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Abstract

Structural transformation, the reallocation of labor from low-productivity agriculture to higher-productivity

non-agricultural sectors, is widely viewed as a key driver of economic development. Yet in many African

countries, labor leaving agriculture does not always transition into productive employment. This paper

examines how agricultural productivity shocks affect labor reallocation and why similar shocks generate

different employment outcomes across countries. Using household panel data from Niger, Malawi, and

Ethiopia, combined with geospatial climate data, we construct a continuous measure of weather-driven

agricultural productivity changes based on rainfall and temperature using a machine learning approach.

Empirical results show that favorable weather productivity shocks reduce agricultural labor shares, but

the employment outcomes of workers leaving agriculture vary substantially across countries: labor shifts

into non-agricultural activities in Niger, spatial barriers limit access to jobs in Malawi, and institutional

constraints lead to surplus labor in Ethiopia. To explain these patterns, we develop and estimate a micro-

founded model that combines a Lewis-type labor release mechanism with a Harris–Todaro–type job ab-

sorption process. Counterfactual policy simulations show that the effectiveness of policies—such as food

subsidies, infrastructure improvements, and institutional reforms—depends on both country-specific labor

market constraints and climate conditions. These findings highlight the importance of designing devel-

opment policies that account for institutional context and climate variability when promoting structural

transformation.

1 Introduction

Labor reallocation from low-productivity agriculture to higher-productivity manufacturing and services—commonly

referred to as structural transformation—has long been recognized as a central driver of economic growth

in developing economies (Lewis et al., 1954; Syrquin, 1988). Yet the pace of structural change in Africa

has been relatively slow compared with other regions (Morsy et al., 2023; Mensah et al., 2018; Fox et al.,

2017). As a result, agriculture continues to account for a large share of employment across many African
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economies, and a substantial portion of the population remains engaged in subsistence farming (Christiaensen

and Maertens, 2022; Herrendorf et al., 2022; Barrett et al., 2017; McMillan and Headey, 2014).

A large literature highlights the central role of agricultural productivity growth in structural transformation

(Gollin, 2023; Foster and Rosenzweig, 2022; Bustos et al., 2016; Adamopoulos and Restuccia, 2014). In

these frameworks, improvements in agricultural productivity release labor from agriculture and facilitate the

expansion of non-agricultural sectors. However, recent evidence shows that labor leaving agriculture does not

always transition into productive employment, particularly in Sub-Saharan Africa (Diao et al., 2025; Diao et

al., 2019; McCullough, 2017; Gollin and Rogerson, 2014). Instead, workers often move into low-productivity

activities or remain unemployed. This raises the question of why productivity gains in agriculture sometimes

fail to generate productive structural transformation. In this paper, we examine how agricultural productivity

shocks affect labor reallocation out of agriculture and why similar productivity shocks generate different em-

ployment outcomes across African countries.

To answer the questions, we first test the effect of agricultural productivity shocks on labor reallocation

in three African countries: Niger, Malawi, and Ethiopia. Our dataset merges LSMS-ISA panel surveys

from Niger (2011 and 2014), Malawi (2016 and 2019), and Ethiopia (2018 and 2021) with geospatially

matched climate data (NDVI, rainfall, temperature), enabling us to observe household-level movement deci-

sions alongside local agricultural conditions. Based on the model, we provide empirical analysis to under-

stand the effect of agricultural productivity on the structural change in each country.

Using the agricultural productivity or proxy variables, such as NDVI, leads to endogeneity problems, such as

the simultaneous determination of agricultural productivity and labor reallocation, and the omission of unob-

served local economic factors that affect both agricultural productivity and labor supply. (Branco and Féres,

2021; Emerick, 2018; Jessoe et al., 2018) Therefore, we define an exogenous variable, weather productiv-

ity changes, as a natural experiment to estimate the effect of temporary agricultural productivity changes on

sectoral movement. We construct a continuous weather productivity measure by predicting changes in agri-

cultural productivity (proxied by NDVI growth) from changes in rainfall and temperature using a Random

Forest. The model’s predicted component is the exogenous weather productivity changes, while the residual

captures human-driven factors.

We develop a simple framework based on the Lewis and Harris–Todaro models to interpret labor realloca-

tion. The model emphasizes two steps: labor release from agriculture and its absorption into non-agricultural

employment. When absorption constraints are limited, labor transitions smoothly into non-agriculture, as in

the Lewis model. When such constraints are binding, released labor remains idle, as in the Harris–Todaro

model.

The empirical results provide evidence consistent with this two-step mechanism. First, weather-driven pro-

ductivity shocks reduce agricultural labor shares, indicating that labor is released from agriculture. Second,

2



this released labor is not always absorbed into non-agricultural employment, so productivity gains do not au-

tomatically lead to structural transformation. Third, the absorption margin varies across countries: in Niger

and Malawi, released labor is largely absorbed into non-agricultural activities, while in Ethiopia, absorption

constraints lead to a significant increase in idle labor.

To quantify these mechanisms, we estimate structural parameters governing subsistence requirements and

non-agricultural absorption constraints. The estimates reveal substantial cross-country heterogeneity along

the absorption margin. In Ethiopia, the absorption constraint parameter is large and negative, indicating sig-

nificant barriers to non-agricultural employment and consistent with the Harris–Todaro regime. In Niger and

Malawi, the parameter is close to zero or positive, suggesting weaker constraints and outcomes closer to the

Lewis model. These differences explain why similar productivity shocks generate different labor reallocation

patterns across countries.

We then use the estimated model to conduct policy counterfactual simulations under a common fiscal bud-

get across countries. We consider four policy interventions: (1) food subsidies, (2) agricultural productivity

improvements, (3) infrastructure investment, and (4) land reform. These policies map directly to the model’s

mechanisms: the first two relax subsistence constraints and affect labor release, while the latter two reduce

mobility and absorption barriers and affect the ability of released labor to transition into non-agricultural

employment.

The results show that policy effectiveness depends on country-specific constraints. In Niger and Malawi,

where subsistence constraints are more binding and absorption is relatively flexible, food subsidies are the

most effective in promoting structural transformation. In Ethiopia, where absorption constraints are domi-

nant, land reform generates the largest effects by enabling workers released from agriculture to transition into

non-agricultural employment. These results highlight that structural transformation requires policies targeted

at the binding constraints, and that the effectiveness of these policies varies with both institutional conditions

and climate shocks.

This paper makes three main contributions to the literature on structural transformation and development pol-

icy. First, we construct a generalizable weather productivity measure that does not require extreme weather

events or rare natural disasters. Unlike many studies use weather-driven shocks, such as extreme deviations in

rainfall or temperature (Alfano and Görlach, 2024; Colmer, 2021; Branco and Féres, 2021; Emerick, 2018;

Jessoe et al., 2018; Cattaneo and Peri, 2016; Hirvonen, 2016), or technology-induced shocks, such as the

introduction of new agricultural technologies (Gollin and Rogerson, 2014; Bustos et al., 2016; Adamopoulos

and Restuccia, 2020; Gollin et al., 2021; Rajaonarison, 2014), our approach predicts changes in agricultural

output from rainfall and temperature using machine learning, and defines the predicted change as the weather

productivity. This continuous measure is flexible and portable, making it applicable across diverse settings

and time periods.
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Second, this paper contributes by addressing a multi-country macro question using comparable micro-level

evidence. Existing studies examine the relationship between agricultural productivity and labor reallocation

either within individual countries (Bustos et al., 2016; Krishna and Meenakshi, 2022; Wang, 2025; Vicente

Cateia et al., 2024) or through cross-country macro comparisons (Diao et al., 2019; Samaniego and Sun,

2016; Herrendorf et al., 2014). In contrast, we construct a common measure of weather-driven productivity

shocks and apply a unified empirical strategy across countries using household-level data, enabling direct

comparison of heterogeneous responses.

Moreover, while a growing literature documents that workers leaving agriculture may move into low-productivity

or informal activities (McMillan and Headey, 2014; Diao et al., 2019; Diao et al., 2025; Rodrik, 2016), we

identify an additional margin of adjustment—idle labor. The use of micro data allows us to show that agricul-

tural productivity growth may release labor without generating non-agricultural employment when absorption

constraints, such as mobility and institutional barriers, are binding.

Finally, this paper contributes to the policy literature by showing that structural transformation requires iden-

tifying binding constraints and designing model-guided policies that vary across countries and stages of

development. Existing studies provide evidence that improvements in agricultural productivity can release

labor from agriculture (Barrett et al., 2019; Suri and Udry, 2022; Byerlee et al., 2009), while others empha-

size the role of non-agricultural job creation (Diao et al., 2025; McKenzie, 2017) and mobility-enhancing

investments (Donaldson, 2018; Bryan et al., 2014).

Our findings suggest that no single strategy is universally effective. Instead, the appropriate policy depends

on the constraints that limit labor reallocation: agricultural support is most effective when subsistence con-

straints bind, while mobility and institutional policies are more effective when barriers to non-agricultural

employment dominate. These results highlight the importance of moving beyond uniform “agriculture-first”

or “industry-first” approaches toward a diagnostic-based policy framework.

The remainder of the paper is organized as follows. Section 2 describes the data sources and the construction

of the weather productivity measure. Section 3 introduces the theoretical model. Section 4 outlines the em-

pirical strategy used to identify the effects of weather productivity shocks. Section 5 presents the empirical

results. Section 6 estimates the structural parameters. Section 7 calibrate the policies and conducts the policy

counterfactual analysis. Section 8 concludes and discusses the policy implications.

2 Data and Measurement

2.1 Background of the Countries Studied

In Figure 1, we highlight the three countries studied in this research: Niger, Malawi, and Ethiopia. This sam-

ple provides meaningful diversity for studying structural change because the countries differ sharply in both
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economic conditions and spatial context. In terms of income levels, Ethiopia represents the relatively richer

end of our sample, with a GDP per capita of 916 USD in 2024, while Niger and Malawi are poorer, with

GDP per capita of 585 USD and 552 USD, respectively. This income gradient matters because household

constraints and the feasibility of sectoral movement can differ substantially across poorer and relatively richer

settings.

The three countries also span distinct regions of Africa, which strengthens external validity and helps inter-

Figure 1: Niger, Malawi, and Ethiopia

pret heterogeneous responses. Niger is in West Africa, Ethiopia is in East Africa, and Malawi is in Southern

Africa. In addition, they differ in historical and institutional backgrounds (e.g., Francophone versus Anglo-

phone colonial legacies and Ethiopia’s distinct state trajectory), as well as in social and livelihood systems

that shape market development and non-agricultural opportunities.

In particular, Ethiopia’s land tenure system is unique: land is state-owned and rural households hold use

rights that are closely tied to residence and cultivation. As a result, migration into non-agricultural employ-

ment may involve the risk of losing access to land, which can discourage labor mobility (Abate and Kiros,

2010; Manyazewal and Shiferaw, 2019). These institutional differences provide a useful context for examin-

ing how productivity shocks translate into sectoral labor reallocation across countries.

2.2 Data

2.2.1 Household Data

We construct household panel data sets for three African countries (Ethiopia, Malawi, and Niger) using the

World Bank’s Living Standards Measurement Study (LSMS). The LSMS-ISA program provides the repre-

sentative and longitudinal surveys needed for this research (Bentze and Wollburg, 2024; Grosh and Glewwe,
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1998). In addition, the dataset offers high-quality micro-level measurements across developing countries,

enhancing our understanding of structural change in Africa (Lagakos and Shu, 2023).

To track both the individual movements and thus the households’ sectoral share changes in each country, we

require a panel survey that interviews the same working-age household members in at least two waves. As

the time intervals between survey waves vary by country, we choose the countries with similar wave intervals

and construct balanced panel data with a fixed 3-year interval to make estimation outcomes more compa-

rable across countries. Finally, we obtain three data sets using the LSMS survey data from Niger (2011,

2014), Malawi (2016, 2019), and Ethiopia (2018, 2021). These data track the same households over time and

provide detailed household member information such as employment status, sector, household expenditure,

agricultural inputs and outputs, and food security.

To build the 3-year panel, we start with household survey data containing both sectoral employment and self-

employment information. Then we connect individuals across years by household ID and individual ID, and

cross-check with gender and age. Where individual IDs are missing, we first merge households by household

ID, then match individuals by household ID, relationship to the household head, gender, and age. This allows

us to track households’ sectoral share changes and individual sectoral movement, which are the dependent

variables in our research. To maximize coverage of sectoral activity, we incorporate all types of jobs reported

in the survey, from formal to informal, from self-employment to wage employment.

Alongside the household survey, we use the agricultural survey to measure agricultural income, since agricul-

ture accounts for about 50% of the labor force in Sub-Saharan Africa. Households report outputs in varying

units (kilograms, bags, plates, pails, etc.). Using the LSMS-provided unit conversions, we standardize outputs

to kilograms, then compute crop prices following De Magalhães and Santaeulàlia-Llopis (2018) by taking the

median regional selling price per crop. Household agricultural income is calculated as total output quantity

times the regional price, and divided by household size to obtain individual agricultural income.Finally, we

deflate agricultural income using FAO food price inflation rates and wage income using IMF wage inflation,

both to the 2010 base year. We then convert all values to 2010 International US dollars using the World Bank

PPP factor. Therefore, all wage and income values are comparable across the countries we study.

Given that LSMS-ISA surveys are designed to measure agricultural production and labor allocation, we ex-

amine agricultural participation across both rural and urban households to assess exposure to weather-driven

productivity shocks. The estimation sample is defined based on households’ exposure to agricultural produc-

tion, as the key explanatory variable captures weather-driven variation in agricultural productivity. In Malawi,

urban households allocate a substantial share of labor to agriculture, with an average agricultural labor share

close to 50 percent, indicating that they remain directly exposed to productivity shocks. In contrast, urban

households in Niger and Ethiopia exhibit negligible agricultural participation, so rural classification provides

a reliable proxy for exposure in those settings.
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These differences imply that administrative rural–urban status does not consistently capture exposure to agri-

cultural shocks across countries. We therefore define the sample based on agricultural participation: in Niger

and Ethiopia, this corresponds closely to rural households, while in Malawi we include both rural and urban

households to capture all agriculturally exposed units.

2.2.2 Climate Data

We construct three climate variables—NDVI, rainfall, and temperature—to capture variation in agricultural

productivity. NDVI, a widely used remote-sensing index derived from red and near-infrared reflectance, mea-

sures vegetation health and density and serves as a proxy for agricultural productivity in our setting. Rainfall

and temperature capture key climatic inputs into agricultural production. Using these exogenous, weather-

driven measures helps mitigate endogeneity concerns associated with directly observed agricultural outputs

and labor allocation.

We combine LSMS household GPS coordinates with gridded climate data to construct household-level mea-

sures. GPS locations are provided at the enumeration-area (EA) level and are matched to climate variables

using spatial buffers of 2 km for urban households and 5 km for rural households. NDVI is obtained from the

MODIS MOD13Q1 product at 250 m spatial resolution. For each household, we compute the average NDVI

over the year and then average across all pixels within the buffer, yielding a localized measure of vegetation

conditions.

Rainfall is constructed from the CHIRPS daily precipitation dataset at approximately 0.05° (about 5.5 km)

resolution. We aggregate daily rainfall to obtain annual totals and compute the average rainfall within each

household buffer. Given that the native resolution is close to the rural buffer size, this measure captures local

rainfall variation while smoothing over small spatial noise.

Temperature is derived from the ERA5-Land dataset at approximately 0.1° (about 10 km) resolution. We

compute annual mean temperature and assign values to households based on their location. Because the

underlying resolution is coarser than the buffers, the temperature measure effectively reflects the climate con-

ditions at the grid-cell level corresponding to each household.

Since households are observed at three-year intervals, we construct climate variables for each year within

the observation window as well as for the three years preceding the first survey year, ensuring continuous

coverage of climatic conditions over time.

2.3 Weather Productivity

2.3.1 Exogenous Weather Productivity Growth: Definition

Estimating the relationship between agricultural productivity and household labor reallocation raises impor-

tant endogeneity concerns. Agricultural productivity and labor allocation are jointly determined, and unob-
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served local economic conditions may simultaneously influence both productivity and labor supply decisions

(Branco and Féres, 2021; Emerick, 2018; Jessoe et al., 2018). As a result, directly using observed agricultural

productivity as an explanatory variable would lead to biased estimates of its effect on sectoral labor alloca-

tion.

To deal with the problem, we construct the weather productivity growth rate as the portion of NDVI growth

explained by rainfall and temperature growth. Using the Random Forest method, we predict NDVI growth

from rainfall and temperature growth, capturing as much information from these variables as possible while

avoiding overfitting. We use growth rates rather than levels because changes in productivity, rather than lev-

els, affect the household’s movement decisions in our model.

At the EA level, the agricultural output (in quantity) function is:

Y = T FP ·θ · [Lα1 ·Kα2 ·T α3 ] · ε (1)

where T FP is the total factor productivity, θ is the weather productivity, L is the labor input, K is the capital

input, T is the land input, and ε is the measurement error.

Once we take the log of the production function, we get:

log(Y )−→ y = log(T FP)+ log(θ)+α1 log(L)+α2 log(K)+α3log(T ) (2)

Then we further calculate the productivity growth by year using equation(2), and rearrange:

∆y = y2 − y1 = (logθ2 − logθ1)︸ ︷︷ ︸
avg weather productivity growth

+ (Fn2 −Fn1)︸ ︷︷ ︸
avg human productivity growth

+(ε2 − ε1)︸ ︷︷ ︸
=0

(3)

where ∆Fn = (log(T FP2)− log(T FP1))+α1(log(L2)− log(L1))+α2(log(K2)− log(K1))+α3(log(T2)−

log(T1)).1 For example, in Niger, we observe the data in the year 2011. To get the productivity growth rate

∆y in 2011, we need the agricultural output in 2011 (y2) and 2010 (y1). Since we are studying the agricultural

output at the EA level, the overall, weather, and human productivity growth rates are the average values of

households in the EA.

Now, we look into Fn to understand the average human productivity growth. We are looking at short-term

output changes, which are year by year. Therefore, it is reasonable to assume that the land input and the

capital input remain unchanged. The changes in ∆Fn come from (1) total factor productivity ((log(T FP2)−

log(T FP1))), such as the technology change, crop variety choices, fertilizer choices, etc, (2) labor inputs

(α1(log(L2)− log(L1))).

1Similar to Colmer (2021), we assume that the variables, such as capital and land, are fixed in the short run.
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Therefore, we can rewrite the productivity growth equation into:

∆y = y2 − y1 = (logθ2 − logθ1)︸ ︷︷ ︸
∆θ

+(log(T FP2)− log(T FP1))︸ ︷︷ ︸
∆T FP

+α1(log(L2)− log(L1))︸ ︷︷ ︸
∆L

(4)

2.3.2 Exogenous Weather Productivity Growth: Construction

To estimate the exogenous productivity ∆θ , we use the annual NDVI as the proxy for annual agricultural

output y. Several studies have discussed the strong correlation between NDVI data and agricultural outputs.

Donaldson and Storeygard (2016) shows that satellite data can be effectively used to measure agricultural

output at specific locations. Lobell et al. (2015) introduced a general crop yield model to predict crop yields

using satellite data.

Since we cannot capture the annual changes in T FP and L, we focus on the weather productivity θ , which

is the treatment variable in the research. We use rainfall and temperature to capture the weather productivity

growth. We, therefore, simplify the productivity growth equation (4) into:

∆NDV Iit = β1∆Rain f allit +β2∆Temperatureit︸ ︷︷ ︸
Weather Productivity: ∆θ

+ residual︸ ︷︷ ︸
Human Activities: ∆T FP+∆L

(5)

We cannot directly run the equation. Firstly, the residual in equation (5) is not a mean-zero i.i.d. residual

in the regression equation. Both ∆T FP and ∆L in the residual are endogenously affected by the weather

productivity growth ∆θ . Besides, rainfall and temperature are a coupled, nonlinear system for the weather

productivity. A positive weather productivity growth means better weather conditions for crops. Monotonic

changes in temperature and rainfall do not lead to positive weather productivity.

To deal with these problems, we use a Random Forest model to flexibly estimate the relationship between

weather variables and NDVI, allowing for the joint and nonlinear interactions between rainfall and tempera-

ture. This yields a decomposition of NDVI changes into a weather-driven component and a residual:

∆NDV Iit = g(∆Rain f allit ,∆Temperatureit)︸ ︷︷ ︸
Explained part: ∆θ

+ residual︸ ︷︷ ︸
Unexplained part: ∆T FP+∆L

(6)

The predicted component g(·) isolates variation driven by exogenous weather shocks, while the residual

captures non-weather factors such as human activities. Since the predicted component depends only on ex-

ogenous weather variables, it is orthogonal to the residual variation in NDVI, ensuring that the constructed

productivity measure is not contaminated by endogenous household behavior.

In our research, g(∆rain f all,∆temperature) is the exogenous treatment that is not affected by the unex-

plained part. Later, we show that the weather productivity growth rate varies across different EAs. Assume

there is a planner who distributes treatments to EAs. Some EAs receive positive treatments (g(∆rain f all,∆temperature)>
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0), some EAs receive negative treatments (g(∆rain f all,∆temperature) < 0), and others receive zero treat-

ments (g(∆rain f all,∆temperature) = 0). For the households inside the EAs, these treatments are exogenous.

In the Random Forest Process, each data set is bootstrapped and randomly selected with replacement to form

different training datasets in each decision tree. In our panel dataset, we randomly separate the data into 80%

as the training set and 20% as the testing set. In the training set, a random subset of features, which includes

rainfall and temperature in our research, is used to build the tree to ensure diversity in the model. After the

trees are trained, each of them makes a prediction, and then we average the predictions, which is the final

prediction for regression.

Finally, we apply the estimated model from the training set to the testing set to make a prediction. The out-

comes show that the mean absolute error (MAE) between the real NDVI changes and the predicted NDVI

changes is very low. This implies that the regression model using rainfall changes and temperature changes

captures the NDVI changes well. Besides, the R2 scores of the out-of-sample prediction vary from 0.29 in

Niger, 0.60 in Malawi, to 0.30 in Ethiopia. This is because we only account for the exogenous activities,

and human activities play an important role in the agricultural output. The R2 score implies that the machine

learning model has the prediction power, but focuses on the climate part of the agricultural productivity and

leaves the flexibility for human activities.

2.3.3 Exogenous Weather Productivity Growth: Distribution

In Figure 2, we plot the distribution of the weather productivity across EAs in each country in each obser-

vation year. The negative weather productivity means that the weather condition is bad for the agricultural

output, while positive weather productivity improves the agricultural output. Different colors of the distribu-

tions represent different years. For example, in Figure 2(a), blue is for weather productivity in the 2010-2011

crop cycle, red for 2009-2010 crop cycle, and green for 2008-2009 crop cycle.

We can see that the distributions are not always mean zero. The distributions are rightward biased in some

years (e.g., 2010 in Niger and 2019 in Malawi), implying a good cropping year in the country. On the other

hand, some years are leftward-biased (e.g., 2009 and 2011 in Niger), which means the country is suffering

from a bad cropping year. Finally, the weather productivity in some years is concentrated at 0 (e.g., the

distributions in Figure 2(e)), implying that most EAs have a normal year. The distributions of the weather

productivity show that the variable has variation across EAs and across years.

Weather productivity is random and does not permanently change agricultural productivity. In our context,

we only observe the 3-year movement in 4 countries, which is a short-term structural change. Therefore, the

panel data matches the characteristics of the weather productivity. Random means that people might move

back and forth. However, as long as the movement happens, this is the first step and the short-term version

of the structural change. (Gollin, 2023; Bryan et al., 2014) This indicates that people could move from one
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sector to another when a certain condition is satisfied.

Figure 2: Distribution of Weather Productivity

(a) Niger in 2011 (b) Niger in 2014

(c) Malawi in 2016 (d) Malawi in 2019

(e) Ethiopia in 2018 (f) Ethiopia in 2021

2.4 Summary Statistics

Table 1 reports summary statistics for the variables used in the empirical analysis and structural estimation.

The dependent variables are the shares of household labor allocated to four categories: agricultural labor (HH

ag share), manufacturing (HH manuf share), services (HH serv share), and idle labor (HH idle share). These

shares sum to one and capture the allocation of working-age (15-85 years old) household members across

sectors.

Idle labor is defined as the residual category of individuals who are not engaged in either agricultural or

non-agricultural activities. Accordingly, the idle labor share measures the fraction of household labor that

is not absorbed into productive sectors. Agricultural labor accounts for the largest share on average in all
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three countries. In contrast, idle labor is particularly high in Ethiopia, averaging 22.4 percent, suggesting

substantial underutilization of labor.

The treatment variable is the one-year lagged weather-driven productivity shock. This timing follows the

household decision problem in the model: agricultural production and income are realized at the end of

the agricultural season, after which households update their economic conditions and make labor allocation

decisions for the subsequent period. A positive productivity shock in the previous year increases agricultural

output and relaxes subsistence constraints, allowing households to reallocate labor away from agriculture in

the following period. Using lagged shocks therefore aligns the empirical specification with the model’s timing

and ensures that the treatment is predetermined with respect to current labor allocation decisions, mitigating

simultaneity concerns.

The productivity shock is constructed as a transitory deviation and is approximately mean-zero over time.

Consistent with this, the average value is close to zero inall countries: 0.016 in Niger, -0.011 in Malawi,

and 0.004 in Ethiopia. These small magnitudes confirm that the variable captures short-run fluctuations in

weather-driven productivity rather than persistent differences across locations.

We construct a proxy for subsistence constraints using a food insecurity indicator from the LSMS surveys.

Households are asked whether they experienced insufficient food consumption at any point during the past

12 months. We define a binary variable equal to one if the household reports such an episode and zero

otherwise. Households with a value of one are classified as subsistence-constrained (below subsistence),

while those with a value of zero are classified as above subsistence.

This measure captures whether the subsistence constraint is likely to bind in the household’s labor allocation

decision. The share of subsistence-constrained households is substantial and varies across countries: 49

percent in Niger, 68.5 percent in Malawi, and 15.4 percent in Ethiopia.
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Table 1: Summary Table

(1) (2) (3) (4) (5) (6)

Niger Malawi Ethiopia

Mean SD Mean SD Mean SD

HH ag share 0.634 0.406 0.744 0.376 0.660 0.462

HH manuf share 0.118 0.276 0.057 0.196 0.023 0.134

HH serv share 0.208 0.333 0.175 0.318 0.094 0.265

HH idle share 0.040 0.168 0.024 0.129 0.224 0.409

Weather Productivity Shock (1-lag) 0.016 0.037 -0.011 0.029 0.004 0.048

Working-age HH size 1.935 0.958 1.933 1.004 1.596 0.892

Average Age 38.852 12.374 37.363 13.145 34.298 12.444

Average Education Year 1.175 2.530 5.957 3.608 2.872 3.797

Minimum Distance 18.997 24.168 3.722 3.606 16.786 18.284

Distance to Main Road 19.064 24.256 7.917 9.358 19.441 20.456

Distance to Market 76.756 49.919 7.436 5.592 65.261 56.868

Distance to Population Center 78.988 52.617 29.216 19.595 29.643 27.080

Food Subsistence 0.490 0.500 0.685 0.465 0.154 0.361

Household Obs 3779 2271 2240

Community Obs 269 102 446

3 Model

To guide the empirical analysis, we develop a structural model of household labor allocation that links

weather-driven productivity shocks to structural transformation. The framework builds on insights from the

Lewis Model and the Harris–Todaro Model. It emphasizes two key margins. First, a labor release margin:

higher agricultural productivity reduces subsistence labor requirements and frees workers from agriculture.

Second, a labor absorption margin: once labor leaves agriculture, labor-market institutions and mobility bar-

riers determine whether workers transition into non-agricultural employment or remain idle. This framework

provides a unified way to analyze labor reallocation and allows for heterogeneous responses across countries.

3.1 Environment and Timing

The economy consists of a continuum of households h ∈ [0,1], each endowed with one unit of labor. House-

holds differ in agricultural productivity, which depends on weather conditions. Specifically,

Ah = exp(a0 +a1θg),

where θg represents weather-driven productivity shocks.

Time within a year is divided into two stages. In the first period, households observe the agricultural produc-
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tivity and choose the share of labor allocated to agriculture sA,h. In the second period, labor released from

agriculture Sh enters the non-agricultural labor market or remains unemployed.

3.2 Labor Supply: Agricultural Production and Household Decisions

We first discuss the non-agricultural labor supply from the agricultural sector. Agricultural production for the

household h is

yA,h = Ahsγ

A,h (7)

where sA,h denotes the share of labor allocated to agriculture, and 0 < γ < 1 represents the elasticity of agri-

cultural output with respect to labor input. For simplicity, the model abstracts from capital and land inputs,

which are largely fixed in the short run. Households must satisfy a subsistence requirement c̄ before reallo-

cating labor from agriculture to non-agricultural activities. This condition implies a minimum agricultural

labor requirement

sh =

(
c̄

Ah

)1/γ

.

Households choose agricultural labor to maximize utility derived from agricultural consumption above sub-

sistence and expected income from non-agricultural activities:

Uh(sA,h) = log(Ahsγ

A,h − c̄)+β log(R(p)(1− sA,h)).

Expected non-agricultural income is R(p) = pwM +(1− p)b, where p denotes the probability of obtaining

a non-agricultural job, wM is the non-agricultural wage, and b is fallback income when the worker is unem-

ployed or underemployed.

The household chooses

max
sA,h∈[sh,1)

log(Ahsγ

A,h − c̄)+β log(R(p)(1− sA,h)) (8)

Let sint
A,h denote the interior solution for the household maximization problem. The optimal agricultural labor

share is

s∗A,h = max{sh,s
int
A,h}.

When the interior solution is smaller than the minimum agricultural labor requirement, the expected return

from non-agricultural employment is sufficiently high to attract even the workers needed to satisfy subsistence

production. However, households must still meet the subsistence constraint, so they retain the minimum

required labor in agriculture. In this case, the agricultural labor share equals the minimum agricultural labor

requirement. In contrast, when the interior solution exceeds the minimum agricultural labor requirement,

households allocate additional labor to agriculture beyond the subsistence level. Because subsistence needs

are already satisfied, households can reallocate the remaining labor to the non-agricultural sector in response

to expected non-agricultural returns.
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Labor released from agriculture is

Sh = 1− s∗A,h.

Aggregating across households gives the total labor supply for the non-agricultural sector:

LU =
∫ 1

0
Sh dh.

3.3 Labor Demand: Non-Agricultural Production

Now we look at the labor demand. Assume there is a representative firm in the non-agricultural sector that

produces according to

YM = F(LM),

where F ′(LM) > 0 and F ′′(LM) < 0. Similarly, we abstract the capital input from the production function,

which is fixed in the short run.

The firm chooses labor demand to maximize profits

max
LM

F(LM)−wMLM.

The optimal labor demand condition is

F ′(LM) = wM.

3.4 Equilibrium

Flexible Absorption Equilibrium (Lewis-type).

When absorption constraints, such as the institutional constraints or mobility barriers, are low, labor released

from agriculture can move smoothly into non-agricultural activities once subsistence needs are satisfied. In

this case, the non-agricultural sector absorbs all workers leaving agriculture, and the labor market clears

without rationing. The total labor employed in non-agriculture equals the labor released from agriculture:

LM = LU .

The non-agricultural wage adjusts to equate labor demand and supply,

w∗
M = F ′(LU ).

In this equilibrium, agricultural productivity shocks reduce the labor required to meet subsistence needs, and

the released labor is fully absorbed into non-agricultural employment. Structural transformation therefore

proceeds smoothly, consistent with the mechanism emphasized in the Lewis model.
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Rationed Absorption Equilibrium (Harris-Todaro-type).

Alternatively, when absorption constraints are sufficiently large, labor released from agriculture cannot be

fully absorbed into non-agricultural employment even when productivity increases. These frictions may re-

flect spatial barriers, institutional constraints, search costs, or limited access to capital for non-agricultural

activities. As a result, the effective transition of workers into non-agricultural employment becomes proba-

bilistic rather than deterministic.

On the demand side, firms choose labor according to

F ′(LD
M) = wM.

Given labor released from agriculture LU , the non-agricultural sector can only absorb a fraction of these

workers. Let π denote the probability that a worker leaving agriculture successfully enters non-agricultural

employment. Total non-agricultural employment is therefore

LM = πLU .

In equilibrium, the absorption probability is determined by the interaction between labor supply and firm

demand. When labor supply exceeds demand, only a fraction of workers can be employed:

π
∗ = min

{
1,

LD
M

LU

}
.

This formulation captures a Harris-Todaro-type environment in which productivity shocks release labor from

agriculture, but limited absorption capacity prevents full structural transformation. Therefore, absorption

barriers reduce the effective transition into non-agricultural employment.

The absorption probability π captures the extent of absorption frictions in the non-agricultural sector and can

be interpreted as a function of institutional constraints and mobility barriers, which we discuss in more detail

in the structural estimation section. When absorption constraints are limited, π approaches one, and most

workers transition into non-agricultural employment. When constraints are binding, π falls below one, and

only a fraction of workers successfully transition.

In this regime, agricultural productivity shocks increase the pool of workers leaving agriculture, but only a

subset successfully transition into non-agricultural employment. The remaining workers remain unemployed

or underemployed, leading to an accumulation of idle labor rather than a complete sectoral reallocation.

3.5 Testable Hypothesis

The model yields three testable hypothesis that guide the empirical analysis.
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Hypothesis 1 (Labor Release). An increase in agricultural productivity reduces the household agricultural

labor share and increases labor released from agriculture. Formally,

∂ s∗A,h
∂θg

≤ 0,
∂Sh

∂θg
≥ 0.

The intuition behind is that higher agricultural productivity raises output per unit of labor, reducing the labor

required to meet subsistence needs. As a result, households reallocate labor away from agriculture.

Hypothesis 2 (Subsistence Heterogeneity). The response of labor allocation to productivity shocks differs

across households depending on whether the subsistence constraint binds. For households whose subsistence

constraint is binding, the optimal agricultural labor share is pinned down by the minimum requirement,

s∗A,h = sh,

so that labor allocation is primarily determined by the need to meet subsistence consumption. For uncon-

strained households, the optimal agricultural labor share is given by

s∗A,h = max{sh,s
int
A,h},

with s∗A,h < 1, allowing them to reallocate labor more flexibly and release more labor from agriculture.

Hypothesis 3 (Absorption and Cross-Country Heterogeneity). The allocation of released labor depends

on the equilibrium regime in the non-agricultural sector. In a flexible-absorption (Lewis-type) equilibrium,

LM = LU ,

so that an increase in agricultural productivity raises non-agricultural employment one-for-one through the

labor release margin. In a rationed-absorption (Harris–Todaro-type) equilibrium,

LM = π
∗LU , U = (1−π

∗)LU ,

where only a fraction of released labor is absorbed into non-agricultural employment. In this case, higher

agricultural productivity increases idle labor and weakens the response of non-agricultural employment.
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4 Empirical Evidence

4.1 Panel Data Regression

In each country, we construct 2-year observations for each individual with a 3-year gap. The challenge in

estimating the impact of weather productivity growth on sectoral shares is that we have a three-year gap in the

data set. This means that we only observe sectoral shares in the first year and another set of sectoral shares

three year later. Fortunately, the weather productivity variables have a full record to fill the gaps. And we use

1-year lagged weather productivity growth for the weather productivity growth ∆θgt to study the effect.2

To test the model predictions, we need to study the relationship between the weather productivity growth ∆θgt

and the household sectoral labor share s jht , where j ∈ A,M,S, I. Our main identification equation is:

s jht = βtot∆θgt +δh +λt + εht (9)

where βtot estimates both the direct and indirect effect from ∆θgt , which is discussed in the following part.

δh is the household fixed effect, and λt is the year fixed effect. We cluster the standard error at the EA level.

Since the weather productivity is collected at the EA level, households in the same EA share the same shocks.

Clustering at the EA level directly addresses this.

To further test the heterogeneity effect, we group the households based on their food-subsistence level, and

run the same regression equations as equation 9 by group.

4.2 Heterogeneous Household Sectoral Responses to Weather-Driven Productivity

Shocks

We begin by checking how households make sectoral decisions in response to changes in weather productiv-

ity. Specifically, we estimate the effect of the weather productivity growth on the households’ sectoral shares

in Niger, Malawi, and Ethiopia, using equation 9. In the research, we focus on the share changes in agri-

culture, manufacturing, and service. Table 2 shows the regression outcomes in Niger, Malawi, and Ethiopia

(Columns (7), (8), and (9)).

In Niger, a one-standard-deviation increase in the weather productivity shock (0.037) leads to a 2.4 percent-

age point decline in the agricultural labor share. At the same time, the manufacturing labor share increases

by about 2.2 percentage points, while the effect on services is negligible. These patterns suggest that labor

released from agriculture is largely absorbed into non-agricultural activities, particularly manufacturing. De-

spite the modest decline in agricultural labor in absolute terms, the increase in manufacturing employment is

2In the model, ∆θgt is a realized shock to the household, and we use 1-year lagged weather productivity growth. Besides, we regress
the sectoral move on the present weather productivity, the 1-year lagged weather productivity, and the 2-year lagged weather productivity
separately. And we find that the 1-year lagged weather productivity growth has both an economically and statistically significant impact
on the household sectoral shares.
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of comparable magnitude, indicating that released labor is effectively reallocated. This pattern is consistent

with a setting in which absorption constraints are limited, allowing productivity gains in agriculture to trans-

late into meaningful structural transformation.

In Malawi, a one-standard-deviation increase in the weather productivity shock (0.029) reduces the agricul-

tural labor share by about 1.8 percentage points. At the same time, the manufacturing labor share increases

by approximately 1.5 percentage points, while the effect on services remains negligible. Similar to Niger,

these results indicate that labor released from agriculture is largely absorbed into non-agricultural activi-

ties, particularly manufacturing. The magnitude of the increase in manufacturing is close to the decline in

agricultural labor, suggesting a relatively smooth reallocation process. This pattern is again consistent with

limited absorption constraints, allowing productivity shocks to translate into shifts toward higher-return non-

agricultural activities.

In Ethiopia, a one-standard-deviation increase in the weather productivity shock (0.048) leads to a substan-

tially larger decline in the agricultural labor share, at about 4.9 percentage points. However, the corresponding

increase in non-agricultural employment is limited. The manufacturing labor share rises by only 0.8 percent-

age points, while the service sector declines by about 1.2 percentage points. These patterns suggest that

labor released from agriculture is not effectively absorbed into non-agricultural sectors. Compared to Niger

and Malawi, the response of non-agricultural employment is much weaker in absolute terms, indicating the

presence of binding absorption constraints that prevent productivity gains from translating into broad-based

labor reallocation.

Overall, the results show that weather-driven productivity shocks consistently reduce agricultural labor shares

across all three countries, supporting the labor release mechanism in Hypothesis 1. However, the extent to

which released labor is absorbed into non-agricultural sectors differs substantially across countries. In Niger

and Malawi, increases in manufacturing employment closely mirror the decline in agricultural labor, suggest-

ing effective absorption of released labor. In contrast, in Ethiopia, the increase in non-agricultural employ-

ment is limited despite a large reduction in agricultural labor, indicating the presence of binding absorption

constraints. These differences provide empirical support for Hypothesis 3 and will be further explored in the

next set of regressions.
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Table 2: Household Shares and Weather Productivity Growth

Agriculture Manufacturing Service

Niger

∆θgt -0.643∗∗ 0.585∗∗∗ 0.0323

(-2.06) (3.37) (0.13)

Mean dep. var 0.634 0.118 0.208

Observations 3776 3776 3776

Malawi

∆θgt -0.607∗ 0.509∗∗∗ -0.0248

(-1.84) (2.67) (-0.08)

Mean dep. var 0.743 0.057 0.176

Observations 2260 2260 2260

Ethiopia

∆θgt -1.016∗∗∗ 0.167∗∗ -0.250∗

(-2.79) (2.45) (-1.82)

Mean dep. var 0.660 0.023 0.094

Observations 2240 2240 2240

t statistics in parentheses. All regressions include household and year

fixed effects. Standard errors are clustered at the community level. Con-

stant terms are included but not reported.

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

4.3 Agricultural Labor Responses to Weather Productivity Shocks Among Above-

Subsistence Households

In Table 3, we decompose the households into the above-subsistence and the below-subsistence groups. In our

data, households’ food-subsistence status is observed only contemporaneously with sectoral labor allocation.

Because the panel contains two survey waves separated by a three-year interval, we cannot precisely recover

households’ subsistence position at the start of the reallocation period for each observation. To address this

timing limitation, we treat the above-subsistence households in the first observation year as the above group

and the below-subsistence households in the first observation year as the below group in both periods.

The results show a clear difference in responses across subsistence groups. In all three countries, the agricul-

tural labor share declines in response to weather productivity shocks among above-subsistence households,

while the responses are smaller and statistically insignificant among below-subsistence households. For ex-

ample, a one-standard-deviation increase in the productivity shock reduces the agricultural labor share of

above-subsistence households by about 2.6 percentage points in Niger, 2.9 percentage points in Malawi, and

5.1 percentage points in Ethiopia. In contrast, the estimated effects for below-subsistence households are
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imprecise and not statistically different from zero.

These findings are consistent with Hypothesis 2, which emphasizes the role of subsistence constraints in

shaping labor allocation decisions. Households that are close to or below subsistence levels must maintain

sufficient agricultural labor to meet basic consumption needs, limiting their ability to respond to produc-

tivity improvements. In contrast, households above subsistence can adjust labor more flexibly and reduce

agricultural labor when productivity rises, releasing surplus labor. This mechanism is consistent with the

food-subsistence literature (Gollin et al., 2002; Gollin et al., 2007; Herrendorf et al., 2014), which shows

that productivity gains reduce the labor required to meet subsistence needs. Our results provide micro-level

evidence for this mechanism: productivity-driven labor reallocation occurs primarily among households that

are not constrained by subsistence.

Table 3: Agricultural Shares and Weather Productivity Growth by
Food-Subsistence Level

Below Subsistence Above Subsistence

Niger

∆θgt -0.607 -0.704∗

(-1.54) (-1.92)

Mean dep. var 0.641 0.627

Observations 1850 1926

Malawi

∆θgt -0.314 -0.995∗∗

(-0.80) (-2.20)

Mean dep. var 0.802 0.609

Observations 1568 692

Ethiopia

∆θgt -0.933 -1.069∗∗∗

(-1.07) (-2.94)

Mean dep. var 0.609 0.669

Observations 344 1896

t statistics in parentheses. All regressions include household and year

fixed effects. Standard errors are clustered at the community level. Con-

stant terms are included but not reported.

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

4.4 Heterogeneous Responses of Non-Agricultural Labor Shares to Weather-Driven

Productivity Shocks

When households reallocate labor out of agriculture, released labor can either transition into non-agricultural

employment or remain idle. In this section, we examine whether productivity-induced labor reallocation

among above-subsistence households translates into productive non-agricultural employment or instead re-

sults in idle labor. Specifically, Table 4 reports the response of non-agricultural and idle labor shares to

weather productivity shocks. By jointly examining these two outcomes, we distinguish between successful

absorption into productive activities and unsuccessful absorption in which released labor remains idle.
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The results reveal clear cross-country differences in how released labor is absorbed. In Niger, a one-standard-

deviation increase in the weather productivity shock increases the non-agricultural labor share by about 2.6

percentage points, with no significant change in idle labor. Similarly, in Malawi, the same shock increases

the non-agricultural labor share by approximately 2.3 percentage points, again with no statistically signifi-

cant effect on idle labor. These patterns indicate that labor released from agriculture is largely absorbed into

non-agricultural activities.

In contrast, Ethiopia exhibits a markedly different response. A one-standard-deviation increase in the pro-

ductivity shock has no significant effect on non-agricultural labor, but increase the idle labor share by about

5.1 percentage points. This implies that labor released from agriculture is not absorbed into productive non-

agricultural employment and instead remain idle.

These heterogeneous patterns are consistent with the two equilibrium regimes described in Hypothesis 3. In

Niger and Malawi, the increase in non-agricultural employment closely mirrors the decline in agricultural

labor, with little change in idle labor, consistent with a flexible-absorption (Lewis type) equilibrium in which

released labor is fully absorbed. In contrast, in Ethiopia, the lack of non-agricultural response combined with

a large increase in idle labor is consistent with a rationed-absorption (Harris-Todaro type) equilibrium, where

labor released from agriculture cannot be fully absorbed. Together, these results show that while productiv-

ity shocks generate labor release across countries, the extent to which this labor is absorbed into productive

employment depends critically on the underlying equilibrium conditions.
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Table 4: Non-agricultural Shares and Weather Pro-
ductivity Growth for the above group

Non-agriculture Idle

Niger

∆θgt 0.696∗∗ 0.00790

(2.01) (0.06)

Mean dep. var 0.333 0.040

Observations 1926 1926

Malawi

∆θgt 0.807∗ 0.188

(1.75) (0.48)

Mean dep. var 0.338 0.054

Observations 692 692

Ethiopia

∆θgt 0.0152 1.054∗∗∗

(0.10) (2.91)

Mean dep. var 0.121 0.210

Observations 1896 1896

t statistics in parentheses. All regressions include

household and year fixed effects. Standard errors are

clustered at the community level. Constant terms are

included but not reported.

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

4.5 Robustness Checks

We conduct several robustness checks to assess whether the empirical findings are sensitive to measurement

choices and identification assumptions. Across all specifications, the results remain qualitatively unchanged.

Alternative Definition of Idle Labor A key concern is that increases in the measured idle labor share

following weather productivity shocks may reflect changes in schooling or retirement decisions rather than

labor market outcomes. For example, higher agricultural income may allow households to send additional

members to school, mechanically increasing the share of individuals classified as idle.

To address this concern, we construct alternative definitions of idle labor. First, we exclude individuals who

increase their years of education across survey waves, thereby removing transitions into schooling. Second,

we restrict the sample to prime-age individuals (ages 25–60), eliminating both schooling and retirement

margins.

Across both specifications, the results remain unchanged. In Ethiopia, weather-driven productivity shocks
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continue to generate a large and statistically significant increase in idle labor, while the effects in Niger and

Malawi remain small and insignificant. This confirms that the increase in idle labor reflects genuine labor

market outcomes rather than compositional changes.

Using this refined measure, we continue to find that weather productivity shocks generate a positive and

statistically significant increase in surplus labor in Ethiopia, while the effects in Niger and Malawi remain

limited. This suggests that the baseline results are not driven by misclassification in the idle labor measure.

Pre-Trend Test Another concern is that weather productivity shocks may proxy for underlying develop-

ment trends rather than represent exogenous short-run variation. For example, areas experiencing favorable

weather conditions may also undergo gradual improvements in infrastructure or market access, which could

independently affect labor allocation.

To address this concern, we conduct a placebo test using future weather productivity shocks. Since current

labor allocation decisions cannot respond to future weather realizations, any significant relationship would

indicate that weather variables are capturing underlying trends rather than causal shocks.

The results show no systematic relationship between future weather shocks and current labor allocation across

countries and sectors. In particular, the positive effect observed in Ethiopia disappears when future shocks are

used. This supports the identification strategy and suggests that the baseline results are driven by exogenous

weather variation.

Alternative Weather Measures A further concern is that the constructed weather productivity shock may

impose functional form assumptions that drive the results. To address this, we estimate specifications using

raw weather variables, rainfall and temperature, allowing for nonlinear effects.

The results reveal consistent nonlinear relationships between weather conditions and labor allocation across

countries. In Niger and Ethiopia, rainfall exhibits an inverted U-shaped relationship with agricultural labor

share, while temperature effects are also nonlinear, reflecting the impact of extreme weather conditions.

Although estimates in Malawi are less precise, the overall patterns are similar. These findings are consistent

with the baseline specification and support the interpretation that weather affects labor allocation through its

impact on agricultural productivity.

Additional robustness checks, including alternative definitions of the working-age population, specifications

with pre-determined controls, and demand-side checks using household income measures, are reported in the

Appendix. The results remain qualitatively unchanged.
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5 Mechanism

The empirical results above document a special pattern: weather-driven productivity shocks consistently re-

lease labor from agriculture, but the subsequent reallocation of this labor differs markedly across countries.

In particular, while Niger and Malawi exhibit shifts toward non-agricultural employment, Ethiopia experi-

ences a substantial increase in surplus labor. This raises a central question: why does labor released from

agriculture fail to transition into more productive activities in Ethiopia? More broadly, what constrains the

absorption of labor outside agriculture following productivity shocks?

To answer these questions, we examine several potential mechanisms. We begin by confirming that the in-

crease in surplus labor reflects genuine underemployment rather than measurement issues. We then assess

whether limited labor demand can explain the observed patterns. Finding little support for a demand-side

explanation, we turn to constraints on labor reallocation. Specifically, we investigate the roles of spatial mo-

bility barriers and land institutions in shaping households’ ability to adjust.

Together, the evidence points to structural frictions—particularly limited mobility and constraints in land

transferability—as key factors limiting the reallocation of labor and the process of structural transformation.

5.1 Narrow Measure of Surplus Labor

To better capture underemployment directly linked to labor market frictions, we construct a narrower measure

of surplus labor. While the baseline definition of idle labor includes a broad set of non-working individuals,

this measure may encompass groups whose status is not directly driven by labor market constraints, such as

those temporarily absent from work or marginally attached to the labor force.

The narrow surplus measure instead focuses on individuals who are either engaged in low-intensity or irreg-

ular activities, actively searching for employment, or willing to work but unable to find jobs. By excluding

categories less directly tied to labor market outcomes, this definition provides a more precise measure of

underutilized labor.

Table 5 reports the results using this refined measure. The estimates closely mirror the baseline findings.

In Ethiopia, weather productivity shocks generate a positive and statistically significant increase in surplus

labor, with a magnitude that is economically meaningful relative to the mean. In contrast, the effects in Niger

and Malawi remain small and imprecisely estimated.

These results confirm that the increase in surplus labor in Ethiopia reflects genuine underemployment rather

than differences in classification of idle labor. Having established that the pattern is robust to a more stringent

definition, we next turn to the mechanisms that limit the reallocation of labor.

25



Table 5: Narrow Surplus Workers and Weather Productivity Growth

(1) (2) (3)

Niger Malawi Ethiopia

climate 1ihs 0.0826 0.196∗ 0.935∗∗

(0.75) (1.85) (2.05)

Constant 0.0270∗∗∗ 0.0121∗∗∗ 0.156∗∗∗

(6.36) (4.55) (9.16)

Community Fixed Effect Yes Yes Yes

Year Fixed Effect Yes Yes Yes

Mean dep. var 0.028 0.005 0.182

SD dep. var 0.135 0.054 0.371

Observations 3776 1910 2240

R-squared 0.610 0.509 0.682

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

5.2 Demand-Side Constraints

A natural explanation for the increase in surplus labor is that weather productivity shocks reduce the avail-

ability of non-agricultural jobs. If labor demand is insufficient, households may be unable to transition out of

agriculture regardless of productivity gains.

We first examine the distribution of self-reported reasons for not searching for work in Ethiopia in Table 6.

Demand-side constraints are not the dominant factor. While 17 percent of individuals report being discour-

aged due to the lack of available jobs and 9 percent cite a mismatch between available jobs and their skills,

a larger share attribute their non-participation to seasonal factors, household responsibilities, or continued

engagement in agriculture. This suggests that labor supply and institutional factors play an important role.

To assess whether weather shocks affect job availability, Table 7 examines the relationship between weather

productivity shocks and the probability of reporting demand-side constraints. The estimates are small and

statistically insignificant for both measures. In addition, the baseline prevalence of these constraints is low,

with only about 2–3 percent of individuals reporting the absence of jobs as the primary barrier to job search.

Taken together, these findings suggest that the increase in surplus labor in Ethiopia is unlikely to be driven

primarily by a lack of labor demand. Instead, they point toward constraints that limit households’ ability to

reallocate labor, which we explore next.
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Table 6: Self-Reported Reasons for Not Searching for Work in Ethiopia

Reason Percent
Demand-side constraints
No jobs available (discouraged) 17.14
No jobs matching skills 8.69
Considered too young/old 1.19

Job transition / timing
Waiting for previous application 4.38
Awaiting recall from job 2.00
Waiting for season to start 11.82
Waiting to start job/business 12.01

Household and other factors
Family/household responsibilities 12.76
In agriculture/fishing for family 11.13
In studies or training 9.38
Disability/illness 2.19
Retired/other income 2.00
Other reasons 5.32
Total 100.00

Notes: The table reports the distribution of self-reported
reasons for not searching for work among individuals
who were not actively seeking employment. Demand-
side constraints account for a minority of responses rel-
ative to other factors.

Table 7: Demand-side Constraints and Job Availability

(1) (2)

No Job or No Match No Job

climate 1ihs 0.0192 0.0517

(0.28) (0.89)

Constant 0.0387∗∗∗ 0.0257∗∗∗

(14.33) (9.73)

Community Fixed Effect Yes Yes

Year Fixed Effect Yes Yes

Mean dep. var 0.031 0.021

SD dep. var 0.174 0.143

Observations 13104 13132

R-squared 0.088 0.312

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

5.3 Land Transferability and Labor Reallocation

To examine the role of land institutions, we construct a measure of land transferability based on households’

ability to sell, use as collateral, or bequeath their land. These rights capture the extent to which household

members can detach their labor allocation decisions from land holdings. We classify households into three

groups: those without transfer rights, those with partial rights, and those with full transferability across

parcels.

In the Ethiopian context, land tenure is characterized by restrictions on transferability. Land is formally owned

by the state, and households hold use rights that are often tied to continued cultivation. Survey responses
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indicate that while some parcels allow bequest, market-based transfers such as sale or use as collateral are

limited. As a result, land remains closely linked to household production, and maintaining access to land is

associated with continued engagement in agricultural activities.

These institutional features imply that labor reallocation occurs at the margin rather than through full exit

from agriculture. Even when productivity shocks reduce the need for labor in agriculture, household members

cannot fully detach from land-based production. Instead, some members remain engaged in agriculture to

maintain land rights, while others are released from productive tasks. This generates a pool of underutilized

labor that is available for non-agricultural activities but not fully absorbed.

Consistent with this mechanism, Table 8 shows that weather productivity shocks generate a large increase in

idle and surplus labor among households without transfer rights, as captured by the baseline coefficient on

∆θgt . By contrast, this effect is substantially attenuated for households with partial or full transferability, as

indicated by the negative interaction terms between ∆θgt and the transferability indicators. In the Ethiopia

case, the interaction effects are economically large and statistically significant, implying that the response

of labor allocation differs systematically across land-rights regimes. This heterogeneity suggests that land

institutions constrain labor reallocation in Ethiopia.

Table 8: Mechanism: Plot per Adult Member

(1) (2) (3) (4) (5) (6)

Niger Malawi Ethiopia

Idle Labor Surplus Labor Idle Labor Surplus Labor Idle Labor Surplus Labor

climate 1ihs -0.00266 0.00186 0.121 0.0802 1.906∗∗ 1.831∗∗

(-0.13) (0.09) (0.49) (1.32) (2.07) (2.47)

1.land type min -0.0113 -0.00476 0.0294∗∗ 0.0142∗∗∗ -0.0975∗ -0.0739

(-1.26) (-1.05) (2.16) (2.75) (-1.72) (-1.27)

2.land type min -0.00330 -0.00241 -0.00753 -0.00574∗∗ -0.172∗∗∗ -0.124∗∗

(-1.58) (-1.63) (-0.97) (-2.47) (-2.67) (-2.25)

1.land type minc.climate 1ihs 0.232 0.0462 0.298 0.130 -1.761 -2.047∗∗

(1.13) (0.58) (0.76) (0.81) (-1.52) (-2.06)

2.land type minc.climate 1ihs 0.0103 0.00190 0.0250 -0.0275 -1.293 -1.342∗

(0.39) (0.08) (0.10) (-0.41) (-1.36) (-1.78)

Constant 0.00333∗∗∗ 0.00266∗∗∗ 0.0163∗∗ 0.00843∗∗∗ 0.321∗∗∗ 0.245∗∗∗

(3.27) (2.89) (2.29) (4.31) (7.88) (6.72)

Household Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.002 0.001 0.017 0.005 0.224 0.182

SD dep. var 0.028 0.025 0.105 0.054 0.409 0.371

Observations 2658 2658 1926 1910 2240 2240

R-squared 0.505 0.502 0.614 0.517 0.736 0.696

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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5.4 Spatial Mobility Constraints

The cross-country differences documented above suggest that while productivity shocks consistently release

labor from agriculture, the extent to which this labor is absorbed into non-agricultural employment varies

substantially. To better understand these differences, we investigate how access to non-agricultural opportu-

nities affects the reallocation of released labor.

To capture variation in absorption constraints, we exploit geographic access measures available in the LSMS

data. In particular, we use the minimum distance to major roads, markets, and population centers as proxies

for mobility barriers and access to non-agricultural opportunities (Faber, 2014; Davis et al., 2017; Asher and

Novosad, 2020).3 Households located further from these nodes face higher transport costs, weaker infor-

mation flows, and thinner labor markets, which together limit their ability to transition into non-agricultural

activities. We are fortunate to observe these distance measures in the data, which provide a natural proxy for

the severity of absorption constraints faced by households.

To ensure that these measures are predetermined with respect to current shocks, we sue baseline distance

from the first survey wave. We then estimate the following specification:

l jht = β1∆θgt +β2∆θgt ×Distit0 +δh +λt + εht (10)

where Distit0 is the baseline minimum distance (to the key road, market, population center, or border) vari-

ables. The coefficient β2 captures how the effect of productivity shocks on labor reallocation varies with the

degree of access to non-agricultural opportunities.

Table 9 presents the results. In Ethiopia, we find clear evidence that absorption constraints significantly

dampen labor reallocation. The interaction coefficients indicate that weaker access reduces the responsive-

ness of non-agricultural employment: being 1 km further from the nearest node lowers the effect of a pro-

ductivity shock on the non-agricultural labor share by 0.0185. At the same time, limited access increases idle

labor: being 1 km further raises the effect on idle labor by 0.0647. These patterns indicate that households

facing greater mobility barriers are less able to transition into non-agricultural employment and are more

likely to remain idle following productivity shocks.

In contrast, in Niger and Malawi, the interaction terms are generally small and statistically insignificant. This

suggests that variation in geographic access does not substantially affect the allocation of released labor in

these countries. Taken together, these results reinforce the earlier evidence on heterogeneous absorption pat-

terns. In settings like Niger and Malawi, where labor released from agriculture is readily absorbed, access

constraints play a limited role. In Ethiopia, however, limited access significantly restricts the ability of house-

3The distance to major roads measures the households’ distance to the nearest major road, the distance to markets measures house-
holds’ distance to the nearest market, and distance to population centers measures households’ distance to the nearest population center
with more than 20,000 people in kilometers.
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holds to transition into non-agricultural activities, contributing to the accumulation of idle labor.

These findings are consistent with the two equilibrium regimes described in Hypothesis 3. In Niger and

Malawi, the weak role of access constraints aligns with a flexible-absorption equilibrium in which released

labor is readily absorbed into non-agricultural employment. In Ethiopia, the strong interaction between dis-

tance and productivity shocks indicates that absorption is constrained, consistent with a rationed-absorption

equilibrium in which released labor cannot be fully intergrated into productive sectors.

Table 9: Mechanism: Mobility Barrier

(1) (2) (3) (4) (5) (6)

Niger Malawi Ethiopia

Non-agriculture Idle Non-agriculture Idle Non-agriculture Idle

∆θgt 0.349 -0.169 1.196∗ 0.262 0.296 0.0732

(0.82) (-1.22) (1.92) (0.46) (1.32) (0.17)

∆θgt ×Dist (β2) 0.0150 0.00761∗ -0.220 -0.0421 -0.0185∗∗ 0.0647∗∗

(1.37) (1.69) (-0.95) (-0.35) (-2.03) (2.32)

Mean dep. var 0.333 0.040 0.338 0.054 0.121 0.210

Observations 1926 1926 692 692 1896 1896

R-squared 0.685 0.667 0.720 0.642 0.660 0.726

t statistics in parentheses. All regressions include household and year fixed effects. Standard errors are clustered at the community

level. Constant terms are included but not reported.

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

6 Structural Estimation

The empirical analysis documents two key patterns. First, improvements in weather-driven agricultural pro-

ductivity lead to a reduction in agricultural labor shares, consistent with labor being released from agriculture.

Second, the allocation of this released labor differs sharply across countries: in some settings it is absorbed

into non-agricultural employment, while in others it remains in low-productivity or idle activities. These find-

ings point to two distinct margins governing structural transformation: the release of labor from agriculture

and the absorption of labor into non-agricultural sectors.

Reduced-form evidence, however, is not sufficient to disentangle these margins or to quantify their relative

importance. In particular, it does not allow us to separately identify whether limited structural transforma-

tion arises from subsistence constraints that restrict labor release or from frictions that limit the absorption

of labor into non-agricultural activities. To address this, we estimate a structural model of household labor

allocation that explicitly incorporates both margins. The model allows us to quantify the strength of subsis-

tence constraints and the severity of labor reallocation frictions, compare these constraints across countries,

and provide a disciplined framework for evaluating how policies that relax these frictions affect structural
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transformation.

6.1 From the Full Model to the Estimable Specification

The full model provides a general equilibrium framework in which weather-driven agricultural productivity

shocks release labor from agriculture, while labor-market conditions determine whether this surplus labor is

absorbed into non-agricultural employment or remains idle. For estimation, we adopt a simplified household-

level representation of this framework that is directly tied to the available data and to the main mechanisms

highlighted by the empirical evidence.

The key simplification is that the estimable model takes as given a measure of local absorption capacity

constructed from the data. Specifically, we proxy pi using the leave-one-out community-year share of re-

leased labor that is absorbed into non-agricultural employment. This measure is an equilibrium outcome that

captures both demand-side conditions and the overall capacity of the local economy to absorb labor. In the

estimation, we treat pi as a sufficient statistic for local labor-market conditions and focus on how household-

level constraints interact with this environment, rather than imposing additional structure on firm behavior or

wage determination.

Consistent with the structural model, agricultural productivity for household i is specified as

Ai = exp(a0 +a1θi),

where θi is the weather-driven productivity shock. In the empirical implementation, the productivity sensi-

tivity parameter a1 is estimated outside the structural model using the reduced-form productivity regression.

The structural estimation therefore takes the productivity process as given and focuses on the household al-

location parameters conditional on this estimated relationship.

Subsistence requirements depend on household size and are given by

c̄i = c0 ×Hi,

where Hi denotes household size. This specification allows subsistence needs to scale proportionally with

household labor endowment.

Given productivity and subsistence, the household chooses agricultural labor share sA,i by solving

max
sA,i∈[si,1)

log(Ais
γ

A,i − c̄i)+β log(1− sA,i),
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4 where the lower bound

si =

(
c̄i

Ai

) 1
γ

is the minimum labor needed to satisfy subsistence.

In the estimation, γ , β , and a1 are taken as fixed, with a1 obtained from the reduced-form productivity regres-

sion.5 Thus, the structural estimation focuses on the remaining parameters governing subsistence constraints

and labor allocation.

Labor released from agriculture, 1− sA,i, is then allocated between non-agricultural employment and non-

employment. Motivated by the equilibrium characterization in the full model, we approximate the probability

that released labor is absorbed into non-agricultural employment using a reduced-form logistic specification:

πi = σ(logit(pi)+α0 +κ1disti) ,

where σ(·) is the logistic function. We measure pi using the leave-one-out community-year absorption rate,

ploo
gt , defined as the share of released labor in the local community that is allocated to non-agricultural em-

ployment rather than non-employment, excluding household i itself. This variable is not interpreted as a

primitive structural demand parameter, but as an observed proxy for baseline local absorption capacity. The

term α0 captures average absorption frictions, while κ1disti captures household-specific spatial access costs,

where disti is measured as the minimum distance to the nearest road, market, or population center. This

specification separates local absorption capacity from household-level access barriers: pi governs how much

released labor can be absorbed in the local economy, while α0 and κ1disti determine which households are

able to access these opportunities.

This probability directly determines observed labor allocation:

sM,i = πi(1− sA,i), sN,i = (1−πi)(1− sA,i).

This estimable version preserves the two central margins of the full model. The first is the labor release

margin: higher weather-driven productivity relaxes subsistence constraints and reduces the labor required in

agriculture. The second is the labor absorption margin: local absorption capacity and access barriers deter-

mine whether released labor enters non-agricultural employment or remains idle. The structural estimation,

therefore, focuses on the subset of model parameters that govern these two margins most directly.

4In the theoretical model, expected non-agricultural returns enter the utility function through R(pi). Because R(pi) does not vary
with the agricultural labor choice, it enters the household problem only as an additive constant and therefore does not affect the optimal
choice of sA,i. For estimation, the household problem can thus be written in the reduced form above.

5We set γ = 0.5, consistent with the literature that typically calibrates agricultural labor shares between 0.4 and 0.6 (Adamopoulos
and Restuccia, 2014; Restuccia et al., 2008; Gollin et al., 2002). We set β = 0.95.
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The parameter vector estimated by simulated method of moments is

θ = (c0,κ1,α0),

where c0 captures the strength of subsistence constraints, κ1 captures distance-based access barriers, and

α0 captures residual absorption frictions that affect access to non-agricultural employment. A lower value

of α0 reduces the probability that released labor is absorbed, even conditional on local absorption capacity.

This parameter therefore summarizes barriers to non-agricultural employment beyond observed local job

absorption and spatial access, including institutional frictions, entry barriers, and other unobserved constraints

that impede structural transformation.6

6.2 Identification and Estimation

The structural parameters are using the Simulated Method of Moments (SMM). The estimation focuses on

three parameters that capture the key mechanisms linking weather-driven agricultural productivity, subsis-

tence constraints, and movement barriers to household labor allocation: (i) the food subsistence requirement

c0, (ii) spatial movement barriers from distance κ1, and (iii) institutional constraints α0.

The parameters are identified using moments of household labor shares across agriculture (sA), non-agriculture

(sM), and surplus labor (sN). Specifically, the estimation matches the overall means E[sA], E[sM], and E[sN ],

as well as sectoral labor shares across distance bins and climate bins. These moments capture how subsis-

tence constraints, spatial frictions, and productivity shocks jointly shape labor allocation.

The subsistence requirement c0 determines how much labor households must allocate to agriculture before

shifting to non-agricultural activities. It is primarily identified by the average agricultural share of labor,

E[sA], since higher subsistence needs increase the share of labor retained in agriculture.

Spatial movement barriers κ1 capture how distance to non-agricultural opportunities affects sectoral transi-

tions. This parameter is identified by differences in non-agricultural and surplus labor shares across distance

bins, E[sM|dist bins] and E[sN |dist bins]. A stronger distance friction reduces the probability of transitioning

into non-agricultural employment in more remote locations.

Baseline absorption constraints α0 affect the probability that surplus labor transitions into non-agricultural

employment. This parameter is identified by the relative shares of non-agricultural and surplus labor, E[sM]

and E[sN ], as well as their variation across climate and distance bins. Intuitively, α0 captures residual barriers

to entering non-agriculture that are not explained by observed job access or spatial frictions.

As a robustness check, we verify that the model also matches sectoral labor shares across climate bins,
6Other parameters, including γ , β , and a0, are fixed or calibrated, while a1 is estimated outside the structural model from the reduced-

form productivity regression. This reflects both data limitations and the fact that the main objective of the structural estimation is to
quantify the roles of subsistence constraints and labor absorption barriers, conditional on the empirically estimated productivity response
to weather shocks.
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E[sA|climatebins], E[sM|climatebins], and E[sN |climatebins]. These moments capture how labor allocation

varies with weather-driven productivity shocks. The results remain qualitatively similar, indicating that the

parameter estimates are robust.

Figure 10 shows the estimation outcomes in three countries. We highlight three main findings. First, the sub-

sistence parameter c0 is positive and statistically significant across countries, indicating that households face

binding food requirements before allocating labor to non-agricultural activities. This subsistence constraint

slows the movement of labor out of agriculture even when productivity improves.

Second, the estimates point to differences in spatial access barriers across settings. The distance coefficient

is negative in both Malawi and Ethiopia, consistent with spatial frictions limiting access to non-agricultural

opportunities, although the estimates are not statistically significant. This pattern is suggestive of a role for

spatial access in shaping labor allocation, but the evidence is weaker relative to the effects associated with

subsistence constraints.

Third, the most striking result appears in Ethiopia, where the absorption constraint parameter α0 is strongly

negative and statistically significant. This suggests that even when agricultural productivity improves and

labor is released from agriculture, baseline barriers limit transitions into non-agricultural employment. One

potential contributor is Ethiopia’s land tenure system, under which land use rights are closely tied to residence

and active cultivation. As a result, households risk losing access to land if they migrate to non-agricultural

jobs, which may discourage labor mobility (Abate and Kiros, 2010; Manyazewal and Shiferaw, 2019). Con-

sequently, surplus labor is more likely to accumulate outside productive employment, consistent with the high

idle labor share documented in the empirical analysis.

Standard errors are computed using a community-level bootstrap procedure that resamples clusters defined

by local labor markets. This approach accounts for spatial correlation in labor allocation and shared local

conditions across households within communities.

Table 10: Parameters

(1) (2) (3)

Parameter Description Niger Malawi Ethiopia

c0 food subsistence requirement 0.86 [19.20] 1.09[13.46] 0.71[8.08]

κ1 mobility barrier 0.015[0.20] -3.03[-1.26] -0.04[-0.89]

α0 absorption constraints -0.15[-0.03] 9.00[0.39] -17.11[-11.75]

∗ t statistics in parentheses

∗∗ The standard error is clustered at the community level because the weather productivity shock is collected at

the community level.
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7 Policy Counterfactual Analysis

7.1 Policy Calibration

To compare policies on an equal footing, we calibrate each intervention using the same total budget of USD

500 million per country. The goal is to translate this common fiscal effort into changes in the structural

parameters of the model, ensuring that differences in counterfactual outcomes reflect country-specific con-

straints rather than differences in policy size. The calibration follows three common steps across all policies.

First, we compute the number of households that constitute the target population. Second, we translate the

fixed budget into policy coverage. Third, we map the implied coverage into a change in the corresponding

structural parameter.

All policies are implemented for households located in the area with agricultural activities. Because the

household surveys do not provide sampling weights that allow direct national aggregation, we approximate

the national number of targeted households using the share observed in each survey. Specifically, we compute

Nr,c = Populationc ×
1

HH sizec
×Targeted Sharec

Population is measured in the survey baseline year for each country: 2011 for Niger, 2016 for Malawi, and

2018 for Ethiopia. Average household size is computed from the survey data, and the targeted share is the

fraction of households located in the communities with agricultural activities in each country. This procedure

provides a consistent approximation of the number of rural households targeted by each policy.

7.1.1 Policy 1: Food Subsidy

We model the food subsidy policy as a proportional reduction in the subsistence requirement c0. In the

household problem, the effective subsistence requirement is

c̄i = c0Hφ

i ,

where Hi denotes the number of working-age household members and φ is fixed. A food subsidy reduces the

amount of agricultural production households must secure before reallocating labor outside agriculture. We

therefore implement the policy as

c′0 = (1−λc)c0,

where λc ∈ (0,1) is the proportional reduction in the subsistence requirement implied by the transfer. We

distinguish between untargeted and targeted food subsidies. The untargeted subsidy distributes transfers

uniformly across all households in the target population, whereas the targeted subsidy allocates transfers

only to households below the food subsistence threshold. Under the targeted policy, the same total budget is

concentrated on a smaller group, resulting in a higher transfer per person.
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We calibrate λc in two steps. First, for each country c, we compute the transfer per eligible rural working-age

person:

Tc =
B
Nc

,

where B = 500,000,000 USD is the total policy budget and Nc is the number of eligible rural working-age

persons. We consider two targeting rules. Under the universal rural transfer,

TU
c =

500,000,000
NU

c
,

where NU
c is the total rural working-age population. Under the strict targeted transfer,

T T
c =

500,000,000
NT

c
,

where NT
c is the rural working-age population in below-subsistence households.

Second, we express this transfer as a share of the annual food-subsistence benchmark Fc:

λc =
Tc

Fc
.

Thus,

λ
U
c =

TU
c

Fc
, λ

T
c =

T T
c

Fc
.

For Niger, the annual food-subsistence benchmark is FNER = 273.75, the estimated subsistence parameter is

c0,NER = 0.863, and the transfer values are TU
NER = 115.01 and T T

NER = 242.90. Hence,

λ
U
NER =

115.01
273.75

= 0.420, λ
T
NER =

242.90
273.75

= 0.887.

For Malawi, the annual food-subsistence benchmark is FMWI = 262.80, the estimated subsistence parameter

is c0,MWI = 1.331, and the transfer values are TU
MWI = 63.89 and T T

MWI = 104.40. Therefore,

λ
U
MWI =

63.89
262.80

= 0.243, λ
T
MWI =

95.48
262.80

= 0.363.

For Ethiopia, the annual food-subsistence benchmark is FET H = 427.05, the estimated subsistence parameter

is c0,ET H = 0.659, and the transfer values are TU
ET H = 185.61 and T T

ET H = 197.88. Therefore,

λ
U
ET H =

185.61
427.05

= 0.435, λ
T
ET H =

197.88
427.05

= 0.463.
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7.1.2 Policy 2: Agricultural Productivity Improvement

We calibrate the agricultural productivity policy as a budget-constrained technology program. The policy

is intended to capture public support for the adoption of productivity-enhancing agricultural inputs, such as

fertilizer and improved seeds, among households. To keep the policy experiment transparent and comparable

across countries, we assume that each country receives the same total budget of USD 500 million. The policy

is then mapped into an average proportional productivity increase, denoted by λc, for country c.

The calibration uses evidence from the literature on agricultural input packages and subsidy programs in

Sub-Saharan Africa. A recent meta-analysis by Nguyen et al., 2023 finds that programs providing subsidized

fertilizer and improved seeds increase yields by about 18 percent on average. This motivates a baseline

productivity gain of approximately g = 0.18 to 0.20 for treated households.

For the cost side, we use the Malawi Affordable Inputs Programme (AIP) / Farm Input Subsidy Programme

(FISP) as a benchmark package. According to World Bank documentation, the supplier price was MWK

15,500 per 50kg fertilizer bag and MWK 6,000 for a cereal seed pack, while the standard package consisted

of two fertilizer bags plus seed. Using the contemporaneous exchange rate reported by the same source, this

package cost was approximately USD 50.7 per farmer. We therefore round this benchmark to a baseline cost

of 60 USD per rural household reached.

Let B denote the total policy budget, fixed at

B = 500,000,000.

Let C denote the cost of reaching one rural household, and let g denote the proportional productivity improve-

ment for each treated household. Let Nr,c denote the total number of rural households in country c.

The number of households that can be reached by the policy is

Ntreated
c =

B
C
.

The implied treatment share among households is therefore

sc =
Ntreated

c

Nr,c
=

B
CNr,c

.

Because the treatment share cannot exceed one, we cap coverage at full treatment:

s̃c = min
(

1,
B

CNr,c

)
.
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If each treated rural household experiences a proportional productivity gain of size g, then the average pro-

ductivity increase used in the counterfactual simulation is

λc = s̃c ·g = min
(

1,
B

CNr,c

)
g.

This calibration implies that λc combines an extensive margin and an intensive margin. The extensive margin

is the fraction of rural households reached by the policy, while the intensive margin is the productivity gain

among treated households. Under a fixed total budget, the same policy generates a larger λc in countries with

a smaller rural target population or a lower per-household implementation cost, and a smaller λc in countries

with a larger rural population or a higher implementation cost.

Table 11: Calibration of Agricultural Productivity Policy

Country HHc sharer,c Nr,c Coverage λc
Niger 3,952,912 0.637 2,517,080 2.483 0.150
Malawi 4,301,999 0.708 3,046,374 2.052 0.150
Ethiopia 35,420,378 0.419 14,843,774 0.674 0.121

HHc denotes the total number of households in country c, computed as population divided by average household
size.
sharer,c is the share of targeted households in the baseline survey.
Nr,c = sharer,c ·HHc is the total number of targeted households.
Coverage = B/(CNr,c) is the share of targeted households that can be reached by the policy.
λc = min(1,Coverage) ·g is the implied average productivity increase.
We set B = 500 million USD, C = 50 USD per household, and g = 0.18.

7.1.3 Policy 3: Rural Road Infrastructure

We calibrate the road policy as a budget-constrained reduction in distance-related barriers to non-agricultural

market access. In the model, roads do not directly raise agricultural productivity. Instead, they improve

connectivity to towns, markets, and wage opportunities, thereby reducing the effective penalty associated

with remoteness.

The calibration is guided by the literature on rural roads and labor reallocation. The key mechanism for

our setting is not an increase in farm productivity per se, but improved access to nonfarm opportunities

and stronger rural-urban market integration. Asher and Novosad, 2020 show that the main effect of new

feeder roads in India is to facilitate movement of workers out of agriculture, with little change in agricultural

outcomes. In Sub-Saharan Africa, Jedwab and Storeygard, 2022 find that transportation investments raise

market access and city population, with suggestive evidence that rural-urban migration is a key channel.

Based on this evidence, we use a conservative benchmark of

δ
R = 0.12,
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which is interpreted as the maximum proportional reduction in distance-related non-agricultural access bar-

riers under full road-gap closure.

Country reports used in calibration. We use country-specific World Bank documents to define the road

gap and the ROCKS cost data to convert the common budget into financed kilometers.

For Niger, the Rural Mobility and Connectivity Project reports that the country has 2,075 km of regional

roads and 6,952 km of unclassified roads, and that about 40 percent of agricultural and agro-pastoral zones

are often isolated. We therefore proxy the rural road stock as

Krural
NGR = 2,075+6,952 = 9,027,

and define the rural access gap as

K̄NGR = 0.40×9,027 = 3,611.

For Malawi, the Transport Sector Background Note reports a classified road network of 15,551 km, states that

secondary and tertiary roads account for nearly 75 percent of the network, and reports that only 23.1 percent

of the rural population has access to an all-season road. We therefore proxy the rural road stock as

Krural
MAL = 0.75×15,551 = 11,663,

and define the rural access gap as

K̄MAL = (1−0.231)×11,663 = 8,965.

For Ethiopia, the Roads Development Program reports that past RSDP phases delivered 33,618 km of regional

roads and 79,806.9 km of URRAP roads, while the 10-year plan targets 63,542 km of regional rural roads

and 108,797 km of URRAP roads. We therefore define the rural road gap as

K̄ET H = (63,542+108,797)− (33,618+79,806.9) = 58,914.1.

Road costs. To map the common budget into kilometers financed, we use mean country-specific unit costs

from the ROCKS database, focusing on rural gravel reconstruction and closely related road works:

CNGR = 15,960, CMAL = 37,617, CET H = 81,500.

Mapping the budget into kilometers and then into the structural policy parameter. Let B denote the

common road budget,

B = 500,000,000.
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Let Cc denote the cost per kilometer in country c. The implied kilometers financed are

Kc =
B
Cc

.

Thus:

KNGR =
500,000,000

15,960
= 31,335,

KMAL =
500,000,000

37,617
= 13,291,

KET H =
500,000,000

81,500
= 6,135.

Let K̄c be the country-specific rural road gap. The fraction of the gap closed by the policy is

sR
c = min

(
1,

Kc

K̄c

)
.

Hence:

sR
NGR = min

(
1,

31,335
3,611

)
= 1,

sR
MAL = min

(
1,

13,291
8,965

)
= 1,

sR
ET H = min

(
1,

6,135
58,914.1

)
= 0.104.

Rather than mapping road-gap closure directly into a non-agricultural participation effect, we interpret the

road policy as removing a share of the estimated distance friction. Let ρ̄R denote the maximum share of the

distance barrier removed under full closure of the rural road gap. We then define

ρ
R
c = sR

c ρ̄
R.

The road policy is implemented as

κ
R
1c = (1−ρ

R
c )κ1c.

Equivalently, if one prefers an additive representation, the road policy shift can be written as

λ
R
c = ρ

R
c |κ1c|,

so that

κ
R
1c = κ1c +λ

R
c when κ1c < 0.

In the benchmark calibration, we set

ρ̄
R = 0.5,
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meaning that full closure of the road gap removes one-half of the estimated distance barrier. Therefore:

ρ
R
NGR = 1×0.5 = 0.5,

ρ
R
MAL = 1×0.5 = 0.5,

ρ
R
ET H = 0.104×0.5 = 0.052.

Thus, the road policy reduces the distance-friction parameter by 50 percent in Niger and Malawi, and by 5.2

percent in Ethiopia. The implied changes in non-agricultural participation are then generated endogenously

by the model, rather than imposed directly from outside evidence.

7.1.4 Policy 4: Land Reform

We model Policy 4 as an institutional reform that relaxes non-spatial barriers preventing agricultural house-

holds from entering non-agricultural employment. In Ethiopia, land tenure insecurity has been identified as

a key constraint limiting labor mobility and participation in non-farm activities. Land certification programs

improve tenure security and facilitate occupational transitions by reducing risks associated with migration

and investment.

We calibrate the implementation cost using evidence from Ethiopia’s land certification programs. According

to the World Bank SLM Project, the administrative certification in Ethiopia is about 10 dollars.

Based on these estimates, we adopt a conservative benchmark:

CI = 10 USD per household.

Let Nr,ET H denote the number of rural households:

Nr,ET H = 14,843,774.

The policy coverage rate is

sI
ET H = min

(
1,

B
CI

ET HNr,ET H

)
.

Substituting values:

sI
ET H = min

(
1,

500,000,000
10×14,843,774

)
= 1.

Thus, the reform achieves full agricultural coverage under the assumed budget. Similar for Niger and Malawi.

Benchmark calibration. We assume the reform removes half of the binding constraint:

ρ̄
I = 0.5.
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Therefore,

λ
I
NGR = 0.15×0.5 = 0.075.

λ
I
MAL = 9.00×0.5 = 4.5.

λ
I
ET H = 16×0.5 = 8.

7.1.5 Summary

Table 12 summarizes the resulting parameter shifts used in the counterfactual simulations.

Table 12: Calibrated Policy Shifts (λ )

Country Food Subsidy (Untargeted) Food Subsidy (Targeted) Ag Productivity Roads Institutions
Niger 0.420 0.887 0.150 0.500 0.075
Malawi 0.243 0.363 0.150 0.500 4.500
Ethiopia 0.435 0.463 0.121 0.052 8.555

The same budget generates different parameter changes across countries because of differences in rural pop-

ulation size, implementation costs, and baseline constraints. In particular, productivity and road policies

produce larger shifts in Niger and Malawi due to smaller rural populations and lower implementation costs.

These calibrated parameter values are used in the counterfactual simulations described in the next section.

7.2 Policy Analysis

In Figure 3, the policy simulations reveal clear differences in the mechanisms driving structural transfor-

mation across countries. In Niger and Malawi, policies that relax food subsistence constraints—such as

food subsidies (Policies 1 and 2) and agricultural productivity improvements (Policy 3)—generate substantial

structural change. These policies reduce agricultural labor shares and increase non-agricultural employment,

with little change in idle labor. This pattern indicates that once subsistence needs are relaxed, labor is di-

rectly reallocated from agriculture into productive non-agricultural activities, consistent with a setting where

absorption constraints are limited.

In contrast, Ethiopia exhibits a markedly different response. Policies targeting subsistence constraints gener-

ate only modest increases in non-agricultural employment and instead lead to increases in idle labor. Struc-

tural transformation is primarily achieved through policies that relax absorption constraints, such as land

reform (Policy 5). These policies reduce idle labor and increase non-agricultural employment, indicating that

the key barrier to structural change in Ethiopia lies in limited labor market absorption rather than subsistence

constraints.

Comparing untargeted (Policy 1) and targeted (Policy 2) food subsidies further highlights the role of subsis-

tence constraints. While both policies generate similar directional effects, the targeted subsidy—restricted

to households below the subsistence threshold—produces comparable or larger changes in labor allocation

42



despite a smaller coverage. This suggests that structural transformation driven by food subsidies is concen-

trated among subsistence-constrained households, for whom relaxing the subsistence constraint leads to a

substantial release of labor from agriculture.

We conduct several robustness checks to assess the stability of these findings. First, we consider combined

policy interventions by allocating the same total budget equally across multiple policies. Second, we evalu-

ate policy effects under both positive and negative realizations of weather productivity shocks. Across these

specifications, the qualitative patterns remain unchanged: policies targeting subsistence constraints are most

effective in Niger and Malawi, while policies relaxing absorption constraints are most effective in Ethiopia.

Detailed results are reported in the Appendix.

Figure 3: Counterfactual Analysis

(a) Niger

(b) Malawi

(c) Ethiopia
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8 Conclusion

This paper studies how weather-driven agricultural productivity shocks affect structural transformation in

rural Africa and why labor reallocation outcomes differ across countries. Using household-level panel data

from Niger, Malawi, and Ethiopia, we document that improvements in agricultural productivity reduce agri-

cultural labor shares, consistent with the classic Lewis surplus labor mechanism. However, the empirical

evidence also reveals substantial cross-country heterogeneity in how labor released from agriculture is ab-

sorbed. In some settings, workers transition into non-agricultural employment, while in others, a large share

of labor becomes idle.

To explain these patterns, the paper develops a structural model of household labor allocation that incorpo-

rates subsistence food requirements and barriers to non-agricultural employment. The structural estimation

shows that while weather-driven productivity shocks play an important role in all three countries, the con-

straints governing labor reallocation differ substantially across contexts. In Niger and Malawi, productivity

improvements translate directly into labor reallocation out of agriculture. In Ethiopia, by contrast, institu-

tional constraints—particularly those related to land tenure—limit access to non-agricultural opportunities,

leading to an accumulation of idle labor rather than productive reallocation. These findings suggest that

no single theoretical framework can fully characterize structural transformation across countries: while the

Lewis mechanism captures labor release, absorption constraints are essential to understanding where that la-

bor ultimately goes.

Counterfactual simulations further illustrate how these country-specific constraints shape the effectiveness of

policy interventions. In Niger and Malawi, policies that relax subsistence constraints or enhance agricultural

productivity are most effective in promoting structural transformation. In Ethiopia, however, such policies

generate limited gains unless combined with institutional reforms that reduce barriers to labor mobility. These

results underscore that there is no one-size-fits-all policy for structural transformation: the effectiveness of

interventions depends critically on the underlying constraint, whether it is subsistence, productivity, or access

to non-agricultural opportunities.

These findings carry several policy implications. First, improving agricultural productivity alone is not suffi-

cient to generate structural transformation when labor market absorption is limited. In such settings, comple-

mentary policies that reduce mobility barriers—such as land reform, improved market access, or labor market

integration—are essential to ensure that released labor can transition into productive employment. Second,

targeted interventions can be more effective than broad-based programs: policies that concentrate resources

on subsistence-constrained households generate larger labor reallocation effects than uniform transfers under

the same budget. Third, the results highlight the importance of sequencing policies. In economies where

subsistence constraints dominate, relaxing these constraints is a prerequisite for labor reallocation, while in

economies with binding absorption constraints, expanding non-agricultural opportunities becomes the key
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margin.

Taken together, the results highlight that structural transformation depends not only on productivity growth

but also on the institutional and spatial environment that governs labor mobility. More broadly, the paper

emphasizes that both theory and policy must account for cross-country heterogeneity. A unified empirical

and structural framework can help identify the relevant constraints in each context, allowing policymakers to

design targeted and context-specific interventions that remain effective in the presence of climate variability.
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A Data and Labor Market Variable Construction

A.1 Survey Timing and Data Collection

A.1.1 Niger

The Niger ECVM survey is conducted in two visits per wave.

• First visit (planting season): household characteristics, demographics, labor market participation, and

non-farm enterprises

• Second visit (harvest season): agricultural production, land, inputs, and output

We combine information from both visits to construct labor allocation and agricultural activity variables.

The 2011 and 2014 survey waves follow this structure, with labor market information collected during the

first visit and agricultural information collected during the second visit.

A.1.2 Malawi

Malawi IHS data are collected in a single household visit. However, the questionnaire distinguishes agri-

cultural activities across planting and harvest periods through recall questions. Employment and agricultural

modules are therefore temporally comparable, although no separate survey visits are conducted.

A.1.3 Ethiopia

The Ethiopia ESS survey uses multiple visits:

• Post-planting visit

• Post-harvest visit

• Household visit

We combine information across visits to construct consistent employment and agricultural variables. For

rural households, agricultural modules are administered separately from household employment modules.

A.2 Definition of Working-age Employment

A.2.1 Definition of Working-Age Population

We define the working-age population as individuals aged 15–85. All labor market variables are constructed

at the individual level and then aggregated to the household level.

This broader age range reflects labor market conditions in rural developing economies. Individuals often

begin working at younger ages, particularly in family farming and household enterprises, while weak pension

systems and limited social safety nets imply that older individuals frequently remain economically active well
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beyond conventional retirement ages. As a result, labor supply in rural settings includes both younger and

older household members.

This approach is consistent with the LSMS-based literature, which often includes all individuals aged 15

and above and does not impose a strict retirement age when measuring labor allocation across sectors. In

particular, studies using LSMS and similar microdata emphasize that older individuals continue to participate

in agricultural and informal activities, contributing to household production and labor reallocation decisions

(Gollin et al., 2014; Dillon and Barrett, 2017; Young, 2013). Moreover, labor force participation at older

ages remains high in low-income countries due to limited pension coverage and continued reliance on family

labor (World Bank, 2019).

A.2.2 Definition of Employment

Employment information is based on individuals’ main activity during the last 12 months. We focus on the

primary job only; secondary and tertiary jobs are not considered. While the wording of employment ques-

tions differs slightly across countries, they are conceptually comparable. The surveys ask about individuals’

main occupation during the previous year, such as “Principal employment during the last 12 months” in

Niger, “Describe your main employed occupation over the past 12 months” in Malawi, and “Was [NAME]

employed in the last 12 months?” in Ethiopia. Individuals reporting a main job are classified as employed

workers.

Self-employment is identified using the Non-Agriculture Enterprise modules in the household questionnaires.

These modules record up to two owners for each enterprise. We link enterprise owner identifiers to the house-

hold roster to identify self-employed individuals. When two owners are reported, enterprise revenue is split

equally between them to ensure consistent assignment of labor participation without overstating employment.

An important advantage of the data is that both formal and informal employment are captured. The dataset

includes wage employment (formal and informal), household non-farm enterprises, and self-employment.

We therefore do not restrict the analysis to formal sector employment.

Individuals are classified as agricultural workers under either of the following conditions: (i) they explic-

itly report working in agriculture; or (ii) they report no non-agricultural employment but belong to rural

households that report agricultural activities, such as land cultivation, input use, crop production, or livestock

activities. This classification captures family labor used in household agricultural production.

Idle labor is defined as working-age individuals who are not wage-employed, not self-employed, and not

engaged in agricultural work. These individuals represent the potential labor supply available for structural

transformation.
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A.3 Absent Household Members and Labor Allocation

A potential concern is that rural workers may work outside the village, particularly in nearby towns or cities.

All three surveys explicitly track absent household members, allowing us to account for individuals who are

temporarily away but still belong to the household. In Niger, the ECVM survey records all household mem-

bers, including those temporarily absent, and collects information on the duration and reason for absence over

the past 12 months. This allows identification of individuals working outside the village while remaining part

of the household. In Malawi and Ethiopia, absent household members are also recorded, and information

on their employment and activities is collected through proxy responses from the household head or another

adult household member. As a result, individuals working outside the household location remain part of the

household roster and are included in labor allocation measures.

The surveys also distinguish between temporary and permanent movers. Temporary movers remain members

of the household and are included in labor allocation, while permanent movers—such as individuals who

marry or form a new household—are no longer considered part of the original household. Our analysis in-

cludes temporary migrants but excludes permanent movers once they leave the household roster.

These data features allow us to capture multiple forms of labor allocation, including local employment,

migration to nearby towns, seasonal migration, informal non-farm work, and participation in household en-

terprises. Consequently, measured non-agricultural labor participation reflects both local and non-local job

opportunities, consistent with the migration mechanism in the model.

B Visual Validation of Household Exposure to Agricultural Activity

The sample construction differs slightly across countries to reflect differences in the meaning of adminis-

trative classifications. In Niger and Ethiopia, we restrict the analysis to households classified as rural. In

Malawi, however, the administrative definition of “urban” often includes settlements that remain closely in-

tegrated with surrounding agricultural land. We therefore include households located in communities with

observable agricultural activity.

To verify that households in Malawi are plausibly exposed to agricultural production conditions, we examine

high-resolution satellite imagery at the household level using geographic coordinates from the survey data.

This approach allows us to directly assess the spatial relationship between residential locations and cultivated

land.

To complement the visual evidence, we also examine labor allocation patterns across administrative classifi-

cations. In Malawi, households classified as urban allocate 47% of labor to agriculture, which is substantially

higher than the corresponding urban shares in Niger (12%) and Ethiopia (7%). This stark difference suggests

that the administrative definition of urban areas in Malawi captures settlements that remain closely integrated
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with surrounding agricultural activity. This evidence is consistent with the interpretation that administrative

status does not fully capture the degree of exposure to agricultural activity.

Figure 4 presents representative examples of household locations in Malawi. The imagery reveals that many

households— including those located in relatively dense settlements—are situated in close proximity to culti-

vated plots and agricultural land. In several cases, residential structures are directly adjacent to or interspersed

with visibly cultivated fields, indicating a mixed land-use pattern that combines residential and agricultural

activity.

These patterns suggest that administrative classifications such as “urban” do not necessarily correspond to a

separation from agricultural production in the Malawian context. Instead, households often remain spatially

embedded in environments where agricultural activity is prevalent, and thus are plausibly exposed to local

agricultural productivity shocks.

Importantly, the key identifying assumption is that household income opportunities—either directly through

own production or indirectly through local labor markets—are affected by agricultural conditions. The visual

evidence presented here supports the plausibility of this assumption.

Figure 4: Satellite imagery of representative household locations in different regions in Malawi. The figures illustrate a
dense settlement with nearby cultivated plots and a mixed residential–agricultural landscape where households are located
adjacent to farmland.

Finally, we verify that the inclusion of urban households in Malawi does not drive the main results. Re-

estimating the baseline specifications using only rural households yields effects that are similar in sign and

magnitude, although estimated with less precision. This suggests that the main findings are not sensitive to

the inclusion of households classified as urban.
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Table 13: Household Agricultural Income and Weather Productivity Growth

(1) (2) (3) (4)

Agriculture Manufacturing Service Idle

∆θgt -0.585 0.568∗∗ -0.104 0.121

(-1.21) (2.03) (-0.39) (0.81)

Constant 0.835∗∗∗ 0.0440∗∗∗ 0.113∗∗∗ 0.00820∗∗

(74.89) (7.34) (16.65) (2.60)

Household Fixed Effect Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes

Mean dep. var 0.821 0.049 0.125 0.004

SD dep. var 0.326 0.189 0.276 0.060

Observations 1750 1750 1750 1750

R-squared 0.686 0.615 0.679 0.500

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

C Weather Productivity Shock

C.1 Weather Productivity Growth as the Treatment Variable

In this section, we use the weather productivity variable as the exogenous treatment for the household. Before

we run into the empirical results, we first need to discuss why the weather productivity is a good treatment

variable to estimate an unbiased effect on the labor reallocation decision in the household.

Recall that in equation (4), we capture the variation instead of the trends of the weather productivity ∆θg

and total factor productivity change T FP. The positive variation ∆θg means good weather conditions for

crops, while a negative variation represents bad weather conditions for crops. The weather productivity can

be decomposed into the long-run productivity changes from climate change, which is a trend, and the weather

productivity variation we study, which is the variation around the trend.

In equation (4), both weather productivity growth ∆θg and human productivity growth ∆T FP affect the labor

reallocation ∆L. Besides, ∆θg also affects ∆T FP, indicating that ∆θg has both direct and indirect (through

∆T FP) effects on labor reallocation. Therefore, we first discuss the correlation (φ ) between ∆θg and ∆T FP.

Firstly, ∆θg and ∆T FP can be complementary (φ > 0). Farmers observe good weather during the growing

season (e.g., timely rains, no drought) after planting. Since land and crop choices are fixed, they cannot ex-

pand land or choose other crops, but they can take more effort on the land to take advantage of good weather

conditions. They can adjust labor timing, allocate fertilizer more effectively, improve monitoring and weed-

ing, and prevent pests/diseases more effectively. These adjustments are not changes in observable inputs,

but improvements in unobserved managerial efficiency, captured by the human TFP in our model. In this

case, ∆T FP(∆θg) increases in ∆θg. That is, with both higher weather productivity and human productivity,

households achieve higher agricultural income and can decide how to reallocate the labor.
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Secondly, ∆θg and ∆T FP can be substitute (φ < 0). When the weather is good, farmers may exert less

unobserved effort. For example, they will reduce field monitoring, reduce the adjustment in fertilizers, and

reduce task coordination. These operate through unobserved management quality. Observable inputs remain

unchanged, and the decline appears in lower human TFP. In this case, ∆T FP(∆θg) decrease in ∆θg. Though

the human productivity reduces in the weather productivity, the overall productivity should be no less than

the negative weather productivity case because rational farmers should be at least no worse than bad weather

conditions. Therefore, the increase in ∆θg dominates over the decrease in ∆T FP(∆θg).

Finally, it is possible that ∆θg and ∆T FP are independence (φ = 0). Weather conditions affect only the

biophysical component (θg), not human TFP. This is our baseline and a standard assumption in production

economics and Integrated Assessment Models(IAM). Weather affects labor only through the biophysical con-

tribution to agricultural income. The effect is cleanly interpreted as “weather-driven income change → labor

reallocation.”

From the above analysis, we know that the agricultural income monotonically increases in weather productiv-

ity regardless of the correlation (φ ) between ∆θg and ∆T FP. In Table 14, we verify the argument by showing

the correlation between the households’ average agricultural income and weather productivity growth. In all

three countries, we find positive effect of the weather productivity shock on the agricultural income, indicat-

ing that the weather productivity growth increases households’ agricultual income.

Table 14: Household Agricultural Income and Weather Productivity
Growth

(1) (2) (3)

Niger Malawi Ethiopia

∆θgt 4.162∗∗ 4.681∗∗ 1.874∗

(2.45) (2.07) (1.67)

Constant 1.090∗∗∗ 1.632∗∗∗ 0.295∗∗∗

(33.25) (29.54) (4.81)

Household Fixed Effect Yes Yes Yes

Year Fixed Effect Yes Yes Yes

Mean dep. var 1.417 1.729 0.508

SD dep. var 1.396 1.810 1.536

Observations 2546 1708 1442

R-squared 0.708 0.538 0.638

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C.2 Unbiased Total Effect

In the regression equation, we argue that ∆θgt affect household sectoral share l jht , where j ∈ A,M,N at

year t, through the agricultural productivity ∆A (= ∆T FPht +∆θgt ). In the short term, the household’s TFP

adjusts based on the weather changes they observe. As we have discussed above, ∆T FPht can be positively

or negatively correlated with ∆θgt , or they are independent. In the research, we study the effect of ∆θgt on l jht

because ∆θgt is fully exogenous and determined by rainfall and temperature. The agricultural productivity is

a function of ∆θgt and ∆T FPht , which is affected by ∆θgt . As a result, ∆θgt has both a direct effect on l jht

(∆θgt → l jht ) and an indirect effect on l jht through ∆T FPht (∆θgt → ∆T FPht → l jht ).

We can, therefore, define the linear projection (conditional on controls Xht and fixed effects, suppressed by

within–transforming)

∆T FPht = φ∆θgt +Rht , with E[Rht | ∆θgt ,Xht ] = 0. (11)

Thus, ∆T FPht is decomposed into a weather-driven component φ∆θgt and a remaining component Rht that,

by construction, is orthogonal to ∆θgt (given Xht and household and year fixed effects). ∆θgt captures the

short-run TFP changes that co-move with weather conditions. Rht , on the other hand, captures the long-term

changes and trends that are unrelated to the weather conditions, such as the adaptation of the new technology,

experience in cultivation practices, etc.

Consider the outcome equation :

l jht = β1∆θgt +β2∆T FPht +X ′
htπ +uht , E[uht | ∆θgt ,Xht ] = 0. (12)

where l jht is the household h’s working-age member share in each sector j (agriculture, manufacturing, and

service), and X ′
ht is the control variables such as average age, education level, etc in household h at time t. β1

is the direct effect of weather on labor, and β2 maps TFP into labor. Our estimate of interest is the total effect

of weather on labor,

βtot ≡ β1 +φβ2,

which includes the direct effect β1 and the indirect (TFP–mediated) effect φβ2.

The baseline regression function in this research is therefore,

l jht = βtot∆θgt +X ′
htπ + εht , εht = β2∆Rht +uht (13)

βtot is the effect of a change in weather productivity on the level of household member share in different sec-

tors. If the effect is positive, this implies that a positive weather productivity growth increases the household

h’s labor share in sector j in the observed year t.
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The OLS estimator β̂1 is unbiased if Cov(∆θgt ,εht) = 0:

Cov(∆θgt ,εht) =Cov(∆θgt ,β2Rht +uht) = β2Cov(∆θgt ,Rht)+Cov(∆θgt ,uht).

By construction, Cov(∆θgt ,Rht) = 0, since Rht is the part of TFP orthogonal to weather productivity, and

weather conditions are exogenous so that Cov(∆θgt ,uht) = 0. Hence

Cov(∆θgt ,εht) = 0,

implying plim β̂tot = β1 +φβ2 ≡ βtot. Thus, the coefficient on ∆θgt in the outcome regression identifies the

total causal effect of weather productivity on labor allocation, combining both the direct and indirect channels

without bias.

C.3 Other Endogeneity problems

We study the effect of ∆θgt on l jht because ∆θgt is fully exogenous and determined by rainfall and tempera-

ture at the community level. This helps to deal with the endogeneity problems at the household level. The

first problem is simultaneity. Observed agricultural productivity and labor allocation are jointly determined.

Households decide how much labor to use in the agricultural sector based on the expected returns, while

labor input itself affects measured productivity. The weather productivity we construct is from exogenous

weather conditions (rainfall and temperature) using Random Forest. The weather conditions are determined

by nature, not by household behavior, so they provide exogenous variation in productivity that is independent

of labor decisions.

Besides, agricultural productivity may embed omitted factors (skills, infrastructure, credit access, local labor

market, etc.) correlated with household labor allocation. These variables do not systematically co-vary with

weather in the short run. Besides, they can be controlled by household and time fixed effects and control

variables.

Thirdly, households’ choices (e.g., irrigation, labor management, etc) may affect local productivity or NDVI,

creating reverse causality. We use exogenous weather variation (e.g., rainfall and temperature) that house-

holds cannot influence. Besides, NDVI-based productivity is predicted out-of-sample using Random Forests,

reducing mechanical feedback from household-specific decisions.

Finally, weather productivity is predicted from high-quality satellite data, which is independent of survey

noise.
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D Empirical Robustness Check

D.1 Alternative explanation: Demand side (firms)

One possible explanation for the increase in surplus labor following weather productivity shocks is that non-

agricultural labor demand may be limited. If firms are unable to absorb additional workers released from

agriculture, surplus labor would rise due to insufficient job creation. To evaluate this mechanism, we exam-

ine whether non-agricultural wages respond to agricultural productivity shocks.

The intuition is straightforward. Weather-driven improvements in agricultural productivity release labor from

agriculture, increasing labor supply in the non-agricultural sector. If non-agricultural labor demand is limited,

this increase in labor supply should put downward pressure on wages. Conversely, if firms can absorb addi-

tional workers, wages should remain unchanged. Therefore, wage responses provide a direct test of whether

firm-side demand is binding.

To implement this test, we construct community-level average non-agricultural wages and estimate regres-

sions of the form:

wgt = β∆θgt +δg +λt + ε

where wgt denotes the average log non-agricultural wage in community g at time t, ∆θgt is the weather-driven

agricultural productivity shock, and δg and λt denote community and year fixed effects, respectively. Because

wages are determined at the local labor market level, we aggregate wages at the community level to capture

firm-side hiring conditions.

Table 15 reports the results for overall non-agricultural wages as well as separately for manufacturing and

services. Across all countries and sectors, we find no statistically significant wage responses to agricultural

productivity shocks. The estimated coefficients are small and imprecisely estimated, and we do not observe

systematic wage declines following positive productivity shocks.

The absence of wage responses suggests that firms absorb additional labor without reducing wages. This in-

dicates that non-agricultural labor demand is not binding, and that increases in surplus labor observed in some

settings are unlikely to be driven by insufficient firm demand. Instead, these patterns are more consistent with

supply-side frictions, such as mobility barriers, that limit workers’ ability to access existing non-agricultural

opportunities. Overall, these results support a supply-driven reallocation mechanism in which agricultural

productivity shocks release labor that can be absorbed by the non-agricultural sector.
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Table 15: Non-agricultural income and Weather Productivity Growth

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Niger Malawi Ethiopia

Both Manufacturing Service Both Manufacturing Service Both Manufacturing Service

climate 1ihs 0.754 0.0502 1.125 -0.751 5.044 -1.627 -0.795 -0.283 0.384

(1.09) (0.04) (1.36) (-0.40) (0.94) (-0.96) (-0.86) (-0.10) (0.38)

Constant 5.273∗∗∗ 4.925∗∗∗ 5.419∗∗∗ 3.641∗∗∗ 3.559∗∗∗ 3.677∗∗∗ 5.221∗∗∗ 5.213∗∗∗ 5.253∗∗∗

(226.79) (105.19) (202.14) (48.90) (16.06) (43.70) (165.89) (79.72) (150.48)

Community Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes

Mean dep. var 5.103 4.756 5.242 4.233 4.067 4.286 5.180 5.212 5.177

SD dep. var 0.822 1.034 0.849 0.975 1.425 1.016 0.698 0.942 0.718

Observations 5220 1471 3710 957 195 730 4090 628 3381

R-squared 0.791 0.773 0.761 0.710 0.549 0.710 0.784 0.791 0.732

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.2 Alternative definition of “idle labor”

One concern is that increases in the measured idle worker share following weather productivity shocks may

reflect changes in schooling decisions rather than labor market outcomes. For example, improved agricultural

productivity may allow households to send additional members to school, which could mechanically increase

the share of individuals classified as idle. To address this concern, we construct an alternative measure of idle

workers that excludes individuals who increase their years of education across survey waves.

The first set of columns in Table 16 reports results using this “no students” definition. After removing individ-

uals who transition into schooling, we continue to find that weather-driven productivity shocks significantly

increase the idle worker share in Ethiopia, while the effects remain small and statistically insignificant in

Niger and Malawi. This suggests that the increase in idle labor in Ethiopia is not driven by schooling re-

sponses.

As a more stringent robustness check, we further restrict the sample to prime-age individuals aged 25–60.

This restriction removes both schooling and retirement margins, isolating labor supply responses among in-

dividuals most likely to participate in the labor market. The second set of columns in Table 16 shows that the

results remain unchanged. The estimated effect of weather productivity shocks on idle workers in Ethiopia

remains strongly positive and statistically significant, whereas the coefficients for Niger and Malawi continue

to be close to zero and statistically insignificant.

Taken together, these findings confirm that our baseline results are not driven by schooling or retirement deci-

sions. Instead, they indicate that weather-driven productivity gains lead to a genuine increase in idle labor in

Ethiopia, while idle worker shares remain largely unchanged in Niger and Malawi. These patterns are consis-

tent with the main text and further support the interpretation that labor reallocation in Ethiopia is constrained,
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whereas workers in Niger and Malawi are more readily absorbed into non-agricultural employment.

Table 16: Alternative Idle Workers and Weather Productivity Growth

(1) (2) (3) (4) (5) (6)

Niger Malawi Ethiopia

Idle Workers No Students Age 25-60 No Students Age 25-60 No Students Age 25-60

climate 1ihs 0.0297 0.0772 0.473 0.264 1.024∗∗ 1.089∗∗∗

(0.17) (0.53) (1.02) (0.66) (2.60) (3.25)

Constant 0.0470∗∗∗ 0.199∗∗∗ 0.0143 0.228∗∗∗ 0.186∗∗∗ 0.304∗∗∗

(5.81) (33.19) (1.25) (23.09) (12.19) (23.79)

Community Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.073 0.193 0.115 0.207 0.257 0.317

SD dep. var 0.201 0.263 0.360 0.294 0.410 0.401

Observations 1772 1658 468 456 1586 1360

R-squared 0.624 0.836 0.728 0.832 0.722 0.770

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.3 Pre-trend test for weather shocks

A potential concern is that weather productivity shocks may proxy for underlying development trends rather

than represent exogenous short-run shocks. For instance, areas with improving climate conditions may also

experience long-run development changes—such as infrastructure expansion, policy reforms, or improved

market integration—that independently facilitate structural transformation. In this case, the estimated rela-

tionship between weather shocks and labor reallocation could reflect these concurrent trends rather than the

causal effects of agricultural productivity changes.

To address this concern, we conduct a placebo test using future weather productivity shocks. Specifically,

we replace the lagged weather productivity shock in the baseline specification with the contemporaneous

(future) weather measure. Because household labor allocation cannot respond to future weather realizations,

a significant coefficient would indicate that weather variables are capturing underlying trends, such as policy

changes or gradual development processes, rather than exogenous shocks.

Table 17 reports the results. Across all three countries and all sectoral outcomes—including agricultural,

manufacturing, service, and idle labor shares—the coefficients on future weather productivity growth are

small and statistically insignificant. This pattern holds for Niger, Malawi, and Ethiopia. Importantly, the

positive effect of lagged weather shocks on idle labor in Ethiopia observed in the baseline specification dis-

appears when future weather shocks are used.
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The absence of any systematic relationship between future weather shocks and current labor allocation sug-

gests that differential development trends—such as policy changes or infrastructure improvements—are un-

likely to drive the main results. These findings support the interpretation that lagged weather productivity

shocks capture exogenous variation in agricultural productivity and provide causal evidence on labor reallo-

cation responses.

Table 17: Household Sectoral Share and Future Weather Productivity Growth

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Niger Malawi Ethiopia

Agriculture Manufacturing Service Idle Agriculture Manufacturing Service Idle Agriculture Manufacturing Service Idle

climate 0ihs 0.412 0.133 -0.496 -0.0488 0.530 -0.282 -0.0102 -0.238∗ -0.0290 -0.0521 -0.0658 0.147

(0.99) (0.48) (-1.25) (-0.30) (1.57) (-1.22) (-0.06) (-1.72) (-0.09) (-0.69) (-0.40) (0.50)

Constant 0.603∗∗∗ 0.133∗∗∗ 0.227∗∗∗ 0.0365∗∗∗ 0.802∗∗∗ 0.0356∗∗∗ 0.145∗∗∗ 0.0174∗∗∗ 0.701∗∗∗ 0.0224∗∗∗ 0.0922∗∗∗ 0.185∗∗∗

(78.00) (24.90) (33.18) (13.28) (116.61) (7.18) (29.57) (10.04) (35.16) (4.73) (11.08) (10.02)

Household Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Mean dep. var 0.634 0.118 0.208 0.040 0.776 0.052 0.154 0.017 0.660 0.023 0.094 0.224

SD dep. var 0.406 0.276 0.333 0.168 0.357 0.188 0.301 0.106 0.462 0.134 0.265 0.409

Observations 3776 3776 3776 3776 1910 1910 1910 1910 2240 2240 2240 2240

R-squared 0.681 0.626 0.637 0.685 0.721 0.591 0.698 0.603 0.721 0.632 0.624 0.709

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.4 Alternative weather measure

To further assess the validity of the weather productivity shock, we examine whether sectoral labor allo-

cation responds to alternative weather measures using growing-season rainfall and temperature. Unlike the

constructed weather productivity shock, raw weather variables do not necessarily map monotonically into

agricultural productivity. In particular, a monotonic increase or decrease in rainfall or temperature does not

always translate into higher productivity, as both insufficient and excessive weather realizations may harm

crop outcomes. To account for this non-monotonic relationship, we allow for nonlinear effects by including

quadratic terms for rainfall and temperature. Table 18 reports the regression results, and the corresponding

predicted relationships are illustrated in Figures 5-7.

The results show consistent nonlinear patterns across countries. In Niger, rainfall exhibits a statistically sig-

nificant inverted U-shaped relationship with agricultural labor share: the linear rainfall coefficient is positive

while the squared term is negative and significant. This implies that increases in rainfall raise agricultural la-

bor participation at low levels but reduce it beyond a threshold, consistent with diminishing returns or adverse

effects from excessive rainfall. Temperature also displays a nonlinear relationship, with a negative linear term

and positive quadratic term, suggesting that both unusually low and high temperatures are associated with

lower agricultural labor shares.

In Ethiopia, we observe similar nonlinear responses. Rainfall again follows an inverted U-shaped pattern, with

both the linear and squared terms statistically significant. Temperature effects are also nonlinear, although

the signs differ slightly, reflecting country-specific climatic conditions. Together, these results indicate that
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agricultural labor allocation responds systematically to weather conditions in Ethiopia.

In Malawi, the estimated coefficients for rainfall and temperature are statistically insignificant, but the pre-

dicted relationships retain similar nonlinear shapes. The lack of statistical significance likely reflects lower

climatic variation or smaller sample size rather than a different underlying mechanism. Importantly, the qual-

itative patterns remain consistent with those observed in Niger and Ethiopia.

Overall, the nonlinear responses to rainfall and temperature support the interpretation that weather conditions

influence sectoral labor allocation through agricultural productivity. These findings reinforce the validity of

the baseline weather productivity shock, showing that simpler weather measures yield qualitatively similar

labor allocation responses across countries.

Table 18: Household Sectoral Share and Weather Variables

(1) (2) (3) (4) (5) (6)

Niger Malawi Ethiopia

Rainfall Temperature Rainfall Temperature Rainfall Temperature

rain mm 0.00321∗∗∗ 0.000279 0.00267∗∗

(4.34) (0.40) (2.50)

c.rain mmc.rain mm -0.00000237∗∗∗ -9.87e-08 -0.00000123∗∗

(-3.11) (-0.32) (-2.44)

temp c -4.273∗∗ -0.0341 0.526∗∗∗

(-2.34) (-0.06) (2.78)

c.temp cc.temp c 0.0755∗∗ -0.000222 -0.00747∗∗

(2.39) (-0.02) (-2.29)

Constant -0.234 60.96∗∗ 0.654∗ 1.660 -0.419 -6.633∗∗

(-1.40) (2.32) (1.77) (0.27) (-0.94) (-2.60)

Household Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.634 0.634 0.793 0.793 0.660 0.660

SD dep. var 0.406 0.406 0.350 0.350 0.462 0.462

Observations 3780 3780 1174 1174 2240 2240

R-squared 0.689 0.682 0.730 0.730 0.726 0.729

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.5 Alternative subsistence measure

To further assess the role of subsistence constraints, we construct an alternative proxy for subsistence based

on household income. While the baseline analysis relies on a survey-based food subsistence indicator, in-
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Figure 5: Household Sectoral Share and Weather Variables in Niger

(a) Rainfall (b) Temperature

Figure 6: Household Sectoral Share and Weather Variables in Malawi

(a) Rainfall (b) Temperature

Figure 7: Household Sectoral Share and Weather Variables in Ethiopia

(a) Rainfall (b) Temperature

come provides an additional measure of household resource availability. Specifically, we define a relative

poverty threshold using the bottom 25 percent of the within-country distribution of per capita household

income. Households below this threshold are classified as low-income and interpreted as being closer to

subsistence, while those above the threshold are considered relatively unconstrained. We then estimate the

effect of weather productivity shocks separately for these two groups.

Table 19 reports the results. Across countries, productivity shocks lead to larger reductions in agricultural
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labor share among households above the relative poverty line, while the response among low-income house-

holds is weaker and statistically insignificant. In Ethiopia, the effect is negative and highly significant for

higher-income households, whereas the coefficient for low-income households is smaller and not statistically

significant. A similar pattern emerges in Malawi, where only households above the income threshold exhibit

a significant decline in agricultural labor share following productivity improvements. In Niger, although the

estimates for low-income households are imprecise, the reduction in agricultural labor is again concentrated

among households above the relative poverty line.

These findings are consistent with the subsistence mechanism. Households closer to subsistence—proxied by

lower income—are less able to reallocate labor out of agriculture even when productivity improves, whereas

households further from subsistence respond more strongly. This pattern suggests that binding subsistence

requirements limit labor mobility for poorer households.

The results are robust to alternative definitions of the relative poverty threshold. When we instead classify

households in the bottom 10 percent of the income distribution as low-income, we obtain qualitatively similar

patterns across countries. Productivity shocks continue to induce stronger labor reallocation among higher-

income households, while the response among low-income households remains limited. Taken together, these

results provide additional evidence supporting the subsistence mechanism and reinforce the interpretation that

subsistence constraints play an important role in shaping labor reallocation, particularly in more constrained

environments such as Ethiopia.

Table 19: Alternative Subsistence Criteria and Weather Productivity Growth

(1) (2) (3) (4) (5) (6)

Niger Malawi Ethiopia

≤ 25% HH Income > 25% HH Income ≤ 25% HH Income > 25% HH Income ≤ 25% HH Income > 25% HH Income

climate 1ihs 0.404 -0.718∗ -0.417 -1.264∗∗ -1.275 -1.088∗∗∗

(0.72) (-1.91) (-0.46) (-2.42) (-1.57) (-2.69)

Constant 0.805∗∗∗ 0.561∗∗∗ 0.785∗∗∗ 0.726∗∗∗ 1.001∗∗∗ 0.609∗∗∗

(35.40) (39.49) (28.93) (60.13) (36.33) (37.96)

Household Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.817 0.567 0.856 0.722 0.954 0.594

SD dep. var 0.368 0.400 0.313 0.381 0.204 0.478

Observations 368 2218 108 1026 98 1622

R-squared 0.700 0.696 0.481 0.747 0.776 0.724

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.6 Alternative Definition of Working-Age Population

In the baseline analysis, we define the working-age population as individuals aged 15–85, reflecting the fact

that in developing countries individuals often remain economically active at older ages due to limited formal

retirement systems. To ensure that our results are not driven by this age definition, we conduct robustness
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checks using alternative age ranges.

Specifically, we re-estimate the main regressions by restricting the working-age population to ages 15–70 and

15–75. Tables 20 and 21 report the results.

Across all specifications, the estimated effects of weather productivity shocks on sectoral labor allocation

remain highly consistent with the baseline findings. In Niger, productivity improvements continue to reduce

agricultural labor share and increase manufacturing participation, with little effect on services. In Malawi, the

patterns remain similar, with productivity shocks associated with increased manufacturing labor and limited

effects on services. In Ethiopia, the results are also stable: agricultural labor share declines significantly in

response to productivity shocks, while manufacturing participation increases, and service sector responses

remain small and statistically insignificant.

Importantly, both the magnitude and statistical significance of the coefficients are largely unchanged across

alternative age definitions. This indicates that the baseline results are not sensitive to the inclusion of older

individuals in the working-age population. Instead, the observed patterns of labor reallocation reflect broader

structural responses to productivity shocks rather than age composition effects.

Overall, these robustness checks confirm that our findings on sectoral labor reallocation are stable across

different definitions of the working-age population, reinforcing the validity of the main results.

Table 20: Household Sectoral Share and Weather Productivity Growth (ages 15-70)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Niger Malawi Ethiopia

Agriculture Manufacturing Service Agriculture Manufacturing Service Agriculture Manufacturing Service

-0.751∗∗ 0.601∗∗∗ 0.102 -1.891∗∗∗ 1.232∗∗∗ -0.134 -1.056∗∗∗ 0.200∗∗∗ -0.184

(-2.08) (2.75) (0.34) (-2.98) (2.89) (-0.39) (-2.96) (2.85) (-1.32)

Constant 0.605∗∗∗ 0.112∗∗∗ 0.232∗∗∗ 0.697∗∗∗ 0.0661∗∗∗ 0.236∗∗∗ 0.707∗∗∗ 0.0200∗∗∗ 0.0936∗∗∗

(41.50) (12.13) (16.89) (45.45) (7.70) (20.19) (49.66) (6.50) (16.22)

Household Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes

Mean dep. var 0.616 0.116 0.212 0.688 0.067 0.249 0.668 0.021 0.101

SD dep. var 0.399 0.272 0.332 0.495 0.203 0.361 0.455 0.128 0.273

Observations 1902 1902 1902 566 566 566 1860 1860 1860

R-squared 0.681 0.613 0.658 0.805 0.623 0.694 0.734 0.615 0.625

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 21: Household Sectoral Share and Weather Productivity Growth (ages 15-75)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Niger Malawi Ethiopia

Agriculture Manufacturing Service Agriculture Manufacturing Service Agriculture Manufacturing Service

climate 1ihs -0.718∗∗ 0.611∗∗∗ 0.0947 -1.991∗∗∗ 1.210∗∗ -0.113 -1.040∗∗∗ 0.199∗∗∗ -0.186

(-1.98) (2.81) (0.32) (-3.16) (2.64) (-0.33) (-2.92) (2.84) (-1.34)

Constant 0.607∗∗∗ 0.110∗∗∗ 0.235∗∗∗ 0.698∗∗∗ 0.0668∗∗∗ 0.238∗∗∗ 0.707∗∗∗ 0.0199∗∗∗ 0.0928∗∗∗

(42.69) (12.14) (17.37) (48.70) (7.96) (20.37) (49.42) (6.50) (16.00)

Household Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes

Mean dep. var 0.623 0.116 0.214 0.694 0.067 0.248 0.668 0.021 0.100

SD dep. var 0.401 0.273 0.334 0.493 0.202 0.360 0.457 0.128 0.272

Observations 1920 1920 1920 572 572 572 1874 1874 1874

R-squared 0.685 0.610 0.656 0.805 0.619 0.693 0.734 0.615 0.625

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.7 Multiple Distance Measures

To examine whether our results depend on how spatial frictions are measured, we conduct robustness checks

using alternative distance indicators. In the baseline specification, mobility barriers are captured using dis-

tance to a specific economic center. However, different measures of remoteness may capture distinct aspects

of market access and employment opportunities. We therefore re-estimate the model using three alternative

distance measures: distance to the nearest road, distance to the nearest market, and distance to the nearest

population center. Each measure is interacted with weather productivity shocks to capture how spatial fric-

tions influence labor reallocation.

Tables 22–24 report the results for Niger, Malawi, and Ethiopia, respectively. Across countries, the qualita-

tive patterns remain consistent with the baseline findings. In Niger, the interaction terms generally indicate

that greater distance attenuates the response of non-agricultural employment to productivity shocks, although

estimates are imprecise across different distance measures. The results for idle labor also show similar direc-

tional patterns, suggesting that remoteness influences the extent to which households adjust labor allocation

following productivity improvements.

In Malawi, productivity shocks continue to increase non-agricultural participation, and the interaction terms

with alternative distance measures remain broadly consistent in sign, although statistical significance varies.

The lack of strong significance reflects limited variation in distances within the Malawi sample, but the over-

all pattern continues to suggest that spatial frictions shape labor mobility.

In Ethiopia, the interaction between productivity shocks and distance measures is consistently negative

and statistically significant for several specifications. This indicates that households located farther from

roads, markets, or population centers exhibit weaker responses to productivity improvements, consistent with

stronger mobility constraints. The similarity of results across alternative distance definitions suggests that the
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estimated effects are not driven by a particular choice of distance metric.

Overall, the findings are robust to alternative measures of spatial frictions. Regardless of whether distance

to roads, markets, or population centers is used, the results consistently indicate that remoteness dampens

labor reallocation following productivity shocks. These robustness checks strengthen the interpretation that

geographic access and mobility barriers play an important role in mediating structural transformation.

Table 22: Multiple Distance Measures and Weather Productivity Growth in Niger

(1) (2) (3) (4) (5) (6)

Road Market Population Center

Non-agriculture Idle Non-agriculture Idle Non-agriculture Idle

climate 1ihs 0.350 0.696 0.939 -0.170 -0.167 -0.252

(0.83) (1.07) (1.49) (-1.23) (-1.03) (-1.42)

c.climate 1ihsc.dist road 0.0149 0.00766∗

(1.37) (1.70)

c.climate 1ihsc.dist market 0.000000312 0.00213

(0.00) (1.01)

c.climate 1ihsc.dist popcenter -0.00258 0.00277

(-0.51) (1.52)

Constant 0.350∗∗∗ 0.349∗∗∗ 0.349∗∗∗ 0.0438∗∗∗ 0.0435∗∗∗ 0.0436∗∗∗

(24.40) (24.30) (24.38) (7.66) (7.52) (7.51)

Household Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.333 0.333 0.333 0.040 0.040 0.040

SD dep. var 0.391 0.391 0.391 0.166 0.166 0.166

Observations 1926 1926 1926 1926 1926 1926

R-squared 0.685 0.684 0.684 0.667 0.666 0.666

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 23: Multiple Distance Measures and Weather Productivity Growth in Malawi

(1) (2) (3) (4) (5) (6)

Road Market Population Center

Non-agriculture Idle Non-agriculture Idle Non-agriculture Idle

climate 1ihs 1.384∗∗ 1.655 1.364 0.974∗∗∗ -0.132 1.292∗∗∗

(2.40) (1.50) (1.44) (2.87) (-0.29) (2.66)

c.climate 1ihsc.dist road -0.0944 -0.0654∗∗

(-1.19) (-2.44)

c.climate 1ihsc.dist market -0.0690 0.108∗

(-0.74) (1.88)

c.climate 1ihsc.dist popcenter -0.0145 -0.0272∗∗

(-0.40) (-2.21)

Constant 0.290∗∗∗ 0.291∗∗∗ 0.288∗∗∗ 0.0521∗∗∗ 0.0517∗∗∗ 0.0485∗∗∗

(25.53) (26.34) (22.76) (8.06) (8.39) (7.81)

Household Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.302 0.302 0.302 0.039 0.039 0.039

SD dep. var 0.373 0.373 0.373 0.161 0.161 0.161

Observations 568 568 568 568 568 568

R-squared 0.704 0.703 0.703 0.588 0.591 0.589

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 24: Multiple Distance Measures and Weather Productivity Growth in Ethiopia

(1) (2) (3) (4) (5) (6)

Road Market Population Center

Non-agriculture Idle Non-agriculture Idle Non-agriculture Idle

climate 1ihs 0.277 0.341 0.226 0.306 1.043∗∗ 0.517

(1.20) (1.36) (0.97) (0.72) (1.98) (0.99)

c.climate 1ihsc.dist road -0.0139∗ 0.0397∗

(-1.85) (1.90)

c.climate 1ihsc.dist market -0.00390∗ 0.000131

(-1.82) (0.03)

c.climate 1ihsc.dist popcenter -0.00680∗ 0.0173

(-1.73) (0.99)

Constant 0.116∗∗∗ 0.116∗∗∗ 0.114∗∗∗ 0.166∗∗∗ 0.177∗∗∗ 0.174∗∗∗

(15.92) (16.41) (17.16) (11.26) (13.37) (12.73)

Household Fixed Effect Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes

Mean dep. var 0.121 0.121 0.121 0.210 0.210 0.210

SD dep. var 0.295 0.295 0.295 0.399 0.399 0.399

Observations 1896 1896 1896 1896 1896 1896

R-squared 0.660 0.660 0.659 0.723 0.718 0.720

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

D.8 Pre-Determined Control Variables

As a robustness check, we augment the baseline specification with a set of predetermined household char-

acteristics measured at baseline. These include average years of education, female share, old-age share,

young-age share, and average age of household members. Because these variables are measured at baseline,

they are not affected by subsequent weather productivity shocks and therefore avoid post-treatment bias.

Table 25 reports the results. The estimated effects of weather-driven productivity shocks remain largely un-

changed across all three countries. In Niger and Malawi, higher productivity continues to reduce agricultural

labor shares and increase manufacturing employment, while effects on services and idle labor remain small.

In Ethiopia, productivity shocks still reduce agricultural labor and increase idle labor, consistent with limited

absorption into non-agricultural sectors.

The similarity between the baseline and controlled specifications indicates that the results are not driven by

differences in household demographic composition or human capital. Instead, the findings reflect responses

to weather-driven productivity changes rather than shifts in observable household characteristics.

65



Overall, these robustness checks confirm that the main conclusions are stable when controlling for predeter-

mined household characteristics.

Table 25: Household Sectoral Share and Weather Productivity Growth with Control Variables

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Niger Malawi Ethiopia

Agriculture Manufacturing Service Idle Agriculture Manufacturing Service Idle Agriculture Manufacturing Service Idle

climate 1ihs -0.610∗ 0.635∗∗∗ -0.0458 0.0210 -0.842∗∗ 0.578∗∗ -0.147 0.411∗∗ -0.993∗∗∗ 0.167∗∗ -0.264∗ 1.091∗∗∗

(-1.84) (3.36) (-0.17) (0.19) (-2.13) (2.54) (-0.55) (2.34) (-2.77) (2.47) (-1.90) (2.97)

Constant 0.0538 0.445 0.190 0.311 0.918∗∗∗ 0.556∗ -0.554∗ 0.0799 -0.531 0.0278 0.895∗∗ 0.607

(0.07) (0.74) (0.31) (1.02) (9.63) (1.68) (-1.81) (1.41) (-1.07) (0.18) (2.36) (1.41)

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Household Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Mean dep. var 0.645 0.117 0.198 0.041 0.775 0.053 0.155 0.017 0.660 0.023 0.094 0.224

SD dep. var 0.400 0.272 0.323 0.169 0.358 0.189 0.302 0.106 0.462 0.134 0.265 0.409

Observations 3160 3160 3160 3160 1898 1898 1898 1898 2240 2240 2240 2240

R-squared 0.692 0.625 0.644 0.700 0.722 0.596 0.700 0.607 0.729 0.634 0.627 0.719

∗ t statistics in parentheses

∗∗ ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

E Structural Estimation: Model Fit

This section evaluates the fit of the structural model by comparing empirical moments from the data with their

simulated counterparts. The model is estimated using a Simulated Method of Moments (SMM) approach,

targeting a set of moments that capture both aggregate labor allocation and heterogeneity across households.

The estimation targets three groups of moments. First, we match the average sectoral labor shares, including

agricultural, manufacturing, and idle labor shares. These moments capture the overall distribution of labor

across sectors. Second, we match moments by distance bins, which proxy for spatial frictions and access to

non-agricultural opportunities. These moments capture how labor allocation varies with geographic access

and help identify mobility barriers in the model. Finally, we match moments by climate bins, which capture

heterogeneity in weather-driven productivity shocks.

Figure 8 compare the empirical and simulated moments for Niger, Malawi, and Ethiopia. Overall, the model

provides a good fit to the data across all three countries. The simulated moments closely track the empirical

sectoral labor shares, indicating that the model successfully captures the aggregate allocation of labor across

agriculture, manufacturing, and idle states.

In Niger, the model matches the aggregate sectoral shares closely and reproduces the variation in labor alloca-

tion across both distance and climate bins. In particular, the model captures the relatively low idle labor share

and the strong responsiveness of non-agricultural employment to favorable conditions. Minor discrepancies

arise in some distance bins, but the overall pattern is well replicated.

In Malawi, the model also fits the data well, particularly in terms of aggregate labor shares and their variation

across climate conditions. The simulated moments closely match the empirical distribution across both dis-
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tance and climate bins. While there are small deviations in some bins, especially for manufacturing shares,

the model successfully captures the overall responsiveness of labor allocation to productivity and spatial con-

ditions.

In Ethiopia, the model captures the key feature of the data: the relatively high idle labor share and its variation

across households. The simulated moments align closely with the empirical moments for aggregate sectoral

shares and broadly reproduce patterns across distance and climate bins. Although some discrepancies remain

in specific bins, the model accurately captures the limited absorption of labor into non-agricultural employ-

ment, which is central to the analysis.

Taken together, the model fit indicates that the structural framework is able to jointly match aggregate la-

bor allocation and key dimensions of heterogeneity across households. In particular, the model successfully

captures cross-country differences in labor reallocation patterns, including the stronger absorption of labor

in Niger and Malawi and the accumulation of idle labor in Ethiopia. These results provide support for the

model’s ability to capture the underlying mechanisms driving structural transformation and justify its use for

counterfactual policy analysis.

F Counterfactual Analysis Robustness Check

This section examines the robustness of the counterfactual policy results along two dimensions. First, we

consider combined policy interventions, where the same total budget of USD 500 million is split equally

across multiple policies rather than allocated to a single intervention. Second, we evaluate policy effec-

tiveness under alternative realizations of weather productivity shocks, including both positive and negative

one-standard-deviation shocks.

F.1 Combined Policy Interventions

Figure 9 reports the effects of combined policies in Niger, Malawi, and Ethiopia. Each combination dis-

tributes the same total budget equally across the selected policies, allowing for a direct comparison with

single-policy benchmarks.

In Niger and Malawi, the results show that food subsidy policies remain the most effective in promoting struc-

tural transformation, even when compared to combinations of policies. While combined interventions gener-

ate improvements in non-agricultural employment, their effects are generally smaller than those achieved by

the food subsidy alone. This reflects the central role of subsistence constraints in these economies: relaxing

food constraints directly releases labor from agriculture, whereas combining policies dilutes this effect by

allocating resources to margins that are less binding.

In Ethiopia, the pattern differs markedly. The land reform policy consistently outperforms both individual and
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Figure 8: Model Fit

(a) Niger

(b) Malawi

(c) Ethiopia

combined alternatives. Even when resources are split across multiple policies, the gains in non-agricultural

employment remain smaller than those achieved under land reform alone. This result highlights the im-

portance of absorption constraints: relaxing institutional barriers is more effective than spreading resources

across policies that do not directly address the key bottleneck.
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