Φ(w′
itβ2)

Φ(w′
itβ2)[1 − Φ(w′

itβ2)]
ϕ(w′

itβ2)

In the first stage, we estimate the probit model to get λit(w′
itβ̂2). The identification

strongly rests upon distributional assumptions, and it is advisable to have exclusion

restrictions in Equations 3.3 and 3.4. That is, ideally, an instrumental variable that

affects the decision whether to participate in the program, but not the actual and

counterfactual outcomes of yit can be found. Under these assumptions, the ATT from

Equation 3.6 equals

ATT (xit) = δ + w′
itγ + (σ12 − σ02)λit(x

′
itβ2)

If it is imposed that β0 = β1 = β, it follows that

E{yit|xit, Tit} = α0 + w′
itβ + E{ϵit|xit, Tit}

= α0 + w′
itβ + σ12Titλit(w

′
itβ2) + σ02(1 − Tit)λit(w

′
itβ2)

The above discussions show that we can consistently estimate α0, β, and δ from a

single regression provided that we include the generalized residual interaction with the

treatment dummy. If it can be assumed that σ02 = σ12, in which case ATE(xit) and

ATT (xit) are identical.

3.4.2 Does drought shock drive public works employment?

According to the PSNP implementation manual, households facing severe shocks and

chronic food insecurity are typically the poorest, with few assets, and are more likely

to participate in the program. Guided by this, we examine whether drought shock is

associated with household participation in public works and engagement in SWC practices,

the primary outcomes of interest.

Drought is treated as an exogenous covariate, as its occurrence is independent of

household behavior, and the PSNP provides a fixed monthly budget per participating

household member. Hence, this reduces concerns of reverse causality or program-induced

behavioral responses that could bias the estimates. Accordingly, Table 3.2 presents Linear

Probability Model (LPM) estimates of participation in public works and SWC activities.

These estimates assess whether drought triggers public works participation and influences
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the likelihood of adopting SWC practices. The results clarify whether participation is

shock-driven and whether drought exposure significantly affects conservation adoption.

Table 3.2 Correlates of public works employment and SWC practices using satellite-based
drought measure

Public works employment(1=treated) SWC practices (1=yes)
(1) (2) (3) (4) (5) (6)

Drought (dummy EVI anomaly) 0.074∗∗∗ 0.067∗∗∗ 0.068∗∗∗ 0.030 0.017 0.008
(0.008) (0.008) (0.008) (0.018) (0.019) (0.019)

ln(Distance to central admin) -0.019∗∗∗ -0.014∗∗∗ -0.019∗∗∗ -0.015 -0.008 0.007
(0.006) (0.006) (0.005) (0.010) (0.010) (0.010)

Household size 0.008∗∗∗ 0.010∗∗∗

(0.002) (0.004)
Land size -0.001∗∗∗ 0.000

(0.000) (0.001)
Irrigation access 0.057∗∗∗ 0.108∗∗∗

(0.016) (0.020)
Tenure security -0.024∗∗∗ 0.057∗∗∗

(0.008) (0.015)
Credit access 0.010 0.099∗∗∗

(0.009) (0.017)
Asset holding -0.007∗∗∗ -0.018∗∗∗

(0.002) (0.005)
Food security -0.027∗∗∗ 0.059∗∗∗

(0.009) (0.015)
Elevation -0.000 0.000∗∗∗

(0.000) (0.000)
Constant 0.014 -0.024 0.003 0.537∗∗∗ 0.503∗∗∗ 0.139∗∗

(0.016) (0.019) (0.028) (0.042) (0.046) (0.059)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) — ✓ ✓ — ✓ ✓
Additional controls — — ✓ — — ✓
R2 0.057 0.076 0.094 0.014 0.038 0.075
F − stat 73.264 16.242 10.783 14.245 8.496 13.012
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000

Observations 4239 4239 4238 4239 4239 4238

The coefficient estimates represent the probabilities of (a) public works employment in columns (1)–(3) and
(b) SWC practices in columns (4)–(6). The standard errors in parentheses are robust. Asterisks indicate
significance at ∗ 10%, ∗∗ 5%, and ∗∗∗ 1% levels.

Columns (1)-(3) reveal the probability estimates of public works employment and

columns (4)-(6) control for drought shock, distance to central administration, household

characteristics, and other relevant community-level variables. The results show that

drought shock increases program participation and SWC practices, though the effects

are insignificant in the latter case. Households in drought-affected villages are more

likely to participate in the public work program and tend to adopt drought-adaptation

SWC practices. In addition, an increase in household size increases public works
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employment and SWC practices. However, distance to central administration, land size,

tenure security, asset holding, and food security negatively correlate with the probability

of public works employment. The positive coefficient on irrigation access in public works

estimation is unexpected, though it likely increases the likelihood of SWC practices.

In particular, columns (1) and (4) of Table 3.2 present the baseline likelihood

estimations respectively for public works employment and SWC practices by controlling

for drought shock, distance to central administration, and year and district-fixed effects.

Public works’ likelihood of participation is higher for households in drought-affected

villages (about 7.4%) than in non-drought villages. On the other hand, a 1% increase in

household distance away from the central administration reduces the likelihood of public

works participation by 1.9%. The coefficient estimates on drought shock and distance to

central administration are non-significant for SWC practices, irrespective of the

specifications.

Furthermore, columns (2) and (5) present the probability estimates of public works

employment and SWC practices by adding district-fixed effects on preceding specifications.

The results are consistent and comparable to the baseline estimation results. Public works

participation is likely higher for households in drought-prone villages by about 6.7%. An

increase in household distance to central administration by 1% leads to a decrease in

public work participation by about 1.4%.

Finally, columns (3) and (6) report the likelihood of employment for public works and

SWC practices under full specifications, respectively. The interpretation of the probability

estimates under full specifications follows a similar pattern. The results show that the

probability of public works employment is higher by about 6.8% with the presence of

drought shock.

The results, in general, show that drought shock and distance to the central

administration are crucial factors that would make program participation more visible.

That means being in drought-prone villages increases the likelihood of participation in

safety net programs such as public works employment. On the contrary, households

residing in distant areas away from the central administration are less likely to

participate in public works. Moreover, households with more resources (e.g., land size)

and asset holdings are better equipped to cope with severe shocks and are less likely to

participate in safety net programs.

In conclusion, the results are robust using the self-reported drought indicator. As a
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result, Appendix B Table B.1 presents the re-estimation of Table 3.2. The results are

consistent and comparable despite differences in size and significance of the coefficient

estimates in some cases. The likelihood of public works employment and SWC practices

are higher for households with reported drought. Household residence distance to central

administration negatively correlates to public works participation and adoption of SWC

practices, and its coefficient is non-significant for SWC practices under full specification.

3.4.3 Identification and estimation issues

When participation is random, public works employment and sets of other controls can

determine the probability of adopting drought adaptation SWC practices and household

labor engagement in agricultural and non-agricultural activities. Due to the absence of

random participation in the public works program, our study faces multiple identification

and estimation challenges. One major threat relates to the identification of the impact

estimate. In particular, household participation in public works might be endogenous to

the outcome variables of interest, the adoption of SWC practices, and household labor

allocation to different activities. That is, participation in public works involves selection

bias that we need to address. Selection bias arises from the inability to determine the

outcome for a household participating in the program if not employed.

We are aware of the problem of selection bias. We can address it by an appropriate

model specification under suitable assumptions about its error terms. Hence, we have

developed a multifaceted approach. First, we want to rely on the justification provided

in the program implementation manual to guide our efforts. As shown in the manual,

the basis for public works employment is observable characteristics, including severe

shocks, less resource endowment, small asset holding, low income, and less support

status for a household in the preceding twelve months. These characteristics result in

chronic food insecurity, which calls for appropriate social protection programs and

interventions. Therefore, it is crucial to control exhaustively for these variables, as well

as other confounding factors that may affect the likelihood of adopting SWC practices

and household labor allocation to agricultural and non-agricultural activities. By doing

so, we can attenuate the bias due to omitted variables and improve the efficiency of the

estimates. However, some argue that unobservable individual behaviors might still affect

the program’s impacts. To counter this argument, we refer to Sharp et al. (2006), which

suggests that unobservable characteristics such as assertiveness to participate in the
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program are low. Additionally, Andersson et al. (2011) shows that both eligible and

non-eligible groups supported the official selection criteria publicized for why they had

or had not participated in the program. These findings suggest that selection criteria are

crucial and can lead to a higher chance of compliance in determining program

participation.

Second, various studies, including Msuha et al. (2024), confirm that public work

programs set the wage rate at or below the prevailing market rate, requiring

beneficiaries to work in exchange for the transfer by focusing on infrastructure in poor

communities. Therefore, deliberately choosing participants can help reduce the benefits

that flow to the non-poor group of a community.

Third, we utilize an instrumental variable approach to address the potential

endogeneity of public works employment. The choice of an instrument is complex as we

need a variable that correlates with participation in public works but is uncorrelated

with the error terms of the outcome variables. The first stage predicts the probability of

binary treatment based on a set of instruments. In the second stage, we assess the

likelihood of adopting SWC practices and the level of household labor allocated to

agricultural and non-agricultural activities, using the predicted probabilities of

participation obtained from the first stage. The second stage primarily employs the

endogenous switching model, with detailed elaboration for model selection in later

paragraphs under the same section. Public works employment targets households

vulnerable to chronic food insecurity due to severe shocks, poverty (low income),

inadequate support (such as limited access to credit), and fewer asset holdings

(Coll-Black et al., 2012; Andersson et al., 2011; Ministry of Agriculture, 2014;

Kosmowski et al., 2020). However, these variables are likely correlated with public works

participation and might also directly influence investment in SWC measures and

household labor allocation to various activities, thus violating the exclusion restriction.

As a result, we need to find an instrument that could meet the first-stage

requirements and the second-stage exclusion restriction for identification. Our data

consists of the geographical distance in kilometers between households and the central

administration responsible for deciding public works participation. Consequently,

household residence distance to central administration for public works registration and

participation can satisfy the requirements. Equation 3.6 describes a probit model that

predicts program participation status in the first stage, utilizing the instrument to
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obtain consistent estimates for the β’s coefficients. The argument might proceed as

follows. An increase in the distance to central administration increases the transaction

costs for registration and opportunity costs of participation, hence can discourage

participation in the program, potentially reducing the incentive to participate without

directly affecting the likelihood of adopting SWC practices and labor hour allocation

decisions to different activities if public works participation is absent.

Recall that the geospatial distance variable in Table 3.1 shows considerable variability,

with a minimum of 0 km and a maximum of 208 km. In addition, Table 3.1 depicts

no significant mean difference between any two survey years in the panel. Figure 3.5

presents the distribution density of distance to the central administration by treatment

status. The figure depicts that the two groups do not have any systematic differences

in their distance from the central administration. Moreover, estimation in Table 3.2

shows that the distance of households from central administration negatively correlates

with participation in public works regardless of the inclusion of additional controls in

the specifications. However, it has no significant correlation with SWC practices across

different specifications.

We want to stress that the chosen instrument might not be perfect, but we demonstrate

its appropriateness by referring to the validity of the statistical tests. The first stage

estimation shows a strong correlation between the instrument and public works, implying

that the instrument has a statistically strong effect on program participation. An increase

in distance to central administration likely discourages participation in the program. In

addition, the coefficient estimates on the instrument variable in the probit and LPM

models are negative and statistically significant at the 1% level (refer to Table 3.2 for

estimations under different specifications from LPM). The Likelihood Ratio (LR) statistic

associated with the instrument from the Probit model is 15.11, while the F-statistic from

the LPM stands at 15.86. Both first-stage IV estimations are formally not reported here.

These statistics are noticeably large relative to the LR test statistic that needs to exceed

10, as per the recommendation in White and Raitzer (2017).

Furthermore, the second-stage tests for the appropriateness of the Endogenous

Switching model in the presence of selection bias are also satisfied. Accordingly, these

include tests for correlation between the error terms in the treatment and outcome

models (atanh ρ), heteroscedastic error terms (ln σ), and the Wald test of independent

equations (ρ = 0), and they are all valid. To elaborate, the calculated values of the
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Fig. 3.5 Distribution density of distance to central administration in
kilometers by public works employment status

In Figure 3.5, we can see the continuous distance to central administration based on public works
employment status. The figure demonstrates that there are no systematic differences between the two
groups, and the mean difference tests across the years in Table 3.1 support this conclusion.

chi-square statistics are significant, indicating that we need to reject the hypothesis

ρ = 0, implying that the two equations (Treatment and Outcome) are not independent.

That means the endogenous switching model helps to handle when selection bias,

heteroscedastic errors, and correlated error terms exist. The details of these test

statistics are given in the bottom parts of Tables 3.3, 3.4, 3.5, 3.6, and 3.7.

The second stage determines a household’s SWC adoption status and the level of

labor hours allocated to agricultural and non-agricultural activities using the predicted

participation status in the first stage. Not all farm households adopt SWC practices. The

individual conservation measures in the aggregate SWC practices include terracing, check

dams, afforestation, and contour farming. The households practice these measures either

in isolation or in combination. A farm household practicing and maintaining at least one

of these conservation measures either as recommended or with some modification refers

to an adopter, where “1” denotes households that practice (hereafter, adopters), and “0”
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stands for non-adoption (hence, non-adopters). The Tit in Equation 3.6 is a dummy

treatment variable denoting the situation of a household i being an adopter or not at time

t. The impact estimate on the probability of adopting SWC practice and the level of labor

hours allocation is depicted and interpreted as either ATE for the entire sample or ATT

for those community members who received the treatment. The additional controls (Xit)

include household size (number in adult equivalent), land size (in hectares), irrigation

access (dummy), tenure security (dummy), credit access (dummy), and the farm plot’s

elevation (in meters).

Fourth, we employ the Full Information Maximum Likelihood (FIML) approach, one

of the variants of the endogenous-switching regression model. This approach helps in

dealing with selection bias. Terza (1998) states that the two-stage method of moments

(TSM) estimator is relatively robust. It is a nonlinear least-squares estimator equivalent

to the popular Heckman two-stage or “Heckit” approach Heckman (1979). It helps to deal

with selection bias, assuming a binary switch, which is endogenous for the outcome. This

empirical specification applies to outcome variables of interest, including SWC practices

and labor engagement in agricultural and non-agricultural activities in rural areas.

Fifth, we implement two additional alternative empirical specifications to probe the

robustness of the main results. The first of these alternative specifications is regression

analysis. In this case, we estimate the ATE for the entire sample using the Pooled Ordinary

Least Squares (POLS) estimation. The justification for this approach is that the basis of

selection for public works employment is observable to policymakers and analysts. Hence,

controlling for these observable variables with other controls using regression analysis can

improve the efficiency of the estimate. Recall that both Sharp et al. (2006) and Andersson

et al. (2011) supported this approach for the reason stated in earlier discussions.

Finally, we conducted additional robustness checks using an alternative identification

strategy. Here, we employed the Lewbel two-step IV method (Lewbel, 2012). This

approach exploits heteroskedasticity-based instruments to provide an efficient estimate

with the existence of endogenous explanatory regressors or measurement errors as stated

in Lewbel (2018) and Baum et al. (2013). In this approach, identification requires

regressors to be uncorrelated with the product of heteroscedastic error terms. This

assumption is a feature of many models where the correlation of error terms in the two

models happens due to an unobserved common factor. This approach can be applied

when valid external instruments are missing. Or else, when we use external instruments
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to improve the efficiency of the IV estimator. This approach also allows ‘Sargan–Hansen’

orthogonality condition tests or over-identifying restrictions. This statistical test is

missing in the just-identified cases using external instruments. Hence, this allows for

simultaneous testing of the validity of external and constructed or generated

instruments. The Lewbel approach is similar to the dynamic panel data estimators

presented in Arellano and Bond (1991) since the latter estimators use lagged values for

endogenous regressors for identification. However, the Lewbel approach has an

advantage in applying purely cross-sectional, time series, or panel datasets.

In summary, here are a few additional notes on the alternative empirical approaches

to improve the consistency of the estimates. Both endogenous-switching regression and

the Lewbel method employ an instrumental variable approach to deal with potential

endogeneity due to selection bias. The inference in this paper sticks to the main estimation

results from the endogenous-switching regression model. The regression analysis and

the Lewbel approach are employed to scrutinize the robustness of the main results. In

addition, we included time-fixed effects or the year dummy (in the Lewbel method) to

address unobserved heterogeneity over time. Since there are 21 districts, we include

district-fixed effects to handle heterogeneity in the residence location of the households.

Finally, additional controls in the estimations include household size, land size, irrigation,

tenure security, credit access, and farm plot elevation.

3.5 Results and discussion

This section presents empirical results for the impact of drought shock-induced

public works employment on the adoption of SWC practices and the level of household

labor allocation to different activities in rural areas. Public works employment is a

significant part of the PSNP, which aims to deliver resource conservation and improve

livelihoods for people in rural areas. This paper further evaluates the program’s role in

household labor allocation decisions for agricultural and non-agricultural activities.

Therefore, we consider household adjustment in labor engagement as one possible

mechanism through which public works employment can influence conservation measures

in rural areas. Specifically, Section 3.5.1 provides the main results. Section 3.5.2 explains

possible mechanisms through which public works employment affects investments in

SWC practices via household labor supply adjustments. Section 3.5.3 scrutinizes the

robustness of the main results.
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3.5.1 Main results

3.5.1.1 Public works and aggregate soil and water conservation

In this section, we gauge the effects of public works employment on SWC practices.

In particular, Table 3.3 presents the likelihood of adoption for aggregate SWC practices.

Tables 3.4 and 3.5 provide the probability of adoption for the two broad categories of

SWC practices (physical and biological SWC measures), respectively.

In particular, Table 3.3 reports the ATE and ATT coefficient estimates of public

works employment on aggregate SWC practice. The analysis employs the Poisson

regression with endogenous treatment effects. The results show that public works

employment increases the likelihood of adopting SWC practice under different

specifications. The impact estimates in all cases are statistically significant at the 1%

level. The estimated ATE on public works employment in the first row of Table 3.3

ranges from about 0.106 to 0.118 for the different specifications of controls. The

estimated values imply that the average sample households increase investment in

aggregate SWC practices if employed in public works. The ATT in the second row of

Table 3.3 is close to the ATE estimates in the first row. The similarity between the ATT

and ATE values indicates that the average households employed in public works would

respond with similar adoption of SWC practices if they did not get employment in the

program.

The first two columns of Table 3.3 provide the ATE and ATT estimates of the

baseline regression results without including additional controls. Public works

employment likely increases SWC practices in both cases. The ATE estimate on public

works employment in column (1) is 0.118, implying that the average household of the

entire sample practices results in 0.118 higher additional SWC practices when employed

in public works. Similarly, the ATT estimate on public works employment in column (2)

is 0.124. Thus, the average household in the treated population might likely practice

SWC with a 0.124 higher probability than it would if they were not participants in the

public works program.

Moreover, the ATE and ATT estimates in columns (3) and (4), respectively, are robust

to the additional controls. Columns (5) and (6) report ATE and ATT coefficient estimates

under full specifications, considering farm plot elevation in addition to the preceding

additional controls under columns (3) and (4). The inclusion of farm plot elevation aims to
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Table 3.3 Effects of public works employment on aggregate SWC practices

Full Information Maximum Likelihood (FIML) approacha

Depend. var: Aggregate SWC practice (1=yes) (1) (2) (3) (4) (5) (6)

Public works: ATE 0.118∗∗∗ 0.106∗∗∗ 0.111∗∗∗

(0.023) (0.022) (0.022)

ATT 0.124∗∗∗ 0.113∗∗∗ 0.118∗∗∗

(0.024) (0.023) (0.023)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — — ✓ ✓ ✓ ✓
Elevation — — — — ✓ ✓

Instrument ✓ ✓ ✓ ✓ ✓ ✓

Dependent variable control mean 0.621

/atanh ρ -1.353∗∗∗ -1.326∗∗∗ -1.232∗∗∗

/ln σ -6.754∗∗∗ -7.082∗∗∗ -8.215∗∗∗

Wald test of Indep. Eqns. (ρ = 0): χ2
(1) 409.32∗∗∗ 427.07∗∗∗ 90.22∗∗∗

Observations 5801 5801 5800 5800 5800 5800

In all cases, estimations demonstrate the impact of public works employment, instrumented by distance to
central administration, on a binary measure aggregate SWC practices indicator, including terracing, check
dams, afforestation, and contour farming. The FIML approach is a variant of the endogenous switching
regression model that employs the two-stage method of moments (TSM). The coefficient estimates on public
works refer to marginal effects corresponding to ATE and ATT under different specifications. Columns (1)
and (2) present baseline estimates without additional controls, while columns (3) and (4) include additional
controls such as household size (in adult equivalent), land size (in hectares), irrigation access (dummy),
tenure security (dummy), and credit access (dummy). Columns (5) and (6) are full specifications by
incorporating the farm plot’s elevation (in meters) in addition to earlier controls in columns (3) and (4).
All estimations report robust standard errors in parentheses, and asterisks show significance at the ∗ 10%,
∗∗ 5%, and ∗∗∗ 1% levels.

a The FIML approach is a variant of the Endogenous Switching Model that employs the Poisson
regression with endogenous treatment effects. It uses “etpoisson” command to estimate both the
Average Treatment Effect (ATE) and Average Treatment Effect on the Treated (ATT) with robust
standard errors. The details of estimation procedures are available at https://www.stata.com/
manuals/teetpoisson.pdf.

test the sensitivity of the estimated coefficients to differences in altitude. The coefficient

estimate on elevation in the Poisson regression with endogenous treatment is positive

and statistically significant at 1% (not formally reported), confirming that public works

target highland areas, as shown in the program implementation manual. In addition,

the ATE and ATT estimates that include elevation are slightly higher, suggesting the

exclusion of this variable might understate the impact estimate. Furthermore, the results

in columns (5) and (6) are consistent and comparable with the baseline and estimations

with additional controls. The average predicted aggregate SWC practice for households in

the entire sample (ATE estimates) and those employed in the program (ATT estimates)

https://www.stata.com/manuals/teetpoisson.pdf
https://www.stata.com/manuals/teetpoisson.pdf
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are similar but slightly higher for participants (0.118 as compared to 0.111).

We stick to the explanation provided in Terza (1998) for slight differences in the

ATE and ATT estimates from similar specifications. While using the Endogenous

treatment model, the ATE and ATT will only be the same under specific conditions.

These conditions include the absence of correlation between errors from treatment and

outcome equations and the exogenous covariates X’s having the same distribution in the

overall population and treated sub-population. Despite the slight differences, all

specifications reveal a positive effect of public works employment on the likelihood of

SWC practices. The results suggest that public works employment enhances investments

in SWC practices at the household level.

Finally, the bottom part of Table 3.3 reports the statistical test results required in the

second stage of the Endogenous Switching Model. As we can recall from discussions under

Section 3.4.3, the vital tests for adequacy and reliability of this model include checking

for the significance of the estimated correlation coefficient between the error terms in the

treatment and outcome model (atanh ρ), heteroskedastic error terms (ln σ), and the Wald

test of independent equations (ρ = 0). In all cases, the test statistics are significant under

different specifications. These imply that the statistical test results are all valid and that

the selection of the endogenous switching model is appropriate for gauging the effects of

public works on SWC adoption.

3.5.1.2 Heterogeneous effects of public works on different categories of SWC

measures

Tables 3.4 and 3.5 focus on the physical/structures and biological/vegetative measures

of SWC practices, respectively. Such categorization intends to examine the robustness

of the main results. The two categories require different labor intensities for practice.

Accordingly, building structural measures such as terracing and check dams are relatively

more labor-intensive than vegetative SWC measures. Afforestation and contour farming

practices are related to tree planting and tilling/planting across sloped land consistent

with lines of elevation to conserve rainwater and reduce soil losses by controlling run-off.

Results in Table 3.4 indicate the effects of public works employment on physical

conservation measures. Hence, drought shock-induced public works likely increase the

probability of adopting physical conservation measures. Focusing on the first row of
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Table 3.4, the ATE estimates range approximately from 0.15 to 0.18 under different

specifications of the Endogenous Switching Model.

Table 3.4 Effects of public works employment on Physical SWC measures

Full Information Maximum Likelihood approach
Dependent var: Physical SWC practices (1=yes) (1) (2) (3) (4) (5) (6)

Public works: ATE 0.183∗∗∗ 0.149∗∗∗ 0.153∗∗∗

(0.028) (0.026) (0.026)

ATT 0.187∗∗∗ 0.160∗∗∗ 0.164∗∗∗

(0.027) (0.027) (0.027)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — — ✓ ✓ ✓ ✓
Elevation — — — — ✓ ✓

Dependent variable control mean 0.414

/atanh ρ -1.421∗∗∗ -1.353∗∗∗ -1.256∗∗∗

/ln σ -5.908∗∗∗ -6.483∗∗∗ -8.450∗∗∗

Wald test of Indep. Eqns. (ρ = 0): χ2
(1) 293.01∗∗∗ 285.28∗∗∗ 361.14∗∗∗

Observations 5801 5801 5800 5800 5800 5800

In all cases, estimations demonstrate the impact of public works employment, as influenced by the
distance to central administration, on a binary measure of structural/physical SWC practices indicator,
including terracing & check dams. The coefficient estimates on public works employment are marginal
effects from the endogenous switching model corresponding to ATE and ATT under different specifications.
Columns (1) and (2) present baseline estimates without additional controls, while columns (3) and (4)
include additional controls such as household size (in adult equivalent), land size (in hectares), irrigation
access (dummy), tenure security (dummy), and credit access (dummy). Columns (5) and (6) are full
specifications by incorporating the farm plot’s elevation (in meters) in addition to earlier controls in
columns (3) and (4). All estimations report robust standard errors in parentheses, and asterisks show
significance at the ∗ 10%, ∗∗ 5%, and ∗∗∗ 1% levels.

Table 3.4 further presents that the magnitudes of ATE and ATT estimates for

physical measures are relatively higher than similar estimates of the aggregate SWC

practices in 3.3. The results show that the average households in the sample invest more

in physical/structural SWC practices when participating in public works. For instance,

the estimation in the full specification of column (5) shows that the average household of

the whole sample likely had about 0.153 higher predicted physical/structural SWC

practices when employed in public works. In other words, participation in public works

employment yields a greater probability of adopting physical SWC measures for

employed households than the control sample. In addition, the ATT estimates in the

second row of Table 3.4 are also close in magnitude to the ATE estimates in the first

row.

Table 3.5 presents the estimates of the effects of public works employment on
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biological conservation measures. Irrespective of the employed specifications, the ATE

and ATT estimates are negative and insignificant. Moreover, the results are stable and

not sensitive to the inclusion of additional controls in the estimations. The results

suggest that the program has limited effects on biological/vegetative SWC measures,

which are relatively less labor-intensive but long-term investments in conservation

measures. Hence, the results further highlight that while public works influence

physical/structural SWC practices, they do not affect the vegetative SWC measures

despite the former being relatively labor-intensive but might require a short time to

promote sustainable land management, hence improving productivity and food security

in rural areas.

Table 3.5 Effects of public works employment on biological SWC measures

Full Information Maximum Likelihood approach
Dependent var: Biological SWC practices (1=yes) (1) (2) (3) (4) (5) (6)

Public works: ATE -0.023 -0.015 -0.014
(0.026) (0.026) (0.026)

ATT -0.025 -0.016 -0.015
(0.028) (0.028) (0.028)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) ✓ ✓ ✓ ✓ ✓ ✓
Additional controls — — ✓ ✓ ✓ ✓
Elevation — — — — ✓ ✓

Dependent variable control mean 0.347

/atanh ρ 1.385∗∗∗ 1.416∗∗∗ 1.431∗∗∗

/ln σ -5.900∗∗∗ -5.612∗∗∗ -5.490∗∗∗

Wald test of Indep. Eqns. (ρ = 0): χ2
(1) 157.11∗∗∗ 177.54∗∗∗ 177.42∗∗∗

Observations 5801 5801 5800 5800 5800 5800

In all cases, estimations demonstrate the impact of public works employment, instrumented by the
distance to central administration, on a binary measure of biological SWC practices indicator that
includes afforestation & contour farming. The coefficient estimates on public works employment are
marginal effects from the endogenous switching model corresponding to ATE and ATT under different
specifications. Columns (1) and (2) present baseline estimates without additional controls, while columns
(3) and (4) include additional controls such as household size (in adult equivalent), land size (in hectares),
irrigation access (dummy), tenure security (dummy), and credit access (dummy). Columns (5) and (6)
are full specifications, incorporating the farm plot’s elevation (in meters) in addition to earlier controls
in columns (3) and (4). All estimations report robust standard errors in parentheses, and asterisks show
significance at the ∗ 10%, ∗∗ 5%, and ∗∗∗ 1% levels.

In general, investment decisions are higher for households participating in public

works despite the two broad categories of SWC measures that might be complementary

in rural areas. These variations in investment decisions might be due to relative

differences in technical skill or specific know-how, capital, land, and other resource
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requirements to implement these conservation measures. For instance, relatively

permanent check dams, afforestation, and contour farming require advanced technical

skills, capital investments, marginal land (e.g., afforestation), and additional resources

compared to terracing activities. However, public works employment targets households

with able-bodied family labor but with different constraints related to resource

endowment (land holding, oxen ownership) and asset holdings. A relatively lower

resource endowment might be due to households’ vulnerability to drought shock, among

other factors. This results in chronic food insecurity that calls for social protection

programs and assistance from different parties. Hence, the successful implementation of

conservation measures might require technical skills and capacity-building services that

can complement public works to promote sustainable land management and

conservation practices as an adaptation to drought.

In conclusion, participation in public works likely increases the adoption of SWC

measures in rural Ethiopia. Drought shock significantly drives program participation.

Despite concerns in the literature about public works potentially crowding out

participants’ own soil and water conservation and agricultural efforts, the results suggest

that public works likely contribute to enhanced soil and water conservation practices. To

put it differently, social protection targeting public works employment increases

investments in labor-intensive SWC practices at the household level. The average

difference is higher and more significant for participants than non-participants. That

means community-level employment in infrastructure-building activities can trickle down

to household-level investments, contributing to two main reasons. First, household

employment in public works generates additional income, enhancing SWC practices.

Second, the experiences gained at the community level can encourage farmers to

participate in their farms’ conservation efforts.

The program mainly helps with labor-intensive physical resource conservation

measures, like building structures to prevent soil erosion, but has less effect on

biological/vegetative conservation measures, such as planting trees to protect the soil.

The differential effects of the program on the two categories of conservation measures

might be due to the nature of these practices. The labor-intensive resource conservation

measures often require relatively more technical skills, capital, and labor intensity that

can benefit from provisions and support to households participating in public works

programs. However, biological/vegetative conservation measures often require a long
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time for their restoration.

The results highlight that public works programs can complement and enhance

individual soil and water conservation efforts. Public work programs often provide

resources (for instance, training, tools, and financial incentives) that individuals or small

farmers might not have access to independently. Additionally, these programs can create

a network of support that encourages better practices and greater participation, helping

to improve conservation outcomes. Moreover, such social protection programs might give

people behavioral incentives by providing job opportunities and financial compensation

and can motivate individuals to engage in practices they might have otherwise neglected.

The results can also have broader implications for different outcomes in rural areas.

The argument proceeds as follows. Public works programs improve soil and water

conservation, enhancing agricultural productivity through improved soil health, leading

to higher crop yields and economic gains. They also help develop skills, mobilize labor,

and increase productivity, resulting in higher incomes. Furthermore, effective

conservation reduces future environmental degradation, preventing losses and lowering

costs. Finally, healthier agricultural sectors can boost rural incomes, increase local goods

and services demand, and stimulate broader economic growth, leading to long-term

benefits that far outweigh the initial costs.

Our empirical findings align with the positive and statistically significant Average

Treatment Effect (ATE) estimate reported in Bahru and Zeller (2022). This study

employed a targeted maximum likelihood estimation procedure to conclude that

participation in the Productive Safety Net Program (PSNP) enhances household

involvement in watershed activities, which are essential for conservation efforts.

Similarly, participation in the PSNP significantly increased tree cover in less densely

populated areas and on steeply sloped terrain, and in the long run (Hirvonen et al.,

2022). Besides, our finding supports a statistically significant ATT estimate in

Andersson et al. (2011) using regression analysis. That study estimated the effects of

PSNP participation on the number of tree holdings and confirmed involvement in PSNP

increased tree holdings10, and the difference between participants and non-participants

was statistically significant. Of course, households’ tree holdings can be either household

assets or part of long-term investment efforts to improve land cover by complementing

10 Both tree holdings by Andersson et al. (2011), and tree cover analysis in Hirvonen et al. (2022) can
equivalently signify farm households afforestation practices, which is one major component of promoted
conservation measures in the current study.
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the SWC practices and promoting better agricultural production. However, our results

contradict the finding in Adimassu and Kessler (2015) that stated that households who

participated in highly labor-intensive public works of the PSNP had less investment in

soil erosion control measures than non-participating households.

3.5.2 Mechanisms

Recall the previous discussions in Section 3.2.2 on page 52 in which public works

employment could directly or indirectly affect different aspects of society in rural areas.

The direct effects work through investments in sustainable land management, such as

SWC measures, and several potential pathways for the indirect effects of the program.

Therefore, this section discusses these issues as mechanisms through which public works

employment could indirectly enhance farm-level investment in conservation measures. In

other words, evaluations focus on how public works employment can create a difference in

labor hours allocated to agricultural and non-agricultural activities, referring to Adimassu

and Kessler (2015), Deininger et al. (2016), Imbert and Papp (2020), Bhargava (2023),

and Gazeaud et al. (2023).

An inquiry about whether public works employment could create a crowding-in effect

of labor engagements in agricultural activities is inconclusive and widely debatable in

the literature. For instance, Koohi-Kamali (2010) states that public works employment

can increase labor hours spent on private farm plots and investments in marginal land.

Gehrke and Hartwig (2018) also showed that public works employment can induce

productive investments via income and insurance effects when the program is sufficiently

reliable and long-term. Furthermore, Zimmermann (2024) confirmed that participation

in public works could improve welfare by allowing participants to shift from work for pay

to self-employment activities, hence limited evidence of a crowding out of private-sector

jobs. On the contrary, Ajefu, Joseph Boniface and Abiona, Olukorede (2019) indicated

that public works likely increase non-agricultural labor as excess informal labor market

opportunity reduces school engagements for children during positive shock periods in

rural India.

Therefore, our regressions in the subsequent subsections focus on household labor

engagements in agricultural and non-agricultural activities in the past seven days. The

empirical estimations for these outcome variables also apply the FIML approach of the

Endogenous Switching Model and the household distance to central administration to
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instrument the public works employment endogenous regressor, similar to the analysis for

identifying SWC practices.

3.5.2.1 Public works employment and agricultural labor

Table 3.6 presents the effects of public works employment on household labor hours

allocated to agricultural activities. In all cases, the dependent variables are dummies

for three different thresholds for household labor hours allocated to agricultural activities

in the last seven days. In addition, all estimations involve full specifications. The first,

middle, and final two columns, respectively, refer to the proportion of a household’s total

labor allocation to agricultural activities in the Bottom 25%, Middle 50%, and Top 25%

threshold.

Columns (1) through (6) of Table 3.6 present the ATE and ATT coefficient estimates of

public works employment on different proportions of labor hours allocated to agricultural

activities. Accordingly, the size of the ATE and ATT coefficient estimates are identical

for the first two columns and close in the other remaining columns. On average, labor

hours allocated to agricultural activities by participants in public works likely outweigh the

allocation to similar activities by non-participants of the program, irrespective of the labor

hours thresholds. Furthermore, the largest and strongest effect exists in the proportion

equal to the Middle 50% threshold of total labor hours allocated to agricultural activities.

That means columns (3) and (4) of Table 3.6 show about 10% greater total labor hours

allocation to agricultural activities for the treated households than the control group for

the total labor hours threshold in the middle 50%. The effects are similar for average

households of the entire sample (ATE) and the treated group (ATT). We interpret the

ATE and ATT estimates in columns (1), (2), (5), and (6) accordingly.

In summary, results in Table 3.6 show that labor hours allocated to agricultural

activities by participants in public works are higher than non-participants, irrespective

of the specified thresholds. Estimation results under similar labor allocation thresholds

are almost the same for average households of the entire and treated samples. In other

words, the ATE and ATT estimates are either identical or very close in magnitude under

the subsequent pair of estimations. The positive and significant coefficient estimates

imply that participants in public works allocated more labor hours to agricultural

activities than the non-participants. The results suggest that the increase in labor

engagements in agriculture may be one mechanism through which public works
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Table 3.6 Effects of public works employment on agricultural labor hours

Dependent var: Agricultural labor hours (dummy) Bottom 25% Middle 50% Top 25%
(1) (2) (3) (4) (5) (6)

Public works: ATE 0.031∗∗ 0.098∗∗∗ 0.036∗∗

(0.016) (0.019) (0.017)

ATT 0.031∗∗ 0.099∗∗∗ 0.038∗∗

(0.015) (0.019) (0.018)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) ✓ ✓ ✓ ✓ ✓ ✓
Additional controls ✓ ✓ ✓ ✓ ✓ ✓
Elevation ✓ ✓ ✓ ✓ ✓ ✓

Sample Mean (unemployed) (%) 0.746 0.496 0.245
Number of Households (Underemployed) 8205 8205 8205

/atanh ρ 1.915∗∗∗ 1.920∗∗∗ 1.955∗∗∗

/ln σ -7.592∗∗∗ -6.156∗∗∗ -4.564∗∗∗

Wald test of Indep. Eqns. (ρ = 0): χ2
(1) 8.31∗∗∗ 8.02∗∗∗ 12.11∗∗∗

Observations 8667 8667 8667 8667 8667 8667

The dependent variables refer to dummy agricultural labor hours for three different thresholds. The
coefficient estimates on public works employment represent the marginal effects from the endogenous
switching model corresponding to ATE and ATT. All columns (1) through (6) represent full specifications
that include additional controls such as household size (in adult equivalent), land size (in hectares),
irrigation access (dummy), tenure security (dummy), credit access (dummy), and farm plot’s elevation (in
meters). Furthermore, all estimations report robust standard errors in parentheses, and asterisks indicate
significance at the ∗ 10%, ∗∗ 5%, and ∗∗∗ 1% levels.

employment can promote investments in resource conservation. Hence, this can improve

various economic outcomes, including agricultural production, sustainable land use, and

food security in rural areas of developing economies.

3.5.2.2 Public works employment and non-agricultural labor

Columns (1) through (6) of Table 3.7 present the estimated effects of public works

employment on the likelihood of household labor allocation to non-agricultural activities

under specific thresholds. The estimations consider only the top 25% thresholds of

non-agricultural labor engagements. The analysis is limited to only the top

non-agricultural labor hours because the majority (about 77%) of the households in the

entire sample were not engaged in non-agricultural activities where there are many zero

labor hours to the left of the specified threshold. In other words, we only observe labor

engagements in non-agricultural activity thresholds to the right of the top 25%.

Accordingly, columns (1) and (2) show the Top 25%, columns (3) and (4) provide the
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Top 10%, and columns (5) and (6) indicate the Top 5% of total labor hours that a

household in rural areas allocated to non-agricultural activities.

Table 3.7 Effects of public works employment on non-agricultural labor hours

Dependent var: Non-agricultural labor hours (dummy) Top 25% Top 10% Top 5%
(1) (2) (3) (4) (5) (6)

Public works: ATE -0.052∗∗∗ -0.027 -0.014
(0.018) (0.017) (0.013)

ATT -0.037∗∗∗ -0.018 -0.009
(0.013) (0.011) (0.008)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) ✓ ✓ ✓ ✓ ✓ ✓
Additional controls ✓ ✓ ✓ ✓ ✓ ✓
Elevation ✓ ✓ ✓ ✓ ✓ ✓

Sample Mean (unemployed) (%) 0.225 0.170 0.094
Number of Households (Underemployed) 8205 8205 8205

/atanh ρ -1.917∗∗∗ 1.911∗∗∗ 1.912∗∗∗

/ln σ -6.331∗∗∗ -7.186∗∗∗ -11.742∗∗∗

Wald test of Indep. Eqns. (ρ = 0): χ2
(1) 7.34∗∗∗ 6.42∗∗ 7.32∗∗∗

Observations 8667 8667 8667 8667 8667 8667

The dependent variables indicate dummy non-agricultural labor hours across three different thresholds.
The coefficient estimates on public works employment represent the marginal effects from the endogenous
switching model corresponding to ATE and ATT. All columns (1) through (6) represent full specifications
that include additional controls such as household size (in adult equivalent), land size (in hectares), irrigation
access (dummy), tenure security (dummy), credit access (dummy), and farm plot’s elevation (in meters).
Furthermore, all estimations report robust standard errors in parentheses, and asterisks indicate significance
at the ∗ 10%, ∗∗ 5%, and ∗∗∗ 1% levels.

The results in Table 3.7 show that the coefficients of public works employment are

negative in all cases. They show that participation in public works had a downward

pressure on non-agricultural labor hours and reduced the likelihood of non-agricultural

labor hours allocation per week for the average household of the entire and treated

samples. In other words, they imply that participants are less likely to allocate

household labor to non-agricultural activities, irrespective of the thresholds specified.

Focusing on columns (1) and (2) of Table 3.7, the estimated ATE and ATT coefficients

are about -5.2% and -3.7%, respectively, implying that participants in public works

allocate lower labor hours to non-agricultural activities than non-participants. In other

words, non-agricultural labor hours are lower for households participating in public

works for the proportion of total labor hours in the Top 25% threshold. The results

suggest that participation is associated with lower non-agricultural labor hours among

households in the top 25% of the labor distribution compared to non-participating
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households. We found no evidence for the differences in the effects of public works

employment on non-agricultural labor hours allocation for relatively higher thresholds

(i.e., labor allocation to non-agricultural activities for the proportion of labor in the Top

10% and Top 5%) in columns (3) through (6). Although the effects are not statistically

significant for the top 10% and top 5%, this does not necessarily indicate a weak overall

effect. The consistent negative sign of the coefficients across all thresholds points to a

potential reduction in non-agricultural labor hours among high-intensity participants,

even if the strength of the effect varies by threshold.

The results on household labor engagements in Table 3.6 and 3.7 indicate that while

public works employment likely increases agricultural labor, it reduces non-agricultural

labor hours per week. The results confirm that the two activities compete for labor

hours, and an increase in labor hours allocated to agricultural activities means a

reduction in its availability for non-farm activities since the total available hours per a

given time is limited. The average differences in labor hour engagements in agricultural

and non-agricultural activities, respectively, are higher and lower for participants than

for non-participant households. The results suggest that farm households exert more

effort on agricultural activities when employed in public works. In peasant agriculture,

the increase in agricultural labor among public works participants likely reflects the

reallocation of previously underutilized household labor. Given the prevalence of

underemployment in such settings, public works may enable more efficient use of idle

labor rather than crowding out other productive activities. Hence, both results support

that household labor adjustments are mechanisms to promote investments in

conservation measures that help rural households adapt to drought shock. Consequently,

such improved resource conservation and altered labor allocation can enhance

sustainable land use by increasing productivity and improving food security.

To this end, participation in the program is also more likely to increase labor

engagement in agricultural activities but reduce work hours in non-agricultural

activities. Such labor adjustments and engagement in different activities are the indirect

mechanisms through which public works influence conservation efforts and agricultural

production in rural areas of developing economies. Public works employment at the

community level can trickle down and enhance micro-level investment in conservation

measures. Accordingly, participation in public works significantly increased household

labor hours allocation to agricultural activities but reduced hours in off-farm
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employment. In other words, farm households participating in the program typically

spend more hours on agricultural activities while working fewer hours in off-farm

activities. This finding aligns with one of the recent findings in Bahru and Zeller (2022)

that stated participation in PSNP significantly increased time spent in agricultural

work. In addition, the results support the findings in Maity (2020), which indicates that

the participation of adults in India’s National Rural Employment Guarantee Act

(NREGA) increases the number of work days in agricultural activities for boys.

Moreover, the results on the effects of public works employment on household labor

allocation support the idea that participation in the program can create crowding-in

effects of labor hours engaged in agricultural activities. For instance, Koohi-Kamali

(2010) states that public works employment increases labor hours spent on private farm

plots and investments in marginal land. Gehrke and Hartwig (2018) also showed that

public works employment induces productive investments via income and insurance

effects when the program is sufficiently reliable and long-term. Furthermore,

Zimmermann (2024) confirms that participation in public works could improve

participants’ welfare by allowing them to take on more risky self-employment activities,

showing limited evidence for its crowding-out effects on private-sector jobs. On the

contrary, participation in public works employment likely lowers household labor

engagements in non-agricultural activities for a proportion of labor hours in the top

25%. The results suggest that public works employment helps farm households focus on

agricultural activities and increase investment in conservation measures. The income

earned, experience acquired, and reduced time and search costs of other off-farm

employment in this regard might help. The results support the findings in Bahru and

Zeller (2022), which state that participation in PSNP decreased time spent in

non-agricultural work. However, the magnitude of the ATT in Bahru and Zeller (2022)

is small and does not match the result in the current study.

3.5.3 Robustness checks

Robustness checks scrutinize the validity of the drought shock-induced effects of

public works employment. We examine the robustness of the results using different

methods. First, we analyze the impacts of self-reported drought on public works and

SWC practices. Appendix B Table B.1 presents the effects of self-reported drought on

public works participation and SWC practices, controlling for other confounding factors.



3.6. Conclusions 89

The results are robust to findings in Table 3.2. Accordingly, household self-reported

drought shock likely increases participation in public works and SWC practice. In other

words, the impact estimate for the drought shock indicator exhibits the expected signs.

In addition, it influences the adoption of productivity-enhancing and drought-adaptation

SWC practices. Appendix B Table B.1 also confirms the negative correlation between

public works (endogenous regressor) and household residence distance to central

administration (the instrumental variable), which aligns the results in Table 3.2. Hence,

this suggests that the longer distance to central administration discourages participation

in public works as it can create high transaction costs for registration and opportunity

costs of participating in the program.

Moreover, the results are robust to alternative estimation approaches. Appendix B

Table B.2 presents the effects of public works employment on aggregate and the two broad

categories of conservation measures, controlling for distance to central administration and

other confounding factors using POLS. The results are robust for aggregate, physical, and

biological SWC practices. The estimated coefficients are comparable to the main results.

Furthermore, Appendix B Table B.3 reports estimation results from the Lewbel

two-step IV-GMM estimation in identifying the adoption of aggregate SWC practices.

The results are robust to the main findings under different specifications. In addition,

the crucial statistical tests of this approach, including under-identification, weak

identification, over-identification, and exclusion restriction conditions, are included at

the bottom of the table. The test statistics confirm that the problems of

under-identification, over-identification, and exclusion restrictions do not exist. Hence,

the estimates from this approach are comparable to results from the FIML approach in

the main results under Section 3.5.1 in Tables 3.3 through 3.5 and robustness checks

using the Pooled Ordinary Least Squares (POLS) in Table B.2 to measure the effects of

public works employment on SWC practices.

3.6 Conclusions

Weather shocks frequently affect various aspects of society in developing economies.

Consequently, public works are vital development and social protection safety nets that

target households facing extreme weather shocks (e.g., drought) and chronic food

insecurity.
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We use Enhanced Vegetation Index (EVI) anomalies, a proxy for a satellite-based

drought shock indicator, to examine how drought determines the probability of

participation in public works. In addition, we use rich and nationally representative

World Bank Living Standards Measurement Study-Integrated Surveys of Agriculture

(LSMS-ISA) panel datasets collected in 2011/12, 2013/14, and 2015/16 agriculture

seasons to investigate how drought-induced public works employment influences SWC

practices and household labor engagements in rural Ethiopia. Household labor allocation

to different activities is the indirect mechanism through which public works might

influence micro-level SWC practices. Public work employment is potentially endogenous

due to selection bias. Consequently, we employ the endogenous switching regression

model and instrumental variables approach to deal with selection bias. Household

distance from the central administration serves as an instrumental variable for public

works employment, showing a significant negative correlation with program participation

but no significant association with the outcome of interest. In other words, the farthest

distance might create the highest transaction costs of registration and opportunity costs

of participation. The statistical tests confirm that the instrument is valid.

The results show that drought shock significantly drives participation in public

works. Despite concerns in the literature about public works potentially crowding out

participants’ own soil and water conservation and agricultural efforts, the results suggest

that public works employment likely contributes to enhanced soil and water conservation

practices. Additionally, people who join the program tend to spend more hours working

in agriculture but end up working fewer hours in jobs outside of farming activities. In

particular, public works employment ATE coefficients vary from 0.106 to 0.118 for

aggregate SWC practices, irrespective of the differences in approaches and additional

controls in the specifications. Similarly, the ATT coefficient estimate for aggregate SWC

practices is 0.111 under full specifications and is comparable to the ATE coefficient

estimate. The results are significant at the 1% level. The findings suggest that

community-based labor-intensive conservation practices can trickle down to

household-level investments in conservation measures, where farmers increase investment

in plot-level labor-intensive SWC practices. We infer that the skills, experience, and

income benefits from participatory public works employment implemented at the

community level can generate favorable conditions for farm-level investments in resource

conservation to stimulate other linked outcomes in rural areas.
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The program mainly helps with labor-intensive physical resource conservation

measures, including building structures to prevent soil erosion, but has an insignificant

effect on biological/vegetative conservation measures, such as planting trees to protect

the soil. Hence, this shows that employment in public works affects conservation

measures differently. Successfully implementing different conservation measures requires

both technical skills and substantial capital investments. The differing impacts may

stem from the complementary nature of resources needed for implementing these

conservation strategies. Key constraints such as technical know-how, capital

requirements, and land size can lead to variations in investment decisions related to

conservation efforts. For example, conservation practices such as permanent check dams,

afforestation, and contour farming typically require more advanced technical skills,

substantial capital investments, and marginal land (e.g., for afforestation).

Consequently, the successful implementation of widely advocated resource conservation

measures in rural areas of developing economies may depend heavily on accessing critical

resources that complement public works employment.

In conclusion, the findings show that public works programs provide employment

opportunities for households in shock-prone and food-insecure areas of developing

economies. In this case, the fear that participation in public works creates resource

constraints is not substantiated. On the contrary, the uptake of SWC practices and time

spent in agriculture are higher for households employed in public works. Given these

findings, public works employment might benefit from supplementary investments in

technical know-how about conservation measures, making it easier to access agricultural

inputs and create incentives and provisions for capital. Consequently, enhanced

investment in conservation measures, increased labor allocation to agricultural activities,

and reduced labor allocation to non-agricultural activities can improve sustainable land

management, farm income, agricultural productivity, and food security. In other words,

public work programs improve soil and water conservation, which can reduce

environmental degradation with other related benefits, such as preventing losses and

lowering costs, and enhancing agricultural productivity through improved soil health,

resulting in higher crop yields and incomes. These programs can also help develop skills,

mobilize labor, and contribute to higher incomes and increased productivity. The

findings highlight that public works can promote sustainable land use and improve food

security by enhancing SWC practices and altering labor engagements in different
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activities. Despite its focus on rural Ethiopia, the findings can provide important

insights into the global implications of climate change, food security, agriculture, and

environmental sustainability in rural areas of developing economies.
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Highlights

• Weather shocks reduce agricultural productivity, underscoring the need for adaptation.

• Enhanced land cover change mitigates weather shock impacts, boosting productivity.

• Land cover mitigates drought in tropical cool and high-yield warm zones, requiring

adaptation.

Abstract

Climate variability poses significant challenges to rainfed agriculture, necessitating effective

adaptation. This study examines the effects of weather shocks on agricultural productivity and

the mitigating role of land cover change in rural Ethiopia. Using balanced panel data from

Ethiopia’s LSMS-ISA (2011/12, 2013/14, 2015/16) and satellite-based indicators, such as the

1 Affiliation: Department of Economics, Addis Ababa University, Addis Ababa, Ethiopia; Department
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Enhanced Vegetation Index and climatological temperature data, the analysis employs a

Multi-Way Fixed Effects estimator to address unobserved heterogeneity and endogeneity. Results

show that weather shocks significantly reduce productivity, but enhanced land cover can buffer

these effects. The mitigating effect is more pronounced across agroecological zones, especially in

tropical-cool and high-yield warm areas. These findings highlight the importance of land cover

management for boosting productivity, promoting sustainability, and enhancing food security.

The study identifies sustainable land use planning as a potential mechanism for nature-based

climate resilience in vulnerable rural areas.

Keywords: Climate variability, Agricultural productivity, Land cover change, Agroecological

zones, Ethiopia

JEL Classification: Q54, Q11, Q12, Q15, Q24, O55

4.1 Introduction

Agricultural productivity in sub-Saharan Africa, including Ethiopia, remains highly susceptible

to climate variability, particularly to weather shocks such as droughts, erratic rainfall, and extreme

temperatures (Affoh et al., 2022; Bouteska et al., 2024; Sinore and Wang, 2024; Di Falco et

al., 2011; Deressa et al., 2009). While previous studies in Ethiopia have analyzed the direct

impact of weather shocks on crop yields, limited research has explored the mediating role of land

cover dynamics—specifically, changes in forest cover, grasslands, and cultivated land—in shaping

resilience to climate shocks (Woldesenbet, 2022; Ahmad et al., 2018; Jayachandran et al., 2017;

Eric F. Lambin et al., 2003). Given Ethiopia’s ongoing afforestation efforts under the Climate

Resilient Green Economy (CRGE) strategy (FDRE, 2011), it is crucial to understand whether

land cover changes exacerbate or mitigate the productivity effects of weather shocks.

Climate variability—manifested through extreme weather events such as irregular rainfall

and rising temperatures—presents significant constraints for farm households in developing

economies (Adom, 2024; Kosmowski et al., 2016). For instance, Hossain et al. (2024) documents

the adverse impacts of heat stress on rice production and agricultural sustainability. Enhancing

income, agricultural productivity, and food security—while strengthening resilience to climate

change—remains a central development priority. Addressing these interconnected challenges is

essential for improving local adaptive capacity and advancing global development objectives,

particularly the Sustainable Development Goals focused on eradicating poverty and hunger

(Braun et al., 2021; Fentie and Beyene, 2019). Within this framework, improving agricultural

productivity remains a key pathway for elevating the economic well-being of rural populations

(M. Amare et al., 2021; Shikur, 2020; Gollin, 2010).

Land productivity in sub-Saharan Africa remains significantly lower than in other developing

regions, with widespread poverty posing persistent challenges. Despite ongoing interventions by

governments and development partners, the productivity gap endures. Rural communities are
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particularly vulnerable, as weather shocks and socioeconomic constraints continue to decrease

agricultural productivity (Makate et al., 2022; M. Amare et al., 2018). These pressures frequently

exacerbate deforestation (He and Chen, 2022), drive food price volatility (Kakpo et al., 2022),

and intensify food insecurity (Harvey et al., 2014). Addressing underlying factors such as land

degradation, inadequate water management, limited technological adoption, and weak market

infrastructure is critical to enhancing agricultural productivity in the region (Yigezu Wendimu,

2021; Asfaw et al., 2020; Wassie, 2020; Tarfasa et al., 2018; Dagnaw, 2007).

The relationship between land cover—particularly forests and grasslands—and agricultural

productivity is underpinned by key ecosystem services such as soil moisture regulation, erosion

control, nutrient cycling, and microclimate stabilization (FAO, 2011; Reid et al., 2005). These land

cover types enhance soil quality and buffer agricultural systems against climatic shocks and land

degradation (Lemenih and Itanna, 2005). In this study, vegetation greenness, measured using the

Enhanced Vegetation Index (EVI), is employed as a proxy for these ecological functions, reflecting

the role of natural vegetation in maintaining the biophysical conditions essential for sustained

productivity. Although engineered soil conservation structures are not explicitly modeled, the

framework incorporates land cover attributes associated with agricultural productivity (Teshome

et al., 2022; M. Kassie et al., 2008).

The broader relationship between agricultural productivity and natural resource use

highlights the need to integrate economic, environmental, and social dimensions in land

management. Land expansion and intensification affect resource conservation and long-term

sustainability, with outcomes contingent on the methods employed. While unsustainable

expansion often contributes to environmental degradation, well-managed intensification can

enhance productivity without compromising ecological integrity. Effective land management can

mitigate forest loss, control soil erosion, and reduce environmental degradation (Barakat et al.,

2019; Tadesse et al., 2017; Ananda and Herath, 2003), thereby enhancing both agricultural

productivity (AbdelRahman, 2023; Mirzabaev et al., 2023) and rural livelihoods (Barbier and

Hochard, 2018; Wubie et al., 2016; Bai et al., 2008). Sustainable practices enhance resource

conservation by reducing deforestation and fostering responsible land use (Nguyen et al., 2022;

Szerman et al., 2022). In Ethiopia, however, persistent challenges such as drought and land

degradation (Zewdu et al., 2016; Ariti et al., 2015) threaten land use systems and biodiversity

(Anteneh, 2022; Wassie, 2020). Addressing soil erosion and declining water availability is

essential for ensuring agricultural sustainability (Gitima et al., 2023; Endalamaw et al., 2021),

particularly for vulnerable subsistence farming communities. Understanding the interlinkages

between economic conditions, land cover, and soil quality is vital for effective poverty reduction

strategies (Barrett and Bevis, 2015).

A growing body of literature—globally and particularly in sub-Saharan Africa—highlights

the essential role of enhanced green land cover, including trees, forests, and agroforestry systems,

in strengthening rural households’ resilience to environmental and economic shocks. These
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land-use strategies contribute to local resilience by enhancing ecosystem stability, supporting

agricultural stability, diversifying income sources, and reducing vulnerability to climate-related

risks. Tree-based systems and agroforestry support global climate goals by easing pressure on

natural forests, boosting carbon storage, and promoting sustainable land use. These practices

enhance biodiversity and contribute to long-term ecological resilience, while simultaneously

increasing agricultural productivity and livelihoods through improved ecosystem health and soil

fertility (Tebkew et al., 2024; Meyer, 2023; Mbow et al., 2014; Lasco et al., 2014).

Empirical research demonstrates a significant correlation between weather-induced

shocks—such as droughts and extreme temperature events—and subsequent changes in land

cover. These climatic disturbances often drive shifts in vegetation patterns, land use practices,

and ecosystem structure, reflecting both direct biophysical impacts and adaptive human

responses to environmental stressors (Thapa, 2021; Abd El-Hamid et al., 2020; Shukla et al.,

2019; Sleeter et al., 2018). Weather events influence land use through disturbance patterns and

suitability for various purposes (Sayyadi et al., 2019; Quan and Dyer, 2008). Additionally,

human-environment interactions drive these changes (Siqi Yang et al., 2022; Wubie et al., 2016;

Zewdu et al., 2016). Effective land use decisions are crucial for climate adaptation as they affect

energy, water, and greenhouse gas exchanges between the land and the atmosphere (Barati et al.,

2023; Mendoza-Ponce et al., 2021).

Enhanced land cover change refers to deliberate and intensified modifications in land cover,

such as vegetation changes, to strengthen the resilience and functionality of ecological and

agricultural systems. These changes include practices like agroforestry, reforestation, wetland

restoration, and climate-smart agriculture (Patel et al., 2019; Pellikka et al., 2013;

Eric F Lambin and Meyfroidt, 2011). Huete et al. (2002) developed the EVI to enhance

vegetation assessment under high biomass and atmospheric interference. It is widely employed in

environmental, agricultural, drought, and land-use studies for its accuracy in capturing

vegetation dynamics. This study uses “land cover changes" and “land cover dynamics"

interchangeably, as continuous changes generate dynamics. Practices like reforestation,

agroforestry, and sustainable land management promote these changes, addressing environmental

challenges like extreme weather, land degradation, and biodiversity loss while enhancing

productivity and sustainability. Land cover dynamics are measured using the EVI, which tracks

green vegetation during the Meher season, averaged across zones. EVI, a remote sensing tool,

quantifies vegetation greenness while minimizing atmospheric effects and soil noise, offering

insights into the resilience of natural systems under changing environmental conditions. EVI

data from 2001–2011, 2001–2013, and 2001–2015 correspond to survey years in 2011/12, 2013/14,

and 2015/16. Understanding the interactions between land use, weather, and ecological processes

can improve natural resource management and enhance resilience to climate change.

While extensive research in Ethiopia has documented land use and land cover (LULC)

dynamics—driven by factors such as population growth, agricultural expansion, deforestation,
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and climatic shifts (Belete et al., 2023; Gebeyehu et al., 2023; E. N. Mekonnen et al., 2023; Hishe

et al., 2021)—limited attention has been given to how these changes interact with extreme

weather events. In particular, the joint and varied effects of land cover transformation and

climate-induced shocks on agricultural productivity across agroecological zones remain

insufficiently understood. This relationship is critical, as changes in land cover—such as

deforestation, reforestation, or the adoption of agroforestry—can significantly influence soil

quality, water retention, and local micro-climatic conditions, thereby affecting the resilience of

agricultural systems to climate extremes such as drought and heat stress. This study addresses

this gap by examining how land cover change influences the effects of weather shocks on

agricultural productivity, emphasizing agroecological differentiation to guide context-specific

adaptation strategies.

This study investigates the interplay between weather shocks, agricultural productivity, and

land cover dynamics in rural Ethiopia. By leveraging high-resolution satellite imagery and panel

survey data, it assesses how changes in land cover—through improved vegetation cover and

sustainable land use practices—can buffer the adverse effects of weather shocks by enhancing

productivity and adaptive capacity. Specifically, the analysis focuses on (i) the impact of weather

shocks on agricultural productivity, with an extended analysis across diverse agroecological

zones, (ii) the role of land cover improvements in mitigating these impacts, and (iii) the

interaction among agroecological heterogeneity, weather shock exposure, and land cover

dynamics in shaping agricultural productivity.

This study contributes to the literature by combining high-resolution land cover data with a

Multiway Fixed Effects econometric approach to investigate the underexplored relationship

between weather shocks, land use changes, and agricultural productivity in Ethiopia. Using

household-level data from the Ethiopian Socioeconomic Surveys (2011/12, 2013/14, 2015/16),

the study offers new insights into how land cover changes influence household responses to

climatic variability across tropical cool and warm agroecological zones. The study proposes an

integrated policy approach to mitigate climate change impacts on agricultural productivity,

emphasizing sustainable land use as vital for enhancing land cover, reducing vulnerability to

weather shocks, and improving agricultural productivity. It offers policy-relevant

recommendations aligned with Ethiopia’s CRGE strategy, Climate-Smart Agriculture (CSA),

and sustainable forestry goals. The findings underscore the importance of targeted investments,

increased smallholder awareness, and coordinated stakeholder engagement to strengthen climate

resilience and sustainability in rural Ethiopia and other similar developing contexts.

While the adverse effects of drought and extreme temperatures on agricultural productivity

are well documented, this study advances the literature by integrating satellite-derived

vegetation indices with high-resolution climate data to assess the moderating role of land cover.

Employing a multi-level fixed effects framework, it provides context-specific evidence from

Ethiopia and offers policy-relevant insights for targeted climate adaptation and sustainable land
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management. Enhancements in land cover—through practices such as reforestation and

agroforestry—ameliorate these negative impacts by improving soil quality, water retention, and

ecosystem resilience. This mitigating effect is most pronounced in tropical-cool and

high-potential tropical-warm zones, underscoring their vulnerability to climate variability and

the need for focused adaptation strategies. The findings emphasize the importance of

coordinated efforts among rural communities, policymakers, and development partners to

strengthen land cover, promote sustainable land management, and enhance agricultural

productivity, food security, and long-term resilience.

The remainder of the paper is structured as follows: Section 4.2 provides the context and

country experience, Section 4.3 describes the data and key variables, Section 4.4 details the

empirical strategy, Section 4.5 presents the results and discusses, and Section 4.6 concludes.

4.2 Ethiopian Context and Experience

4.2.1 Context

Ethiopia’s agriculture is primarily rainfed and dominated by smallholder, mixed, and

subsistence farming systems (A. W. Degife et al., 2021; Lankford and Grasham, 2021;

Adamseged, 2019; Lewis, 2017). Rural livelihoods largely depend on agriculture, with cereals

comprising the primary staple crop output (CSA, 2017; Canton, 2021; Tolossa et al., 2015).

However, the sector remains highly susceptible to increasingly frequent and severe weather

shocks, which pose serious threats to rural well-being and economic stability (Bedeke et al., 2020;

Tessema and Simane, 2019; Mohammed et al., 2018; A. Amare and Simane, 2017). Persistent

climate risks, especially recurrent El Niño-related droughts, alongside natural disasters, pest

invasions, and erratic rainfall patterns, contribute significantly to production volatility

(B. T. Haile et al., 2021; Koo et al., 2019; Gizaw and Gan, 2017; Singh et al., 2016; Zaroug et al.,

2014; Abtew et al., 2009; Dercon, 2004). These challenges have led to substantial variability in

crop yields across space and time, aggravating rural poverty and food insecurity.

Weather shocks limit farmers’ financial capacity, hindering investment in agricultural

technologies and reducing consumption stability in rural areas of developing countries. Although

weather-indexed insurance aims to enhance climate resilience and adaptation, its uptake and

effectiveness remain limited in contexts such as Ethiopia (K. K. Haile et al., 2020; Hansen et al.,

2019; De Janvry et al., 2016). Consequently, households often depend on alternative coping

mechanisms, such as income diversification, livestock sales, and remittances, to manage financial

shocks and sustain access to agricultural inputs and essential goods (Hussain et al., 2020; Kumar

et al., 2020).

Weather shocks and environmental degradation pose critical threats to land use and

smallholder livelihoods, exacerbated by human-induced pressures that diminish land productivity
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and impair water management systems (He and Chen, 2022; Girard et al., 2021; Crook et al.,

2020; Ahmed et al., 2018; Gazeaud and Stephane, 2023). This growing vulnerability highlights

the urgent need for adaptive, climate-resilient approaches to sustain agricultural output and

protect rural communities. In response, smallholder farmers increasingly adopt

resilience-enhancing measures—such as land cover restoration and soil and water conservation

practices—to promote sustainability and secure their livelihoods (Tofu et al., 2022; Delgado

et al., 2021; Amfo et al., 2021; Tambet and Stopnitzky, 2021; Geremu, 2019).

Declining land cover accelerates soil erosion and degrades soil quality, exacerbating climate

hazards. In Ethiopia, watershed vegetation decreased by 91% between 2001 and 2010 but

recovered by 88% from 2010 to 2015 due to land restoration efforts (Tadesse et al., 2017).

Interventions such as area closures, soil and water conservation (SWC) measures, and

reforestation have been instrumental in improving land cover, enhancing watershed functionality,

and promoting sustainable rural livelihoods (Wolka et al., 2023; Tofu and Wolka, 2023). These

measures mitigate soil loss, combat land degradation, and support long-term agricultural

productivity.

Changes in land use have significant implications for agricultural productivity, food security,

and household resilience. Such transitions influence labor allocation, income diversification, and

access to ecosystem services. Agroforestry systems, in particular, enhance soil fertility, improve

moisture retention, and increase crop yields, while also generating alternative income from timber,

fuelwood, and non-timber forest products (Oeba and Illiassou, 2020; G. W. Kassie, 2018; Appiah

and Pappinen, 2010; Babulo et al., 2008). These practices help reduce reliance on climate-sensitive

agriculture and facilitate risk management (Holden and Otsuka, 2014).

Agroforestry also serves as a nature-based adaptation strategy, offering multiple co-benefits.

It strengthens farmers’ adaptive capacity by diversifying production, improving soil structure,

and providing essential goods such as food and fodder (Tebkew et al., 2024; Partey et al., 2018;

Gautier et al., 2016). Moreover, agroforestry delivers critical ecosystem services and contributes

to sustainable intensification, though its impacts on land use are multifaceted (Girard et al.,

2021). By reducing pressure on natural forests, agroforestry fosters conservation and supports

more resilient agricultural landscapes.

4.2.2 Ethiopia’s Afforestation: Achievements and Challenges

Ethiopia’s land restoration efforts have evolved over several decades and political regimes.

During Mengistu Haile Mariam’s Derg regime, the Arengwade Zemecha campaign mobilized

communities for soil and water conservation through terracing, check dams, and tree planting to

combat land degradation despite centralized land ownership (Bewket, 2003; Taddese, 2001).

Following the political transition, Prime Minister Meles Zenawi emphasized integrated watershed

development that combined tree planting, soil conservation, and community participation,

linking environmental rehabilitation with poverty reduction and climate resilience, thereby
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setting the foundation for initiatives like the Climate Resilient Green Economy (Gebreselassie

et al., 2016; MoFED, 2011; Hurni et al., 2010). Over the past fifty years, Ethiopia has

implemented extensive afforestation and land restoration programs, including the Sustainable

Land Management Program (SLMP) and the Green Legacy Initiative (GLI) launched in 2019.

These efforts, characterized by both state-led and community-based approaches, focus on tree

planting, watershed management, and sustainable land use practices across diverse ecological

zones, reflecting the government’s sustained commitment to addressing land degradation,

deforestation, and climate vulnerability (Gashaw et al., 2022; A. Degife et al., 2021;

Gebreselassie et al., 2016; Gebreegziabher and Kooten, 2013; Bewket, 2003).

Despite notable afforestation efforts, Ethiopia’s programs have encountered significant

implementation challenges. The GLI, for instance, has struggled with seedling survival rates

below optimal levels—reports indicate survival often falls under 60% due to insufficient

post-planting care, inadequate watering, and poor soil preparation (Massrie, 2024). Institutional

coordination challenges compound these limitations; forestry programs often operate within weak

administrative frameworks, face shortages of technical capacity at the local level, and lack

consistent long-term follow-up mechanisms to support tree establishment and ecological

integration (Massrie, 2024; Gashaw et al., 2022). Additionally, the predominance of top-down

approaches has sometimes undermined community ownership and participation, reducing

program sustainability (Gebreselassie et al., 2016; Bewket, 2003). Ecological concerns also arise

from the widespread planting of fast-growing exotic species like Eucalyptus, which can negatively

affect soil health and water resources (Z. Mekonnen et al., 2007; Teketay, 2000). Furthermore,

regional disparities in implementation and weak monitoring systems limit the ability to evaluate

long-term impacts, and the linkage between afforestation and climate resilience strategies

remains underdeveloped (Gashaw et al., 2022; Gebreselassie et al., 2016).

4.3 Data and key variables

4.3.1 The Data

This study utilizes the Ethiopian Socioeconomic Survey (ESS) panel datasets conducted in

2011/12, 2013/14, and 2015/16 through a collaborative effort between the World Bank Living

Standards Measurement Study-Integrated Surveys of Agriculture (LSMS-ISA) and the Central

Statistical Agency (CSA).2 The panel data is particularly valuable as it is nationally representative,

offering the most comprehensive survey data that covers all regions of the country, including

rural and small-town households. Additionally, it provides in-depth information on household

socioeconomic characteristics and community-level variables.
2 The LSMS-ISA datasets for Ethiopia are open data and publicly available at https://www.worldbank.

org/en/programs/lsms/initiatives/lsms-ISA#2. In addition, detailed information about the survey’s
management, design, implementation, and dissemination is available alongside the datasets at this link.

https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#2
https://www.worldbank.org/en/programs/lsms/initiatives/lsms-ISA#2
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The most recent Ethiopia Socioeconomic Panel Survey (ESPS) had certain limitations. Hence,

this study focuses solely on the earlier ESS three-panel datasets from 2011/12, 2013/14, and

2015/16. The surveys conducted in 2018/19 and 2021/22 faced significant challenges due to volatile

security situations in the northern and western parts of the country. Specifically, the ESPS-5 survey

in 2021/22 had a restricted coverage of enumeration areas (EAs), excluding the entire Tigray region

and partially collecting data in the Afar region. Additionally, security issues in the Amhara and

Oromia regions during the ESPS-5 further limited household and EA coverage.

This study draws on a panel dataset of rural households from twelve administrative regions

in Ethiopia: Tigray, Afar, Amhara, Oromia, Somali, Benishangul-Gumuz, SNNP, Sidama, South

West Ethiopia Peoples’ Region (SWEP), Gambella, Harari, and Dire Dawa. These regions exhibit

comparable patterns in livelihood diversification, agricultural practices, and population density.

The analysis focuses on households engaged in the cultivation of six primary cereal crops, teff,

wheat, barley, maize, sorghum, and millet, using survey data collected in three waves: 2011/12,

2013/14, and 2015/16, with corresponding sample sizes of 3,466, 3,323, and 3,272 households.

Sample attrition rates between waves are low, approximately 4% between the first and second

rounds and 1.5% between the second and third. To ensure consistency and mitigate potential bias

from attrition, the final empirical analysis relies on a balanced panel of 3,222 households observed

in all three rounds, resulting in 9,666 household-year observations.

The datasets offer detailed information on agricultural inputs and outputs, weather-related

shocks, household socioeconomic characteristics, and a wide range of community-level variables.

They include both subjective and objective measures of weather shocks, such as self-reported

drought (insufficient rainfall), crop damage, production loss, and exposure to extreme

temperatures. Recurrent shocks—particularly droughts, yield reductions, and temperature

extremes—are empirically associated with adverse impacts on cereal productivity.

The explanatory variables comprise binary indicators for self-reported drought, crop damage,

and a continuous measure of production loss expressed as the percentage reduction in yield. The

analysis additionally accounts for a comprehensive set of control variables related to agricultural

productivity and household welfare. These include demographic characteristics (e.g., household

size and age composition), economic indicators (e.g., landholding size, use of improved

agricultural inputs such as seeds and fertilizers, food security status, and non-farm income), as

well as institutional factors (e.g., land tenure security, access to credit, and irrigation practices).

In addition, the data leverage geo-referenced household locations provided through the

LSMS-ISA community-level modules, which offer spatial insights into local infrastructure,

including proximity to roads, markets, and service centers—factors that shape both exposure to

and resilience against weather shocks.

To overcome the limitations of self-reported weather shock variables, this study integrates

two geo-referenced environmental datasets to develop objective measures of weather shocks. The

first primarily utilizes the Enhanced Vegetation Index (EVI), a satellite-derived remote sensing
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metric from the Moderate Resolution Imaging Spectroradiometer (MODIS), to capture land cover

dynamics corresponding to the LSMS-ISA survey data.

Additionally, the study integrates an alternative specification of weather shocks based on

long-term temperature extremes. This measure uses the annual mean temperature thresholds

derived from monthly climatological data, capturing cumulative exposure to long-term heat

stress, to construct the temperature thresholds to test its effect on agricultural productivity. By

leveraging historical temperature patterns, this approach enables a more objective and

temporally consistent assessment of heat-related shocks, complementing self-reported measures

and enhancing the robustness of the climate risk analysis.

The satellite-based data under consideration addresses two critical limitations of self-reported

weather shock data. First, it minimizes reliance on households’ recollections of recent rainfall

patterns, which, although farmers may remember the adverse impacts of weather shocks such as

droughts, are often constrained by time-bound memory biases. Second, marginal reductions in

rainfall can disproportionately affect the most vulnerable households—those with limited coping

mechanisms and exposure to additional idiosyncratic shocks—leading them to classify such events

as droughts more frequently than relatively resilient farmers. Consequently, self-reported weather

shock indicators are susceptible to partial endogeneity, potentially resulting in an upward bias in

estimating the impacts of extreme weather shocks.

4.3.2 Key variables and descriptive statistics

4.3.2.1 Outcome variable: Agricultural productivity

This paper investigates the impact of weather shocks on agricultural productivity. The

analysis also explores how changes in land cover can help mitigate the negative impacts of

weather-related shocks, particularly those related to rainfall shortages (defined as drought) and

temperature extremes. The study evaluates the impact of weather shocks on agricultural

productivity, using productivity thresholds for sensitivity checks. A heterogeneity analysis

explores variations in productivity, spatial weather shocks, and land cover changes across two

agroecological zones.

As a result, the outcome variable, agricultural productivity, is measured in monetary terms

(ETB) and is derived from six primary cereal crops: teff, wheat, barley, maize, sorghum, and

millet. It refers to calculated values as the ratio of income derived from cereal crops to the area

of cultivated land (in hectares). To evaluate the sensitivity of productivity to weather shocks and

the potential mitigating role of land cover change, productivity thresholds are defined by

categorizing the data into three levels: the bottom 25%, the middle 50%, and the top 25%.

While Table 4.1 presents summary statistics, a detailed description of all variables used in the

analysis, including definitions and measurement methods, is provided in Appendix Table C.1. A

heterogeneity analysis is also performed based on the country’s traditional agroecological
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classifications. This methodology facilitates a nuanced assessment of the varying impacts of

weather shocks on agricultural productivity across different productivity levels and

agroecological zones.

4.3.2.2 Key explanatory variables

(a) Enhanced Vegetation Index (EVI):

The EVI is a crucial tool for assessing land cover dynamics both globally and in Ethiopia.

Worldwide, EVI is used to classify land cover types, such as urban areas, and to monitor vegetation

changes in high-biomass regions, providing insights into shifts in land cover (Mehra and Swain,

2023). In Ethiopia, EVI has been used to monitor vegetation trends through remote sensing,

highlighting the effects of climate change and human activity (Alemu et al., 2024; Shengjie Yang et

al., 2022). EVI from Landsat imagery tracks forest cover changes and estimates biomass and carbon

storage, supporting climate mitigation in the Alemsaga forest (Tigabu and Gessesse, 2025). These

applications highlight EVI’s effectiveness in monitoring land cover dynamics and their significant

regional implications for environmental management in Ethiopia.

As a result, this study develops an objective, spatially explicit proxy for drought conditions

using EVI, a satellite-based metric derived from MODIS Land Cover Dynamics imagery. Figure

4.1 presents the average percentage change in EVI values across the three survey years during the

primary cereal crop growing season, capturing variations in vegetation greenness and long-term

land cover dynamics. As illustrated in Figure 4.1, the inter-annual distribution of vegetation

greenness, measured by the integral of EVI values, generally follows a normal distribution across

the survey years. However, 2011 exhibits increased variability relative to the more stable patterns

observed in 2013 and 2015, indicating more pronounced deviations in vegetation health—likely

driven by climatic or environmental disturbances—compared to the relative stability of the later

years.

Therefore, the EVI helps construct a viable alternative to conventional drought indicators,

enhancing the systematic detection of vegetation stress linked to drought events through

high-resolution remote sensing data. By capitalizing on advancements in satellite observation

technologies, this approach enables consistent and scalable assessment of land surface conditions

using 12-month EVI composites, ensuring broad spatial coverage and refined temporal resolution.

To capture intra-annual and inter-annual vegetation dynamics, the analysis utilizes average

EVI values corresponding to the primary agricultural season (Meher) linked to the LSMS-ISA

survey data. The EVI data are aggregated at the zonal level for each survey year and benchmarked

against a long-term average from 2001 to the respective survey year in the LSMS-ISA dataset.

Vegetation stress, indicative of drought severity, is assessed through EVI anomalies, calculated as

the deviation of the current season’s EVI from its long-term zonal mean. As illustrated in Figure
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Fig. 4.1 Mean long-term land cover change, measured by EVI (%)

4.2, these anomalies provide a reliable proxy for detecting drought incidence during the critical

growing season, reflecting variations in vegetative health attributed to climatic stressors compared

to the long-term local historical average across Ethiopia.

The MODIS EVI product, with anomalies in the range of -0.025 ≤ EVI anomaly ≤ 0.025,

defines normal vegetation conditions. An EVI anomaly below -0.025 (-2.5%) serves as a proxy for

drought shock, indicating vegetation stress defining the threshold for identifying drought-affected

areas, as shown in Figure 4.2. Households in these areas constitute the treatment group, while

those within the normal EVI anomaly range form the comparison group.

(b) Extreme Temperature:

Extreme temperatures in Ethiopia have exacerbated drought conditions, leading to a decline

in yields of crops such as teff, wheat, and barley. Most farmers depend on rain-fed agriculture,

but erratic rainfall and rising temperatures increase food insecurity and economic instability.

Agriculture is vital to Ethiopia’s GDP but faces significant threats due to declining productivity,

which impacts rural livelihoods and exacerbates poverty. Drought-adaptation strategies, such as

improved irrigation, agroforestry, and climate-smart practices like soil and water conservation

(Akuma et al., 2025), are vital for enhancing resilience against climatic challenges. These
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Fig. 4.2 EVI anomalies calculated relative to the long-term average

methods help optimize water use, improve soil health, and sustain agricultural productivity

despite changing climatic conditions, reducing dependence on unpredictable weather across

sub-Saharan Africa (Otieno, 2024; Sinore and Wang, 2025).

The average annual temperature is calculated as the mean of monthly temperature values

over a defined reference period, offering a robust estimate of long-term climatic conditions. This

approach captures deviations from historical temperature norms to identify periods of anomalous

heat stress. These temperature-based shock indicators are geo-referenced and matched to the

LSMS-ISA for each corresponding survey year, ensuring a consistent link between climatic

variability and household outcomes. This methodology enhances the precision of weather shock

measurement by accounting for localized, long-term climate patterns.

Furthermore, it is crucial to emphasize the temporal and spatial heterogeneity of average

temperature in the datasets. As depicted in Figure 4.3, the average annual temperature is

calculated as the mean of monthly values over a specified reference period, with distributions

generally following a relatively normal pattern. Notably, the temperature in 2011/12 exhibited

high fluctuation compared to the more stable periods of 2013/14 and 2015/16. Figure 4.3 also

categorizes temperature thresholds into low, moderate, and high for each agricultural season

preceding the survey years (2011, 2013, and 2015). These maps further emphasize the

asymmetric distribution of temperature variations spatially across regions and temporally across

the observed periods.
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Fig. 4.3 Average annual temperature thresholds (°C)

4.3.2.3 Descriptive statistics

Table 4.1 presents the mean values of the variables included in the analysis across the survey

rounds and the whole pooled sample. These descriptive statistics provide crucial insights into the

distribution of the variables, serving as a foundation for the subsequent analysis. The average

agricultural productivity for the pooled sample is about 7.96 in natural logarithmic terms, which

approximately equates to 2,900 ETB per hectare. This figure ranges from a minimum of 6.60

to a maximum of 8.38, with the lowest value observed in 2011 and the highest in 2013. The

mean difference in agricultural productivity, expressed in natural logarithmic terms across the

survey years, reflects the rainfed nature of the sector. This variability underscores the sector’s

vulnerability to climate change, as agricultural output is highly dependent on prevailing weather

patterns in the country.

As shown in the pooled sample means in Table 4.1, approximately 30% of households

reported experiencing food insecurity, indicating that a substantial proportion was affected by

food shortages. Additionally, most households fall within the second-lowest quintile

(approximately 1.87), representing 21-40% of non-farm income. This indicates that many

households earn little income from non-agricultural activities, which may heighten their

vulnerability to economic shocks and food insecurity.

As indicated in Table 4.1, the data reveal that the average age of household heads is

approximately 47 years, with an average household size of five adult equivalents. This
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demographic structure suggests moderate labor availability for agricultural activities, which may

influence the household’s capacity to manage farming operations effectively. Moreover, the mean

landholding size is 1.70 hectares, reflecting limited access to sufficient arable cropland. Such land

constraints hinder households’ ability to expand agricultural production, restricting

opportunities for increased income and improved food security.

Table 4.1 Summary statistics

2011/12 2013/14 2015/16 Pooled
Mean Sd Mean Sd Mean Sd Mean Sd

ln(Productivity)a (ETB/ha) 6.595 1.847 8.383 1.097 8.216 1.191 7.961 1.482
Food security (1=secure; 0=insecure) 0.717 0.451 0.672 0.470 0.730 0.444 0.704 0.457
Non-farm income (Quintile Index: 1-5) 1.897 1.575 1.895 1.581 1.820 1.536 1.866 1.563
Age (years) 45.036 14.807 46.549 14.798 48.362 14.595 46.935 14.774
Household size (number) 4.570 1.835 4.888 1.962 5.034 2.048 4.881 1.979
Cropland area (hectares) 2.283 2.377 1.571 1.613 1.524 1.669 1.695 1.835
Improved seed (1=improved; 0=local) 0.196 0.397 0.199 0.399 0.218 0.413 0.206 0.404
Chemical fertilizer use (1=yes; 0 otherwise) 0.585 0.493 0.554 0.497 0.584 0.493 0.572 0.495
Tenure security (1=certified; 0 otherwise) 0.389 0.488 0.436 0.496 0.514 0.500 0.457 0.498
Credit access (1=yes; 0 otherwise) 0.309 0.462 0.239 0.426 0.200 0.400 0.237 0.426
Irrigation access (1=yes; 0 otherwise) 0.137 0.344 0.119 0.324 0.111 0.314 0.119 0.324
Distance to market (KM) 47.196 20.884 47.194 21.408 47.407 21.555 47.278 21.359
Agro-ecological zone (1=Tropical cool; 0 otherwise) 0.937 0.243 0.921 0.270 0.928 0.258 0.927 0.260
LandCoverChangev,t (%) 46.021 9.948 44.941 11.581 45.601 11.013 45.414 11.056
DroughtShockv,t−1(Satellite: 1=yes; 0=no) 0.177 0.382 0.182 0.386 0.182 0.386 0.181 0.385
AverageT empv,t−1 (◦C) 19.031 2.859 19.008 3.308 18.850 3.235 18.951 3.195
DroughtShockv,t−1(Self-report: 1=yes; 0=no) 0.141 0.348 0.189 0.392 0.180 0.384 0.176 0.381

Source: Ethiopian LSMS-ISA survey: 2011/12, 2013/14, and 2015/16.

a "ln" denotes natural logarithm.

There is significant variation in the adoption of agricultural technologies among the sample

households. The uptake of improved seeds is relatively low, with only 21% of households using

this technology. In contrast, approximately 57% of households utilize chemical fertilizers,

reflecting a higher adoption rate for this input. This disparity highlights unequal access to

productivity-enhancing technologies within the agricultural sector, suggesting that while some

households benefit from advanced practices, others face limitations in access or affordability,

potentially hindering broader sectoral growth and agricultural modernization.

Regarding institutional factors, 46% of households report having tenure security, indicating

that nearly half of the sample enjoy stable land ownership or use rights, an essential prerequisite

for long-term agricultural planning and investment. Although secure tenure supports

productivity improvements and encourages on-farm investments, access to other key institutional

resources remains constrained. Only 24% of households report access to credit, which is critical

for financing agricultural inputs and modern technologies. Furthermore, just 12% have access to

irrigation infrastructure, a vital mechanism for mitigating rainfall variability and enhancing yield

stability. These figures reflect enduring institutional barriers, particularly in access to credit and

irrigation, that inhibit the widespread adoption of productivity-enhancing practices and



116 Chapter 4. Weather shocks and agricultural productivity in rural Ethiopia:
Role of land cover dynamics

undermine the agricultural sector’s capacity to build resilience against climate and economic

shocks.

As shown in Table 4.1, the average distance to the nearest market is 47.28 kilometers,

indicating significant spatial isolation that may limit access to inputs, services, and markets.

Moreover, approximately 93% of households are located in the tropical cool agroecological zone,

characterized by moderate temperatures and distinct rainfall patterns. These geographic and

agroecological conditions highlight the importance of accounting for spatial heterogeneity when

analyzing agricultural productivity and resilience.

The long-term average EVI value during the main agricultural seasons is approximately

45.41%, reflecting vegetation greenness as a proxy for land cover and photosynthetic activity

relevant to drought conditions. Mean EVI values remain consistent across survey years,

indicating minimal inter-annual variation in average greenness, as supported by the density

distribution in Figure 4.1, indicating stable aggregate vegetation conditions over time despite

potential localized climatic variations.

Table 4.1 reports both satellite-based and self-reported measures of drought shock from the

previous agricultural season, capturing complementary perspectives on household exposure.

Satellite data indicate that 18.1% of households experienced drought, while 17.6% self-reported

rainfall insufficiency. The close alignment suggests consistency between objective and subjective

assessments, though minor discrepancies may reflect differences in perception, timing, or spatial

resolution. Together, these measures provide a more comprehensive understanding of drought

exposure by combining biophysical data with localized household experiences.

The average long-term annual temperature for the previous agricultural season was

approximately 19◦C, with consistent mean values and distribution across the three survey years,

as shown in Figure 4.3. While this stability indicates minimal interannual variation at the

aggregate level, it may obscure substantial area-specific differences across agroecological zones.

4.4 Empirical strategy

4.4.1 Empirical specification
This study investigates the impact of weather shocks on agricultural productivity in rural

Ethiopia, emphasizing the role of land cover dynamics. The analysis employs a fixed effects (FE)

estimator to control for unobserved heterogeneity across households and districts. This approach is

particularly appropriate for panel data settings, as it effectively controls for latent characteristics,

such as inherent soil properties or historical patterns of land use, that do not vary over time but

could confound the results. By exploiting temporal variation within observational units, the FE

methodology allows for more credible identification of causal impacts stemming from continuous

variables, such as fluctuations in weather conditions and changes in land cover across both spatial

and temporal contexts (Wooldridge, 2010).
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Moreover, to efficiently handle high-dimensional fixed effects, the study applies the efficient

Multi-Way Fixed Effects (MWFE) estimator, which extends the traditional within

transformation by using iterative projection techniques to absorb multiple layers of fixed effects.

This method is a linear regression model that includes many types of fixed effects. The MWFE

estimator is an efficient method for estimating linear regression models with high-dimensional

fixed effects. It extends the standard within transformation through iterative projections to

absorb multiple types of fixed effects, thereby enabling consistent estimation in the presence of

multi-way unobserved heterogeneity. Instead of estimating numerous fixed effect coefficients

directly, the MWFE approach absorbs them computationally, greatly enhancing efficiency and

scalability in models with intricate fixed effect structures (Correia, 2017). This approach also

excludes singleton groups in linear regressions with nested fixed effects to prevent inflated

statistical significance (Correia, 2015).

The econometric model is specified as follows:

Yi,t = β1WeatherShockv,t−1 + β2LandCoverChangev,t+

β3(WeatherShockv,t−1 × LandCoverChangev,t) + Xi,tγ + αi + δt + ϵi,t (4.1)

In Equation 4.1, Yi,t denotes agricultural productivity, measured as the value of yield per hectare

for household i at time t. WeatherShockv,t−1 captures the drought shock in village v at time t.

LandCoverChangev,t a proxy measure for changes like forest, cropland, or grassland cover.

WeatherShockv,t−1 × LandCoverChangev,t represents the interaction term measuring

moderation effects. Xi,t includes control variables at the household level—such as household size,

tenure security, fertilizer use, improved seed adoption, credit access, and irrigation—as well as

community-level factors like distance to the nearest road and market. αi denotes district-fixed

effects, controlling for time-invariant factors. δt represents year-fixed effects, capturing

macroeconomic trends. ϵi,t is the error term.

4.4.2 Identification
This study employs objective, satellite-derived indicators of drought and extreme

temperatures from reputable climatological data sources to evaluate the effects of weather shocks

on agricultural productivity. Drought exposure is measured using remotely sensed EVI data,

providing a consistent and spatially comprehensive proxy for vegetation stress associated with

moisture deficits. Extreme temperature exposure is quantified based on long-term annual mean

temperature thresholds, capturing cumulative heat stress relevant to crop development and

growth cycles. Both indicators ensure the objectivity and reliability of these weather shocks.

To strengthen the empirical analysis, self-reported drought indicators—capturing household

perceptions of rainfall deficits—are included as robustness checks alongside satellite-based

measures. Additionally, low-temperature thresholds are incorporated to contrast their effects
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with high-temperature extremes. This approach enables a more comprehensive assessment of

weather shocks by integrating subjective and objective measures and accounting for the full

range of temperature variability.

However, identification challenges emerge when land cover dynamics are non-random.

Specifically, villages exhibiting better changes in vegetation greenness may simultaneously

experience higher agricultural productivity, suggesting potential endogeneity between land cover

dynamics and productivity outcomes. This endogeneity implies that the interaction coefficient,

β3, in Equation 4.1, may be biased. The average change in greenness reflects the interplay

between natural and societal factors. Conversely, it is shaped by natural conditions, especially

prevailing weather patterns, while human activities may either enhance or degrade land cover

dynamics within rural economies.

A high correlation between the dependent variable and land cover dynamics may introduce

endogeneity bias. To address this issue, a high-dimensional MWFE specification by Correia

(2017) controls for time-invariant unobserved heterogeneity. The within transformation removes

the unobserved term in Equation 4.1, yielding consistent estimates.

Moreover, this identification strategy effectively mitigates endogeneity concerns associated

with the interaction between an exogenous variable, such as satellite-based weather shocks (e.g.,

annual mean temperature), and a potentially endogenous variable, such as EVI, which reflects

land cover dynamics. In addition to employing the efficient high-dimensional fixed effects

framework estimator, Nizalova and Murtazashvili (2016) demonstrates that, assuming the

exogeneity of the weather shocks, the coefficient on the interaction term can be consistently

estimated. This approach allows for a credible interpretation of the moderating role of land cover

dynamics on the relationship between weather shocks and agricultural productivity.

An identification challenge arises when villages with high land cover dynamics may be more

vulnerable to weather shocks. However, this is mitigated by the negative correlation between land

cover dynamics and weather shocks, allowing for a consistent estimate by comparing villages based

on long-term average greenness.

4.5 Results and discussion

This section examines the impact of weather shocks on agricultural productivity and the role

of land cover dynamics in mitigating these effects. Section 4.5.1 presents the main results, Section

4.5.2 explores the heterogeneous effects across agroecological zones, Section 4.5.3 discusses the

results, Section 4.5.4 assesses the robustness of the results, and Section 4.5.5 outlines the study’s

limitations and offers directions for future research.
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4.5.1 Main Results

4.5.1.1 Satellite-based drought shock measure

Table 4.2 displays the impact estimates of past season weather shocks, measured using

satellite-based drought, on agricultural productivity and the mediating role of land cover change.

The first two columns present agricultural productivity in logarithmic form, while the last six

columns report alternative metrics, categorizing agricultural productivity into three thresholds:

bottom 25%, middle 50%, and top 25%.

The primary explanatory variable in Table 4.2 is the objective weather shock indicator

derived from EVI anomalies, which quantifies the drought shock experienced in the previous

season. EVI anomalies assess vegetation stress by identifying deviations from typical seasonal

patterns, providing an objective measure of drought impacts on agricultural productivity.

Specifically, columns (1) and (2) in Table 4.2 present the impact of drought shock on

agricultural productivity, with column (1) displaying the results from the baseline linear MWFE

estimator, which does not include additional control variables. Column (2), on the other hand,

presents the results from the full specifications, which incorporate a comprehensive set of control

variables. This comparison allows for an assessment of how long-term average changes in

greenness mitigate the adverse effects of drought, highlighting the role of land cover dynamics in

moderating the impacts of climatic shocks under different model specifications.

The final six columns (columns 3 to 8) of Table 4.2 provide estimates of agricultural

productivity, segmented into three distinct thresholds: the bottom 25%, middle 50%, and top

25% of productivity levels. These columns analyze the heterogeneous effects of past drought

shocks across different productivity groups. Similar to columns (1) and (2), estimators under a

given threshold present the linear MWFE estimator with baseline regression and the full

specification with additional controls; these columns also assess the moderating role of land cover

dynamics in alleviating the negative impacts of drought. By examining these thresholds, the

analysis offers a nuanced understanding of how agricultural productivity at different levels

responds to climatic shocks and how variations in land cover dynamics can enhance resilience,

depending on the productivity profile of the households.

Columns (1) and (2) of Table 4.2 assess the mitigating role of land cover dynamics on

drought shock, with column (1) representing the baseline model and column (2) incorporating

additional controls. The results consistently show negative and statistically significant

coefficients for drought shock, indicating a decrease in agricultural productivity due to drought

events. However, the interaction term between drought shock and average change in greenness is

positive and statistically significant at the 1% level with coefficients of 0.028 and 0.023 in

columns (1) and (2), respectively. These estimates remain stable with the inclusion of additional

controls, suggesting that improved land cover dynamics significantly mitigate the adverse effects

of drought on agricultural productivity. In other words, the estimated impacts derived from the
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full specifications are presented in column (2), with a focus on drought impact and the

magnitude of the coefficient estimate for the core variable of interest, and the interaction term

remains robust despite the inclusion of additional control variables. Hence, this indicates that

enhanced land cover, such as increased vegetation, helps to reduce productivity losses in

drought-affected areas, thereby increasing resilience to climate-induced shocks.

Furthermore, these findings underscore the critical role of land cover dynamics in mitigating

the adverse effects of weather shocks on agricultural productivity. Specifically, the positive and

statistically significant interaction terms in the third row of 4.2 demonstrate that farm households

exposed to drought shocks experience higher productivity as long-term average greenness improves.

These results confirm that improved land cover dynamics boost agricultural productivity and serve

as informal insurance, enhancing farmers’ resilience to weather shocks. By fostering sustainable

farming practices that enhance land cover dynamics, farmers are better equipped to adapt to

recurring harvest disruptions, improving agricultural productivity.

In columns (3) through (8) of 4.2, the drought shock variable consistently shows negative and

statistically significant coefficients. These results highlight that droughts reduce agricultural

productivity, particularly in higher-productivity households, emphasizing the vulnerability of

rainfed agricultural production to weather-induced disruptions like drought. Columns (3), (5),

and (7) of 4.2 present the impact of drought shocks and their interaction with average land cover

dynamics from the previous growing season for the baseline MWFE estimator linear regressions,

corresponding to the specified productivity thresholds. Columns (4), (6), and (8) present similar

results incorporating full control variables. The findings indicate that drought significantly

reduces agricultural productivity across all thresholds. The coefficient on the interaction term,

DroughtShockv,t−1 × LandCoverChangev,t, in the third row is positive and statistically

significant in all cases. Therefore, this suggests that an increase in long-term average greenness

helps mitigate the adverse effects of drought, enhancing productivity for farm households,

particularly in drought-prone areas growing cereal crops.

4.5.1.2 Relative threshold for extreme temperature

Another key weather shock indicator is the relative extreme temperature threshold of

≥ 23◦C, shown in the highest category in Figure 4.3. Studies indicate that temperatures above

this threshold adversely affect crop growth, leading to lower agricultural productivity. These

extreme temperatures cause heat stress, reduce photosynthesis, and disrupt growth cycles. Table

4.3 presents the results for this threshold using the MWFE estimator, providing a robust

assessment of extreme temperature shocks on agricultural productivity while controlling for

unobserved heterogeneity.

In all cases, columns (1) through (8) in Table 4.3, regardless of the dependent variable units

or control specifications, extreme temperatures consistently negatively affect agricultural

productivity. As temperatures rise, productivity declines, indicating that heat stress disrupts
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crop growth and reduces yields. This finding is robust across different model specifications,

highlighting the significant impact of extreme temperature events on agricultural output.

The coefficient on the interaction term, MeanT emperature ≥ 23◦Cv,t−1 × LandCoverChangev,t,

in the third row of Table 4.3 is consistently positive and statistically significant at the 1% level across all

cases. Hence, this indicates that an increase in land cover dynamics, reflected in the average change in

greenness, significantly mitigates the detrimental effects of extreme temperatures on agricultural

productivity. In other words, higher land cover dynamics enhance productivity in areas experiencing

extreme temperatures, suggesting that improved vegetation cover can buffer the adverse impacts of

temperature extremes. This finding underscores the role of sustainable land management in increasing

resilience, as increased greenness can help protect agricultural output from the detrimental effects of heat

stress, particularly in regions prone to high temperatures and drought.

Appendix Table C.2 presents a falsification test for the impacts of extreme temperatures, as shown

in Table 4.3. This test investigates the effects of lower temperature thresholds, specifically

T emperaturev,t−1 < 17◦C, to determine whether these low-temperature conditions negatively affect

agricultural productivity like extremely high temperatures. The results indicate that lower temperature

thresholds have a minimal impact on agricultural productivity, with no significant effects observed across

the various productivity metrics except for continuous productivity measures under full control

specifications. Furthermore, the interaction terms between these low-temperature thresholds and land

cover dynamics, T emperaturev,t−1 < 17◦C × LandCoverChangev,t, are generally not statistically

significant. These findings suggest that while land cover dynamics can effectively mitigate the adverse

impacts of extreme temperatures, their effect is less pronounced under low-temperature conditions.

4.5.2 Agroecological heterogeneity: Tropical cool vs. Tropical warm

Drought impacts vary across agroecological zones, with arid and semi-arid regions experiencing the

most severe effects due to limited water availability and heavy reliance on rainfall. These areas are more

vulnerable as natural water systems cannot support crops during dry spells. Sub-humid and humid regions

typically have more resilient ecosystems and better irrigation access, making them generally more capable

of withstanding droughts. However, severe events can still lead to significant crop losses, particularly

during critical growing periods. Therefore, drought impacts are most severe in arid and semi-arid regions

(Naylor et al., 2007; Parry et al., 2005).

Table 4.4 examines the impact of drought shocks on agricultural productivity across the tropical cool

and tropical warm zones. The results show that drought significantly reduces productivity in both zones,

particularly in the tropical cool zone, and affects the middle and top productivity thresholds. However,

its impact on the bottom threshold is limited, likely due to the lower capacity of these systems to adapt.

Additionally, the interaction between drought and land cover dynamics indicates that improved land

cover significantly mitigates drought effects, especially for tropical cool climates and higher productivity

levels, enhancing resilience in more productive agricultural systems.
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4.5.3 Discussion
The findings of this study demonstrate that extreme weather shocks, regardless of the metrics or

methodologies used in the analysis, represent a substantial threat to agricultural productivity in villages

that are particularly vulnerable to climate variability. The results suggest that, despite the challenges

posed by such extreme weather events, farmers have the potential to adapt through targeted interventions.

Specifically, adopting improved land-use practices or implementing conservation agriculture techniques

that enhance land cover change improves the resilience of agriculture-based livelihoods. These adaptive

strategies lead to increased productivity in cereal production, offering a means for farmers to mitigate the

negative impacts of climate shocks.

This conclusion aligns with the findings of several studies that emphasize the positive effects of

enhanced land cover on agricultural productivity. Enhanced land cover, including the restoration of

degraded areas and improved vegetation management, is vital for boosting soil fertility, water retention,

and overall agricultural productivity. In rural areas of developing economies, where agriculture remains

central to livelihoods, such improvements are essential for boosting productivity and ensuring food

security.

The study’s findings are consistent with a growing body of research in developing countries (e.g.,

(Leng and Hall, 2019; Vogel et al., 2019; Matiu et al., 2017; Lesk et al., 2016)), which underscores the

intensifying impact of climate change on agricultural productivity. These studies highlight the acute

vulnerability of rural communities, where livelihoods depend heavily on climate-sensitive,

resource-dependent farming systems. Increasingly frequent and intense droughts and temperature

extremes disrupt crop development, depress yields, and threaten food security, particularly in rainfed,

cereal-producing regions. The effects are most pronounced when farmers lack access to critical adaptive

resources, including irrigation infrastructure, agricultural credit, weather-indexed insurance, and modern

technologies. Furthermore, the findings illustrate the interlinked consequences of climate shocks, as

reduced productivity in agriculture cascades into lower crop yields, diminished farm incomes, and

heightened food insecurity.

Droughts deplete vital water resources, reduce cultivated areas, and diminish crop productivity.

Moreover, extreme heat intensifies plant stress during key growth stages, leading to significant yield

losses and supply chain disruptions (Leng and Hall, 2019; Matiu et al., 2017). These shocks compromise

household food access, lower incomes, raise food prices, and heightened food insecurity, especially in

vulnerable rural areas. In response to these findings, the study underscores the urgent need for adaptive

strategies and policies to mitigate the impacts of extreme weather shocks, particularly recurrent droughts

and rising temperatures. Key priorities include promoting climate-resilient farming, investing in

sustainable land management, enhancing early warning systems and risk transfer mechanisms, and

improving farmers’ access to adaptive tools and knowledge. Strengthening institutional support and

local adaptive capacity is critical to ensuring agricultural sustainability, food security, and resilient rural

livelihoods under increasing climate stress.

To complement national initiatives such as Arengwade Zemacha, watershed development, and the

Green Legacy, this study recommends more locally adaptive and ecologically grounded strategies. These

include integrated landscape planning that combines agroforestry, soil conservation, and grassland

restoration; promotion of farmer-managed natural regeneration (FMNR) as a cost-effective approach to
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vegetation recovery; and payment for ecosystem services (PES) to incentivize on-farm conservation.

Strengthening community forest management and implementing climate-smart village platforms—with

drought-resilient crops, water harvesting, and early warning systems—can further enhance land cover,

agricultural productivity, and resilience in drought-prone areas.

4.5.4 Robustness checks

This section evaluates the robustness of the main findings by employing an alternative measure of

climate shock—self-reported drought experiences. Table 4.5 presents the estimated impacts of these

self-reported drought shocks on agricultural productivity, using the MWFE estimator consistent with the

main specification. The analysis maintains the same productivity metrics to ensure comparability. The

results confirm that drought shocks, as reported by households, significantly reduce agricultural

productivity across all specifications, reinforcing the reliability of the primary findings.

Moreover, the interaction between self-reported drought shocks and the average change in land cover

dynamics yields a positive and statistically significant coefficient. Hence, this indicates that improvements

in vegetation cover—reflecting enhanced land management or natural regrowth—play a critical role in

buffering the negative impacts of drought on productivity. The comparable magnitude of these estimates

to those in the primary analysis further substantiates the consistency and robustness of the core results,

demonstrating that enhanced land cover functions as an effective adaptive mechanism in the face of climate

variability.

Specifically, the analysis in Table 4.5 provides a comprehensive evaluation of the impact of drought

shocks on agricultural productivity, emphasizing the interaction between these shocks and long-term

changes in land cover or greenness. Columns (1) and (2) present continuous agricultural productivity

measures in logged value terms, reflecting the overall impact of drought shocks on productivity. Columns

(3) through (8) extend this analysis by examining the effects of drought shocks across various

productivity thresholds, offering a detailed understanding of how different levels of agricultural output

respond to climate shocks.

The findings in Table 4.5 evaluate whether long-term changes in land cover can help mitigate the

impacts of drought, particularly in rural areas of developing economies vulnerable to climate variability.

The results emphasize that increased vegetation cover and effective land management enhance resilience

and adaptive capacity. Therefore, this can alleviate the immediate effects of drought and support long-term

agricultural sustainability, allowing rural communities to better cope with future environmental challenges.

4.5.5 Limitations and directions for future research

This study is subject to two primary limitations, which offer essential directions for future research.

The first limitation concerns the nature of the relationship examined between land cover dynamics and

agricultural productivity. This analysis focuses on identifying statistical associations rather than

determining causal relationships. However, drawing robust causal inferences necessitates that the key

explanatory variables be strictly exogenous or, at a minimum, instrumented to account for endogeneity

concerns. One of the central constraints of this study is the inability to confirm that changes in land

cover occur randomly across space and time. In the absence of well-established random variation, it is
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difficult to rule out the influence of unobserved confounding factors that may simultaneously affect both

land cover and agricultural productivity, thus undermining causal interpretation.

Establishing causality is essential for guiding targeted interventions and policy decisions. Future

research should adopt experimental or quasi-experimental designs, such as RCTs, natural experiments, or

instrumental variables, to rigorously identify causal effects. Clearly defined treatment and control groups

will allow for better quantification of the economic and ecological benefits of land cover changes, aiding in

uncovering the mechanisms that link ecosystem services to agricultural outcomes.

The second limitation relates to the scope of the analysis, which is confined to agricultural productivity

in rural areas and limited to the production of major cereal crops. While this focus provides valuable

insights into staple food systems, it limits the applicability of the findings to other agricultural contexts.

Agricultural systems are diverse, and land cover changes may have varying implications depending on the

crop type, production system, and agroecological conditions. To broaden the applicability and relevance

of future research, subsequent studies should consider expanding the scope of analysis to include a wider

variety of crops, such as legumes, horticultural products, and high-value commercial crops, as well as

different farming systems, including peri-urban and mixed crop-livestock systems.

In sum, future research should prioritize methodological rigor to establish causal relationships and

expand the empirical scope to reflect the diversity of agricultural landscapes and production systems.

Understanding how land cover changes affect agricultural outcomes can enhance policy relevance and

comprehensiveness.

4.6 Conclusions

In developing countries, agriculture is predominantly rainfed and characterized by small-scale

subsistence farming, rendering households highly vulnerable to weather shocks that adversely impact

productivity. Extreme weather events can undermine farmers’ financial resilience, limiting their capacity

to adapt and adopt improved technologies. Consequently, risk-averse households may opt for low-cost,

less effective inputs over more productive alternatives. Efficient weather index insurance, credit, and

labor markets are critical for mitigating these risks; however, such markets are often underdeveloped or

inaccessible in rural areas, underscoring the need for greater inclusion and institutional strengthening.

This paper investigates the impact of weather shocks on agricultural productivity in rural Ethiopia,

focusing on the potential role of land cover changes in mitigating these effects. Utilizing satellite-derived

drought indicators and extreme temperature data from climatological sources, the study investigates how

variations in vegetation cover, measured by average changes in greenness, can buffer the negative impacts

of weather shocks, particularly on cereal crop production. The analysis draws on data from three waves

of the Ethiopian LSMS-ISA surveys conducted in 2011/12, 2013/14, and 2015/16, which cover rural areas

and small towns across the country. This study provides important insights into how land cover changes

enhance agricultural resilience and productivity in response to climate variability.

The study utilizes a linear regression approach with a MWFE estimator to account for unobserved

differences across time, location, and households. The results emphasize the importance of land cover

changes in mitigating the adverse effects of climate extremes on agricultural production. Hence, this

highlights the critical role of ecosystem services in strengthening the resilience of smallholder farmers.
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The findings reveal that weather shocks, particularly droughts and extreme temperatures,

substantially reduce cereal crop productivity, with consistent effects across different agroecological zones

and a self-reported drought. Lower temperature thresholds do not show a significant impact. The

adverse effects are more pronounced for households directly exposed to these shocks, with enhanced land

cover mediating role, particularly pronounced in tropical cool and high-productivity tropical warm zones.

Notably, increased vegetation greenness helps mitigate these impacts, sustaining productivity under

climate stress.

The findings emphasize that improving land cover is essential for mitigating the adverse effects of

weather-related shocks, thereby enhancing agricultural productivity and the resilience of subsistence

farming communities. However, realizing these benefits requires not only coordinated efforts among

stakeholders—such as policymakers, local communities, and development partners—but also a critical

assessment of existing policy frameworks and institutional arrangements. Current strategies often fall

short due to fragmented implementation, limited local ownership, and weak inter-sectoral coordination,

which undermine the effectiveness and sustainability of land restoration efforts. Therefore, strengthening

local support networks must go hand-in-hand with institutional reforms that address these structural

limitations. Advancing inclusive multi-stakeholder engagement and investing in sustainable land

management practices—anchored in policy coherence, long-term monitoring, and capacity building—are

vital for enhancing climate resilience and ensuring durable improvements in rural livelihoods.

Investing in and collaborating on land cover enhancement is critical for ensuring sustainable

agriculture and food security, particularly in the face of climate variability. These initiatives bolster

agricultural resilience, reduce the impacts of climate change, and contribute to rural development.

Although the study focuses on rural Ethiopia, it provides broader insights into the significance of land

cover for food security, climate adaptation, and long-term sustainability. The findings highlight the need

for integrated land management approaches that utilize ecosystem services to strengthen resilience.

Future research should broaden its scope to other regions, evaluating the effectiveness of such strategies

in fostering climate-resilient agriculture, particularly in areas prone to drought.
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Chapter 5

Concluding Remarks
This dissertation investigates the dynamic interrelationships among climate

adaptation strategies, agricultural productivity, conservation practices, and household
labor allocation in rural Ethiopia, focusing on three thematically interlinked studies.
The first paper highlights the effectiveness of tailored, plot-specific CA practice
information in improving farmers’ adoption of sustainable practices to enhance
agricultural productivity. By aligning research-based CA practices to local
agroecological conditions and farm-specific characteristics, this study demonstrates that
context-specific information interventions significantly boost the adoption of
conservation practices while concurrently increasing agricultural productivity. This
finding underscores the importance of personalized and targeted extension services that
account for variations in soil type, topography, and other environmental factors to
promote area-specific conservation practices.

The second paper examines the impact of public works programs on strengthening
SWC efforts while shaping household labor allocation between on-farm and off-farm
activities, ultimately enhancing resilience to drought in rural Ethiopia. The findings
underscore the dual role of social protection programs in fostering environmental
sustainability through conservation practices while shaping household labor allocation.
In other words, these programs can effectively incentivize households to reallocate labor
toward their farm plots. Despite concerns in the literature regarding the potential for
public works to crowd out participants’ private soil and water conservation efforts, the
findings suggest that such programs may reinforce these practices. By supporting
on-farm conservation, diversifying income sources, and reducing vulnerability to
droughts and climate shocks, public works contribute positively to household resilience
and sustainable agricultural development. Therefore, the study underscores the need to
integrate conservation efforts with local livelihood strategies to enhance climate
resilience in drought-prone regions.

The third paper explores the impact of land cover dynamics, assessing how
vegetation shifts, which imply how spatial and temporal greenness changes,
deforestation, and afforestation enhance agricultural productivity by mitigating climate
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variability’s adverse effects. The findings show that land cover changes mitigate climate
variability’s adverse effects, increasing agricultural productivity. Thus, the findings
emphasize that land cover changes are key indicators of environmental health and
drivers of agricultural sustainability and resilience. The paper advocates for policies
supporting sustainable land management and ecosystem restoration to preserve
productivity and long-term climate resilience, urging the integration of land restoration
into climate adaptation frameworks to enhance food security in rural areas.

To this end, these three papers demonstrate how customized conservation
information, public works programs, and land cover changes can improve agricultural
productivity, conservation practices, and climate resilience in rural Ethiopia. They
highlight the importance of context-specific, integrated approaches that tackle
environmental and socio-economic factors to promote long-term climate resilience.

The findings of this dissertation offer key policy implications for enhancing climate
resilience and agricultural productivity in rural Ethiopia. First, the positive impact of
tailored conservation information suggests that agricultural extension services should
incorporate context-specific, plot-level recommendations to optimize the adoption of
sustainable practices. Policymakers should focus on strengthening extension services to
deliver targeted information that reflects diverse agroecological conditions and farm
characteristics.

Second, public works programs, which promote conservation and influence household
labor allocation, should be further integrated into broader rural development strategies.
Policymakers should enhance these programs’ design and implementation to support
environmental sustainability while boosting household labor participation in agricultural
and non-agricultural sectors, thereby strengthening climate resilience.

Lastly, land cover dynamics can sustain agricultural productivity amid climate
variability and extreme weather. Land use policies should prioritize sustainable practices
like afforestation, soil conservation, and landscape rehabilitation to enhance ecosystem
resilience and agricultural sustainability. Integrating land cover monitoring into climate
resilience strategies is crucial for tracking environmental changes, informing adaptive
decisions, and guiding interventions. Well-designed and proactive land management can
enhance the resilience of rural communities to climate shocks, thereby supporting
sustained agricultural productivity and long-term food security.

In summary, this dissertation emphasizes the critical need for tailored, integrated
policies that address conservation, labor dynamics, and land cover management to
strengthen climate resilience and agricultural productivity in rural Ethiopia. Future
research and policy efforts should prioritize adapting and extending these strategies to
other regions facing comparable challenges.
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Appendix A

Enhancing Agricultural
Productivity through Tailored
Information on Conservation
Practices: Evidence from Ethiopia
A.1 Additional Tables

Table A.1 Tailored information and CA adoption for all cereals

T=1 (2015) T=2 (2015 & 2016) T=3 (2015-2017) T=5 (2015-2021)
Dept var: CA uptake (1=yes) (1) (2) (3) (4) (5) (6) (7) (8)

T reatment 0.030 0.066 0.423∗∗∗ 0.424∗∗∗ 0.569∗∗∗ 0.566∗∗∗ 0.622∗∗∗ 0.616∗∗∗

(0.052) (0.053) (0.028) (0.028) (0.020) (0.020) (0.014) (0.014)
HH head gender 0.105∗ 0.029 0.034 0.032

(0.055) (0.039) (0.029) (0.023)
Household size -0.023∗∗ -0.011 -0.010∗ -0.016∗∗∗

(0.011) (0.007) (0.006) (0.004)
HH highest education 0.007 0.007 0.004 0.003

(0.006) (0.004) (0.003) (0.002)
HH average age -0.002 -0.001 -0.001 -0.002∗∗∗

(0.002) (0.002) (0.001) (0.001)
Off-farm income -0.081∗ -0.037 -0.024 0.026∗

(0.044) (0.029) (0.023) (0.015)
Credit access 0.042 0.054∗∗ 0.041∗∗ 0.048∗∗∗

(0.036) (0.025) (0.019) (0.014)
Tenure security -0.093∗∗ -0.062∗ -0.060∗∗ -0.078∗∗∗

(0.045) (0.032) (0.025) (0.022)
Migration 0.052 -0.000 0.000 -0.013

(0.038) (0.025) (0.020) (0.014)
Average rainfall (all seasons) -0.004∗∗∗ -0.000 0.000 0.001∗∗

(0.001) (0.000) (0.000) (0.000)
Year (reference year=2015)

2016 0.216∗∗∗ 0.224∗∗∗ 0.169∗∗∗ 0.178∗∗∗ 0.153∗∗∗ 0.166∗∗∗

(0.026) (0.026) (0.023) (0.023) (0.021) (0.021)
2017 0.096∗∗∗ 0.110∗∗∗ 0.073∗∗∗ 0.092∗∗∗

(0.024) (0.025) (0.022) (0.022)
2019 0.165∗∗∗ 0.105∗∗∗

(0.021) (0.027)
2021 0.072∗∗∗ 0.074∗∗∗

(0.022) (0.023)
Constant 0.315∗∗∗ 0.792∗∗∗ 0.258∗∗∗ 0.360∗∗∗ 0.236∗∗∗ 0.274∗∗∗ 0.229∗∗∗ 0.315∗∗∗

(0.020) (0.131) (0.017) (0.091) (0.016) (0.069) (0.015) (0.052)
Additional controls — ✓ — ✓ — ✓ — ✓
Number of observations 643 643 1297 1292 1916 1909 3188 3181
F-value 0.319 6.275 223.493 41.568 387.522 97.663 488.335 180.045
Prob > F 0.573 0.000 0.000 0.000 0.000 0.000 0.000 0.000
R-squared 0.000 0.090 0.257 0.263 0.378 0.382 0.434 0.443

In all cases, pooled OLS (POLS) is used for regression. Standard errors in parentheses. ∗ 10%, ∗∗ 5%, & ∗∗∗ 1%.
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A.2 Additional Figures

Fig. A.1 Tailored CA Practices Written Information
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Fig. A.2 Tailored CA Practices Visual Information
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Appendix B

Adapting to drought: how do
public works affect conservation
and labor engagement in rural
Ethiopia?
B.1 Additional Figures

Fig. B.1 Drought and SWC practices by public works employment over
survey years

(a) Drought (dummy) by
participation

(b) SWC practices (1=yes) by
public works employment

(c) SWC practices (1=yes) by
drought status

Appendix B Figure B.1 shows Drought status by participation (panel a), SWC practices by participation (panel
b), and SWC practices by drought status (panel c).

Fig. B.2 Food insecurity by public works employment and drought status
over survey years

(a) Food insecurity by participation status
(b) Food insecurity (1=food insecure) by drought

status

Appendix B Figure B.2 Food insecurity by participation (panel a), Food insecurity by drought (panel b).
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Fig. B.3 Resource Endowment and Asset Holdings by public works
employment and drought status over the years

(a) Land size (hectares) by participation (b) Land size (hectares) by drought status

(c) Oxen holding (number) by participation (d) Oxen holding (number) by drought status

(e) Asset holding (Quintile Indices) by participation
(f) Asset holding (Quintile Indices) by drought

status

Appendix B Figure B.3 shows resource endowment in terms of land size (panels a & b), oxen (panels
c & d), and asset holding (panels e & f) by participation and drought status over the years.
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B.2 Additional Tables

Table B.1 Correlates of public works employment and SWC practices using self-reported
drought measure

Public works employment(1=treated) SWC practices (1=yes)
(1) (2) (3) (4) (5) (6)

Drought (dummy self-reported) 0.096∗∗∗ 0.081∗∗∗ 0.072∗∗∗ 0.072∗∗∗ 0.067∗∗∗ 0.084∗∗∗

(0.009) (0.009) (0.010) (0.015) (0.015) (0.016)
ln(Distance to central admin) -0.015∗∗∗ -0.007 -0.008∗ -0.021∗∗ -0.016∗ -0.012

(0.004) (0.004) (0.004) (0.009) (0.009) (0.009)
Household size 0.005∗∗∗ 0.011∗∗∗

(0.002) (0.003)
Land size -0.001∗ 0.000

(0.001) (0.001)
Irrigation access 0.070∗∗∗ 0.138∗∗∗

(0.012) (0.018)
Tenure security -0.017∗∗ 0.044∗∗∗

(0.007) (0.014)
Credit access 0.025∗∗∗ 0.054∗∗∗

(0.008) (0.016)
Asset holding -0.005∗∗∗ -0.013∗∗

(0.001) (0.005)
Food security -0.041∗∗∗ 0.031∗∗

(0.008) (0.014)
Elevation -0.000∗∗ 0.000

(0.000) (0.000)
Constant 0.027∗ -0.013 0.031 0.609∗∗∗ 0.589∗∗∗ 0.411∗∗∗

(0.014) (0.015) (0.026) (0.042) (0.044) (0.059)

Time Fixed Effects ✓ ✓ ✓ ✓ ✓ ✓
District Fixed Effects (21) — ✓ ✓ — ✓ ✓
Additional controls — — ✓ — — ✓
R2 0.075 0.093 0.109 0.014 0.037 0.055
F − stat 197.470 36.318 26.747 19.256 9.607 11.520
Prob > F 0.000 0.000 0.000 0.000 0.000 0.000

Observations 7414 7414 7164 5077 5077 5076

The coefficient estimates represent the probabilities of (a) public works employment in columns (1)–(3) and (b)
SWC practices in columns (4)–(6). The standard errors in parentheses are robust. Asterisks indicate significance
at ∗ 10%, ∗∗ 5%, and ∗∗∗ 1% levels.
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