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“Over the years, the Productive Safety Net Programme has reduced soil loss by between 40-53%, increased land

productivity by up to 400%, contributed to improved quality and flow of water, and decreased the damage from seasonal

flooding.” H.E. Ato Sileshi Getahun, Former Ethiopian State Minister of Agriculture (in Foreword of World Bank,

2013).

1 Introduction

Public Works Programs (PWP – also often referred to as workfare or cash-for-work programs)

have become increasingly popular in developing countries, being implemented in Argentina,

Ethiopia, India, and South Africa, among many others, and covering tens of millions of partic-

ipants (Gehrke and Hartwig, 2018). They consist in providing short-term employment oppor-

tunities to poor and underemployed individuals in labor-intensive infrastructure projects. In

doing so, they follow the dual objective to reduce poverty by transferring income to the poor

and to use the workforce of participants to build infrastructure and public goods in the targeted

areas. While they were traditionally used as crisis relief, they have recently triggered attention

for broader purposes, including the need to cope with environmental degradation and climate

change vulnerability (Subbarao et al., 2012).

A drawback of PWP lies in their implementation costs which are generally higher than

for other poverty alleviation programs. Gehrke and Hartwig (2018) estimate that for each dollar

spent, an average of 31 cents reaches beneficiaries in PWP against 42 cents in basic cash transfer

programs. In addition, labor requirements in PWP usually imply welfare losses for beneficia-

ries including forgone income and unpleasant work (Murgai et al., 2015; Alik-Lagrange and

Ravallion, 2018). These downsides are often justified by the assumption that PWP infrastruc-

ture generates important productive effects.1 For instance, Subbarao et al. (2012) argue that

“there is no reason to do public works if the public goods generated do not have a positive impact on

the community”. Yet, evidence on such aspects is particularly scant, preventing comprehensive

cost-effectiveness exercises and comparisons with other poverty alleviation programs.

The present paper aims to start filling this gap by investigating the productive effects of

1Other arguments have been made to justify PWP, including self-targeting gains in the presence of asymmet-
ric information (Besley and Coate, 1992; Dutta et al., 2014; Alik-Lagrange and Ravallion, 2015), improvements in
income generating capacities through on-the-job or formal training (Gehrke and Hartwig, 2018), or insurance provi-
sion against risk (Alderman and Yemtsov, 2014; Gehrke, 2019). While we recognize the importance of these aspects,
in this article we focus on the infrastructure generated by PWP because it is arguably a crucial – and yet unexplored
– input to justify cost-effectiveness. In addition, according to Murgai et al. (2015), “for the same budget, unproductive
workfare has less impact on poverty than either a basic-income scheme or transfers tied to the government’s assignment of
ration cards. The productivity of workfare is thus crucial to its justification as an antipoverty policy”. See Ravallion (2019)
for further discussion of the arguments for and against PWP.
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the infrastructure generated in the context of the Productive Safety Net Program (PSNP). The

PSNP is a flagship PWP implemented in Ethiopia since 2005. It provides social transfers to mil-

lions of beneficiaries in chronically food insecure woredas in exchange for their participation

in labor-intensive activities. As most activities focus on land management and environmental

projects such as soil and water conservation activities, the PSNP is sometimes considered as

Africa’s largest climate change adaptation program (Subbarao et al., 2012). An influential view,

as illustrated in the introductory quote, is that the PSNP has reduced soil erosion and (drasti-

cally) improved land productivity. However, evidence on these aspects is sorely lacking.2

Assessing the productive effects of PSNP works is particularly challenging due to the lack

of survey data over a sufficient period of time. We tackle this issue by relying on high resolution

satellite data. More precisely, we build an indicator of agricultural productivity by combining

the Normalized Difference Vegetation Index (NDVI) with highly disaggregated information

on land use, crop types, and crop calendars. We show that this indicator is a good predictor of

agricultural output. In addition, we enrich our dataset with data on climatic conditions (rain-

fall and temperature), topographic characteristics, night-time lights, and population density to

control for a maximum of potential confounding factors. This results into a unique and com-

prehensive dataset providing information at the woreda-year level for the whole country over

the 2000-2013 period.

We estimate the impact of the PSNP on agricultural productivity using a difference-in-

differences estimator. As the PSNP was targeted rather than randomly allocated, finding a

credible counterfactual is difficult. To overcome this challenge, we employ the inverse prob-

ability weighting method (Hirano et al., 2003). We show that this empirical strategy not only

allows us to absorb differences in pre-treatment trends between treated and control woredas,

but also to achieve more balanced groups. In addition, as ecological disparities across woredas

may potentially lead to heterogeneous effects, we run separate regressions for highlands and

lowlands. Last but not least, because the PSNP was not homogeneously implemented, some

woredas being more treated than others, we use two additional treatment variables (in addi-

tion to a basic binary variable), namely the percentage of households treated in each woreda

(treatment intensity), and the number of treated households per square kilometers (treatment

density).

Our results provide no evidence that public works had a sizeable impact on agricultural

2We have been unable to find sources for the figures outlined in the introductory quote. These figures are
mentioned in the Foreword of World Bank (2013) and also on page 27 of the same report: “PSNP public works have
improved the potential for growing food, which builds community resilience. Evidence shows a 40-53% reduction in sediment
reaching streams through soil erosion, a 3-4 fold increase in land productivity, and many reports of higher crop production”.
However, the report does not include references.
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productivity. This conclusion holds regardless of the treatment variable used, suggesting that

neither the least treated nor the least densely populated woredas drive these null estimates.

Importantly, we provide evidence that these null effects are not explained by a lack of statistical

power of our estimations. The upper bound of the main estimate is equivalent to a 3.6 percent

increase in agricultural productivity and we estimate a minimum detectable effect size of at

most 0.07 SD. Because benefits of public works could take time to manifest, we investigate the

impact of the PSNP on a yearly basis and confirm the lack of visible effect even seven years

after the beginning of the program. Finally, positive effects might only be visible in case of

unfavorable climatic conditions. We estimate the impact of the program conditional on the

level of rainfall and find no significant interactions.

To assess the validity of these results, we conduct several robustness checks. First, to

check that omitted variables do not confound our results, we add economic and demographic

control variables, and we compute Oster bounds (Oster, 2019). In both cases, coefficients hardly

change and remain non-significant. Second, we restrict our sample to the common support as

well as to the most treated woredas. Results are consistent with our baseline specification and

show no significant effects. We also conduct estimates by elevation deciles instead of using

an arbitrary cut-off to distinguish highlands and lowlands. Finally, we provide suggestive

evidence that the null effects are not driven by selective migration patterns or by negative

effects of the transfers on agricultural activities.

This paper contributes to the literature on the effects of PWP in general, and on the effects

of the PSNP more precisely. This literature suggests that PSNP transfers have positive effects

on various outcomes such as food security (Gilligan et al., 2009; Nega et al., 2010; Berhane

et al., 2014), children nutritional status and human capital accumulation (Debela et al., 2015;

Porter and Goyal, 2016; Favara et al., 2019; Mendola and Negasi, 2019), investments in technol-

ogy adoption or tree planting (Andersson et al., 2011; Adimassu and Kessler, 2015; Alem and

Broussard, 2018; Araya, 2020), while they do not seem to divert children from schooling or to

increase child labor (Hoddinott et al., 2010) – two typical concerns with PWP.3,4 However, to

the best of our knowledge, the productive impacts of the PSNP remain largely unexplored. A

noticeable exception is Filipski et al. (2016). Using a panel GMM estimator, the authors find

that soil and water conservation measures increased the average yields of grain crops by about
3In other contexts, the available evidence on PWP effects is more mixed. See for example Ravi and Engler

(2015), Rosas and Sabarwal (2016), Bertrand et al. (2017), Beegle et al. (2017), Maity (2020) on food security, Shah
and Steinberg (2019), Ajefu and Abiona (2019), Li and Sekhri (2020) on human capital accumulation, and Galasso
and Ravallion (2004), Ravallion et al. (2005), Zimmermann (2012), Imbert and Papp (2015), Deininger et al. (2016),
Berg et al. (2018), Merfeld (2019) on labor market outcomes.

4These positive effects are regularly observed, generally at lower costs, in alternative poverty alleviation pro-
grams such as unconditional cash transfers (Baird et al., 2014; Haushofer and Shapiro, 2016; Ravallion, 2019).
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2.8 percentage points but had no effect on non-grain crops. These results are, however, subject

to the typical concerns about the use of GMM estimators to achieve causal inference (Roodman,

2009), and, as mentioned by the authors, some results could reflect a lack of statistical power.5

Moreover, even in different contexts, the only study on the value of PWP infrastructure we are

aware of is Christian et al. (2015). Using a randomized controlled trial of the Labor Intensive

Works Program (LIWP) in Yemen, the authors show that water-related projects had large and

positive effects on water accessibility in villages with poor baseline access. However, a clear

concern in this study is that the results were derived from the subset of villages with completed

projects at the time of the follow-up survey and could therefore reflect convergence in water ac-

cess rather than the effects of the LIWP.6 By combining an original and comprehensive dataset

with a credible identification strategy, we address the aforementioned shortcomings and add

to the effort to estimate the causal effect of PWP.

In addition, we provide another example of geospatial impact evaluations (BenYishay

et al., 2017; Lech et al., 2018), and further substantiate their potential to study important ques-

tions at low costs. In particular, we add to recent studies relying on satellite data to measure

agricultural yields (Burke and Lobell, 2017; Lobell et al., 2020). Combining NDVI data and geo-

referenced data on land use, crop types and crop calendars, we show the scope for constructing

an indicator that is highly predictive of variations in survey-based agricultural output. This

indicator offers great potential for assessing variation in yields at a large scale and high fre-

quency. In the context of this study, it allowed us to recover multiple rounds of data prior to

the implementation of the PSNP,7 which has been particularly useful to test the parallel trends

assumption prior to the program (a key assumption for our identification strategy).

The remainder of the paper is organized as follows. Section 2 provides background infor-

mation on the program. Section 3 presents the data. Section 4 outlines the empirical strategy.

Section 5 presents the results, and Section 6 concludes.

2 Background

With more than 100 million inhabitants, Ethiopia has currently the second largest population

in Africa after Nigeria. The country is administratively divided into ethnically based regions,

which are themselves subdivided into zones, and woredas (districts). Geographically, it is

5Lack of statistical power increases not only the likelihood of false negative but also that of false positive (Gel-
man and Carlin, 2014).

6Only 8 out of the 82 projects were completed at follow-up.
7To the best of our knowledge, other studies on the impact of the PSNP include at most one survey round prior

to the implementation of the program.
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composed of a vast territory made of mountains and plateaus lying at elevations above 1500m,

divided by the Rift Valley, and surrounded by lowlands. Livelihood predominately depends

on crop production in highlands and on agro-pastoralism in lowlands. Over the last decades,

Ethiopia has faced severe droughts which often resulted in large-scale food crisis.8 Despite

some progress, it is still one of the poorest country in the world with a per capita income of

US$772 in 2018 (World Bank data). Poverty is especially widespread in rural areas where most

people are engaged in subsistence agriculture and face important environmental degradation.

Environmental degradation not only reduces land productivity, but also the ability to manage

water resources effectively. According to a World Bank report, “[Ethiopian] land base has been

damaged through erosion and degradation, land productivity has declined, and rainfall infiltration has

reduced such that many spring and stream sources have disappeared or are no longer perennial” (World

Bank, 2006, p.2). Environmental degradation is particularly prevailing in Ethiopian highlands

because of the steep slopes and widespread deforestation.9

The Productive Safety Net Program (PSNP) was launched in 2005 by the Government of

Ethiopia in an attempt to provide a long-term solution to rural chronic food insecurity. It is

among the largest public works programs to date. The PSNP replaced an old system where

food aid depended on emergency humanitarian appeals for international assistance. Food aid

was mainly delivered as emergency food-for-work programs (Porter and Goyal, 2016), and,

according to the government’s policy, no able-bodied person should receive food aid with-

out working on a community project in return (Jayne et al., 2002; Quisumbing and Yohannes,

2005).10 This system proved inefficient as assistance was unpredictable both for planners and

local populations (Kehler, 2004; Rahmato, 2013). In contrast, the PSNP aimed to provide a

predictable and reliable safety net to address chronic food insecurity and mitigate recurrent cli-

mate shocks. The PSNP was quickly rolled-out to reach approximately 8 million beneficiaries

in 2006/07,11 thereby becoming the largest workfare program in Africa and one of the largest

8The most prominent example is probably the 1983-1984 famine from which up to one million people are esti-
mated to have died (Devereux, 2000).

9For a rather old but enlightening examination of environmental degradation in Ethiopian highlands, see a
study commissioned by the FAO which argues that “the highlands of Ethiopia contain what is probably one of the largest
areas of ecological degradation in Africa, if not in the world” (Hurni, 1983, p.ii).

10Prior public works could threaten the internal validity of our study if they were targeted towards the same
areas and activities as the PSNP. While our data do not allow us to fully rule out this concern, we believe that it
remains limited because aid receipts prior to the PSNP display a large degree of heterogeneity across woredas and
do not overlap with assignment to the PSNP (Schinaia, 2016). In addition, there is evidence that the structures
created prior to the PSNP were of poor quality and often rejected or removed by farmers and local communities
because of the top-down implementation of activities (Shiferaw and Holden, 1998; Holden et al., 2006). If anything,
the PSNP therefore represents a major breakthrough with respect to prior public works programs.

11Throughout the paper, we follow Gilligan et al. (2009) and Porter and Goyal (2016) who consider 2006 as a pre-
treatment year because the program was not fully rolled-out. Results are similar considering 2006 as a treatment
year.
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safety net programs. Today, it operates with an annual budget of more than US$500 million.

The main component of the PSNP consists of cash or food transfers to selected poor

households conditional on their participation in labor-intensive projects. The program tar-

gets chronically food insecure households in chronically food insecure woredas using a mix

of geographic and community-based targeting devices. The government identified chronically

food insecure woredas based on the number of years they had required food assistance prior

to 2005. Then, in each eligible woreda, local community councils known as food security task

forces (FSTF) identified food insecure households, that is households that (i) have repeatedly

faced food gaps or received food aid in the past three years, (ii) have suffered from a severe loss

of assets due to a severe shock, and (iii) with no other source of support (family or social protec-

tion programs). These targeting guidelines were intended as a broad national framework but

in practice the program allowed for regional and local adaptation by FSTF (Sharp et al., 2006).

Able-bodied adults of beneficiary households could participate in public works only during the

agricultural off-season in order to limit interference with farming and other income-generating

activities.12 The wage rate was initially set at 6 birr per day – approximately US$0.70 using the

2005 official exchange rate – and gradually increased in an effort to reflect inflation patterns

(Sabates-Wheeler and Devereux, 2010; Hirvonen and Hoddinott, 2020). According to adminis-

trative data, PSNP activities generated 227 millions person-days of employment in 2008 (World

Bank, 2016).

Most public works in the PSNP focus on watershed development, with the objectives to

achieve environmental rehabilitation and increase agricultural productivity and resilience to

climate shocks. Activities include the construction of area closure, terraces and flood control

structures, agroforestry, gully control, or the renovation of traditional water bodies activities

(see Table A1 for a detailed list of the activities undertaken between 2007 and 2009). Projects

were selected locally through a community-based participatory approach and integrated into

woredas development plans. The peculiar conditions found in pastoral regions (Afar and So-

mali) caused implementation delays and required some tweaking in terms of program design.

In particular, these regions only started to benefit from public work activities in 2010 – benefi-

ciary households received unconditional transfers until 2009/10. Our empirical strategy takes

this specificity into account (see Section 4).

12Beneficiary households with no able-bodied adult members were included in the direct support component of
the PSNP (i.e. unconditional transfers of the same amount). Direct support beneficiaries represent about 16 percent
of total beneficiaries.
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3 Data

To estimate the impact of PSNP infrastructure on crop production, we assemble an original

database covering Ethiopia over the 2000-2013 period.13 We rely on geo-referenced adminis-

trative data and high resolution satellite data to conduct our study at the woreda-year level.14

This section describes the details of how we build this dataset.

3.1 Crop Production

We build an indicator of agricultural output by combining the Normalized Difference Vegeta-

tion Index (NDVI) with highly disaggregated information on land use, crop types, and crop

calendars. NDVI data are available bi-monthly at a resolution of 250m and are widely used

to proxy vegetation health and crop productivity (see e.g. Pettorelli et al., 2005; Wang et al.,

2005; Atzberger, 2013; Klisch and Atzberger, 2016; Jensen et al., 2019; Ali et al., 2020; Asher and

Novosad, 2020). Since our analysis are conducted at the woreda-year level, the NDVI needs

to be aggregated at this scale. Doing so could lead to an “aggregate-out” problem. That is,

if the treatment has a spatially localized impact, averaging the NDVI over the whole woreda

could dilute its effect and lead us to misconclude to an absence of effect of the PSNP. A similar

concern arises regarding the time dimension. Indeed, because effects of the PSNP should be

concentrated over the growing season, averaging the NDVI over the full year could dilute the

effect of the program.

To tackle these issues, we impose spatial and time constraints when aggregating the

NDVI. Regarding the spatial dimension, we average the NDVI using pixels covering cultivated

areas only. To do so, we rely on the Land Use database provided by MODIS (Friedl et al., 2010).

This database, available on an annual basis, provides information on soil occupation (forest,

savannas, grasslands, croplands, etc.) at a resolution of 500m. One may worry that land occu-

pation could itself be affected by the program, as the PSNP may lead farmers to cultivate new

plots (extensive margin effect). In that case, using yearly data on soil occupation to compute

the NDVI could also lead to a downward bias in our estimates if pixels newly identified as cul-

tivated areas have a structurally lower NDVI than older cultivated areas. For this reason, we

13We restrict our sample to this period due to data availability of control variables.
14We believe that the woreda level is relevant to study the impact of PSNP works because public works have

been integrated into woredas development plans and because the targeting of woredas has remained remarkably
stable over time. Woreda administrators allocated beneficiary numbers to kebeles using various approaches (either
including all kebeles or selecting some of them) and this allocation varied over time. No data are available on
treatment allocation at the kebele-year level.
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focus only on plots that were cultivated at the onset of the program.15 We compute the NDVI

using pixels covering cultivated areas in 2005. Regarding the time dimension, we aggregate the

NDVI over months covering the growing season of the main crop in each woreda. To do so, we

use the MIRCA 2000 database (Portmann et al., 2010) which provides information on the type

of crops, the area under cultivation, and the period of the growing season at a grid resolution

of 5 arc-minute (10km).

In sum, for each woreda and each year of the 2000-2013 period, we compute the average

NDVI using pixels covering cultivated areas in 2005, and months corresponding to the growing

season of the main crop cultivated.

In order to check the validity of this indicator, we use the 2013 and 2015 LSMS-ISA survey

rounds and investigate whether it is indeed a good predictor of crop production and crop

productivity.16 We derive both the total production and the average productivity of land in

2013 and 2015, and test whether these measures are well correlated with our indicator. The

results support the idea that our indicator is a good predictor of agricultural output (Table

1). The indicator is positively and significantly correlated with both measures of agricultural

output. Importantly, these relationships hold when woreda fixed effects are included, meaning

that the indicator not only predicts levels of agricultural outputs (columns 1 and 4), but also

their variations over time (columns 2 and 5). Overall, our indicator seems well suited to capture

PSNP work effects at the intensive margin, i.e., productivity gains on parcels already cultivated

when the program was launched in 2005.17

15We tried to design a satellite-based outcome to capture effects at the extensive margin but were admittedly
unsuccessful (see footnote 17 for more information).

16An additional LSMS-ISA survey round was implemented in 2011. However, data on crop production are
missing for most of the plots because of implementation issues. We are therefore unable to incorporate these data
in our investigation of the crop productivity indicator.

17PSNP works may also have had effects at the extensive margin through land rehabilitation measures. We
tried to design a satellite-based indicator to capture these effects but were admittedly unsuccessful. Specifically, for
each year of the 2001-2013 period, we derived the share of cultivated areas by woredas using MODIS Land Use
database, and checked the predictive power of this variable using cultivated areas derived from the 2013 and 2015
LSMS-ISA surveys. While satellite-based cultivated area appear to be a good predictor in levels, it does not appear
to be capturing variations properly (Table A2). This could be due to a high level of inertia in the data or to the
fact that remote sensed data are not error-free (Gibson et al., 2020; Gibson, 2020), especially in the case of binary
variables (Alix-Garcia and Millimet, 2020). This signals that the use of this proxy is not suited for our purpose and
we therefore prefer to leave investigations on the extensive margin to future research.
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Table 1: Correlation between satellite-based and survey-based agricultural production

Production Productivity

(1) (2) (3) (4) (5) (6)
NDVI 4.825*** 4.824** 6.806*** 3.445*** 4.837*** 7.088***

(1.043) (1.884) (2.071) (0.822) (1.734) (1.823)
Woredas FE X X X X
Time FE X X
Observations 482 482 482 482 482 482
R-squared 0.10 0.83 0.85 0.08 0.72 0.76

Notes: Data on agricultural output comes from the Ethiopian 2013 and 2015
LSMS-ISA surveys. In columns (1)-(3), the dependent variable corresponds to
the overall production in woreda w at time t (with t = 2013 | 2015). In columns
(4)-(6), the dependent variable corresponds to the average production per hectare
in woreda w at time t. An inverse hyperbolic sine (IHS) transformation has been
applied to all dependent variables. OLS estimator used for all regressions. Stan-
dard errors in parentheses are clustered at woreda level. *** p<0.01, ** p<0.05, *
p<0.1.

While these results are encouraging, it is worth noting that the correlation between our

satellite-based indicator and the true (unobserved) agricultural output may be even stronger

than suggested in Table 1 due to some shortcomings in the LSMS-ISA measures of crop pro-

duction. First, GPS coordinates in LSMS-ISA datasets are slightly modified (with a random

noise of 0-10km) to preserve anonymity and as a result some plots may have been assigned

to a neighboring woreda. Second, survey-based agricultural production may lack precision

because LSMS-ISA surveys are not designed to be representative at the woreda level,18 and

because data on harvest and cultivated area are typically recalled with errors (Beegle et al.,

2012; Carletto et al., 2015). The fact that our indicator of agricultural productivity is still highly

significantly correlated with these survey-based measures is reassuring. If anything, the true

(unobserved) predictive power of our satellite-based indicator should be magnified.

3.2 Treatment variables

Data on program implementation are drawn from the United Nations Office for the Coordi-

nation of Humanitarian Affairs (UNOCHA). To investigate the impact of PSNP works, we use

three definitions of the treatment. We first use a basic dummy variable taking the value one

if a woreda receives the program and zero otherwise. Figure 1a represents the woredas that

received the PSNP. Second, we use a treatment intensity variable, defined as the percentage

of population targeted by the program (Figure 1b). Data on treatment intensity present two

shortcomings. First, they provide intervals of treatment intensity instead of precise percent-

ages. The intervals are the following: (i) 2-13%; (ii) 14-25%; (iii) 26-42%; (iv) 43-65%; and (v)

18In each enumeration area, 15 households were surveyed. Most woredas have only one enumeration area.
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66-90%. We choose to use an ordered categorical variable taking the value 0 (if the woreda

is not treated) to 5 (if the woreda received the highest treatment intensity). Second, we only

have data on treatment intensity at the onset of the project in 2006.19 Finally, for some woredas

(mostly in the Somali region), we have no data on treatment intensity because they had not yet

been assigned to a treatment intensity in 2006 (they joined the program much later). One pos-

sibility would be to drop these observations from the analysis. Alternatively, we could assign

the average treatment intensity derived from the sample of woredas with positive values. To

limit power losses, and because it concerns few woredas, we prefer the latter option. Last, we

use a treatment density variable, defined as the number of beneficiaries per square kilometers

in each woreda (Figure 1c). In particular, we rely on population density estimates from 2005,

and approximate exact treatment intensity using the median value over each of the five interval

(e.g. for the interval 2-13% we derive a treatment intensity of 7.5%).20

19However, both the intensity of treatment across regions and the allocation of treatment across woredas have
remained stable over time (World Bank, 2016), suggesting that variations in the treatment intensity across woredas
may also have remained stable.

20In subsequent analysis, we divide this variable by 10 to ease the reporting of estimated coefficients.
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Figure 1: Woredas covered by the PSNP

(a) Treatment dummy (b) Treatment intensity

(c) Treatment density

Notes: Figure 1a represents treated and untreated woredas; Figure 1b represents the percentage
of beneficiaries by woreda; Figure 1c represents the number of beneficiaries per square kilometers.
Source: Authors’ elaboration from UNOCHA data.

4 Empirical analysis

In order to investigate the impact of PSNP works on crop production, we estimate the following

difference-in-differences (DID) model using an ordinary least squares (OLS) estimator:

ywt = β0 + β1Treatedw × Postt + X
′
α + νw + γt + εwt (1)

where β1 gives the average treatment effect of interest; ywt is the indicator of agricultural pro-

ductivity for woreda w at time t; Treated corresponds to one of the three treatment variables

defined in Section 3 (i.e. the treatment dummy, intensity, or density); Post is a dummy variable
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taking the value one for post-program years (2007-2013 in most woredas), and zero otherwise;21

X is a vector of time varying control variables including rainfall, temperature, and their re-

spective quadratic terms drawn from CHIRPS database;22 νw is a vector of woreda fixed-effects

controlling for time-invariant characteristics; γt is a vector of year fixed-effects controlling for

common shocks; and εwt is the error term.

As mentioned above, Ethiopia is known for its large ecological disparities, especially

between highlands and lowlands. Because these heterogeneities could be an important fac-

tor mediating PSNP effects, we conduct the analysis separately for highlands and lowlands.

We follow Hurni (1983) and define as highlands all woredas with mean elevation higher than

1500m. As a robustness check, we present the main results by elevation deciles instead of using

an arbitrary cut-off.

The crucial assumption underlying DID models is the parallel trends assumption, that

is, in the absence of treatment, the difference between the treated and controls would have

remained constant over time. This assumption seems rather strong in our setting because the

program was targeted towards chronically food insecure woredas, i.e., woredas that required

frequent food assistance prior to 2005 and could therefore present unobserved time-varying

factors. One of the main advantage of our dataset is that it includes multiple time periods

prior to PSNP roll-out so that we can actually check whether the parallel trends assumption

holds prior to the program. Figures 2a and 2d plot the evolution of the outcome for treated and

controls. While both figures are purely descriptive in nature, they tend to suggest that crop

productivity did not follow similar paths in the two groups before the program. To test in a

more systematic and comprehensive way whether there were specific trends prior to the treat-

ment, we use a regression model similar to equation (1), but incorporating interactions between

the treatment and each of the pre-program year dummy. Results are presented in Table 2. The

significant interactions in columns 1-2 and 5-6 confirm the intuitions from Figures 2a and 2d.

The two groups were already following distinct paths prior to public works implementation,

and assuming parallel trends post-program would be a strong assumption.

21For some treated woredas who started to receive public works only in 2009-10 the variable Post takes the value
one only from 2010 onwards.

22We may be tempted to include additional variables such as night time lights or population density to control
for economic and demographic dynamics. However, because these variables could be themselves affected by the
treatment, we prefer to exclude them from the main model. In robustness analysis, we check whether including
these variables affect the main results.
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Figure 2: Agricultural productivity in treatment and control woredas

Panel A: Highlands

(a) Raw means (b) Raw means
(common support)

(c) IP-weighted means
(common support)

Panel B: Lowlands

(d) Raw means (e) Raw means
(common support)

(f) IP-weighted means
(common support)

Notes: Each sub-figure compares our indicator of agricultural productivity in treated and control woredas over
time. Dotted lines display PSNP roll-out. Source: Authors’ elaboration from MODIS and MIRCA 2000 data.
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Table 2: Pre-treatment trends

Highlands Lowlands

(1) (2) (3) (4) (5) (6) (7) (8)
NDVI NDVI NDVI NDVI NDVI NDVI NDVI NDVI

Treatment × 2001 0.012*** 0.014*** 0.005 -0.001 0.027*** 0.031*** 0.027*** 0.019***
(0.001) (0.003) (0.004) (0.004) (0.003) (0.005) (0.006) (0.007)

Treatment × 2002 -0.023*** -0.002 -0.001 -0.007 -0.016*** -0.001 0.003 0.000
(0.002) (0.003) (0.004) (0.005) (0.003) (0.005) (0.006) (0.006)

Treatment × 2003 0.009*** 0.005 -0.001 -0.001 0.015*** 0.003 0.001 0.006
(0.002) (0.003) (0.004) (0.004) (0.003) (0.005) (0.006) (0.006)

Treatment × 2004 -0.016*** -0.002 -0.001 0.004 -0.004* 0.007 0.013** 0.016**
(0.002) (0.003) (0.004) (0.004) (0.002) (0.005) (0.006) (0.006)

Treatment × 2005 -0.003** -0.005* -0.005 0.001 0.002 -0.002 -0.002 0.001
(0.001) (0.003) (0.003) (0.005) (0.004) (0.005) (0.006) (0.007)

Treatment × 2006 -0.003*** -0.003 -0.001 0.006 -0.010*** -0.004 0.002 0.003
(0.001) (0.003) (0.003) (0.005) (0.003) (0.005) (0.005) (0.006)

Woredas FE X X X X X X X X
Time FE X X X X X X X X
Time-varying controls X X X X X X
Common support X X X X
IP-weights X X
Observations 6594 6594 4606 4606 2786 2786 2268 2268
R-squared 0.93 0.94 0.92 0.92 0.96 0.97 0.96 0.96

Notes: This table tests for the presence of specific pre-program trends in agricultural productivity between
treated and control woredas. The outcome variable is observed at the woreda-year level. Time varying
controls include climatic variables (i.e. rainfall, temperature, and their respective quadratic terms). OLS
estimator is used for all regressions, except regressions (4) and (8) where a WLS estimator with IP-weights
is used. Only the interaction terms are reported due to space limitation. Standard errors in parentheses are
clustered at the level of the treatment (woredas). *** p<0.01, ** p<0.05, * p<0.1.

One potential avenue to enrich our baseline DID model and remove these specific trends

is to employ the Inverse Probability Weighting (IPW) method. This method, first pioneered

by Horvitz and Thompson (1952), has been widely used in recent years to recover unbiased

estimates of average treatment effects in observational studies (see e.g. Bernard et al., 2008;

Austin and Stuart, 2015; Misha et al., 2019; Bargain et al., 2019).23 We first estimate the following

equation using a logit estimator:

Treatedw = α + X
′
wβ + εw (2)

Where Xw is a vector of baseline covariates including climatic, geological, agricultural, demo-

graphic and economic determinants of treatment assignment. More specifically, X includes

rainfall, temperature, elevation, slope, start and end months of the growing season, total area,

23The IPW method consists in computing the propensity score ew = Pr(Tw = 1 | Xw), where Tw is a dummy
variable indicating whether woreda w is treated, and Xw is a vector of observed baseline covariates. Weights Pw are
then derived as the inverse of the probability of receiving the treatment actually received.
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share of cultivated area, population density, nighttime lights, and NDVI.24 Each of these vari-

ables is averaged by woreda over the whole pre-treatment period. Then, we use estimates

from equation (2) to predict propensity scores and derive weights Pw as the inverse probability

of receiving the treatment actually received, and use them in a Weighted Least Squares (WLS)

estimate equation (1).

Figure 3: Propensity scores distribution by treatment groups

Notes: This figure reports the distribution of the treatment assignment probabilities derived
from equation (2) among treatment and control groups. Dotted lines display limits of the com-
mon support region. Source: Authors’ elaboration.

The distribution of propensity scores in treated and control woredas are very different

(Figure 3).25 In particular, there are large spikes of (i) control woredas with low probabilities of

treatment, and of (ii) treated woredas with high probabilities of treatment. These spikes suggest

that the model specified in equation (2) is relatively successful at predicting assignment to

treatment, and that using IPW techniques to estimate equation (1) has the potential to improve

estimates. However, as can also be seen from the figure, there is a non-negligible share of

woredas falling outside of the common support region. To avoid that these woredas affect

24Rainfall and temperature are drawn from CHIRPS database, elevation and slope are from the Shuttle Radar
Topography Mission dataset (v4.1), start and end months of the growing season are from the MIRCA 2000 database,
total area and share of cultivated area are from the MODIS land use database, population density is from Gridded
Population of the World v4, nighttime lights is from DMSP-OLS (v4).

25Estimates of equation (2) are shown in Table A3.
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our estimates, we exclude them from the main regressions.26 In Figure A2, we show a map of

propensity scores for woredas within the common support.

We test the validity of our common support restriction and IPW procedure in a variety

of ways. First, by checking graphically whether differences in pre-program trends between

treated and controls are attenuated (Figure 2). Restricting the sample to the common support

region reduces the gap between the two curves and seems to slightly improve their parallelism

(sub-figures 2b and 2e). IPW procedures further reduce differences between the two curves

and pre-program trends become relatively difficult to distinguish (sub-figures 2c and 2f). Sec-

ond, we test more formally for the existence of significant differences in pre-trends (Table 2).

Results confirm that the procedures described above successfully remove specific pre-trends.

Both the common support restriction and the use of IPW reduce the magnitude and signif-

icance of interaction terms, especially for highland woredas where no interaction terms are

statistically significant at conventional levels (column 4).27 Finally, we conduct balance tests

on the common support sample. Results clearly indicate that our procedures allow to balance

pre-program characteristics in the two groups (Table 3). Most of the 11 characteristics tested

show significant differences using unweighted means, whereas none of these differences are

significant using IP-weighted means. Most importantly, the F-test of the omnibus test for joint

significance is very low and non-significant in the IPW case. Overall, these tests provide some

reassurance on the validity of our procedures and on our ability to recover credible estimates

of public works effects. The next section presents the main results.

26IPW techniques typically allocate low weights to woredas outside the common support region. However,
because of the relatively large number of woredas concerned in our setting, we prefer to go one step further and
exclude these woredas to prevent them from having any influence on the estimates. In robustness analysis, we
replicate our main analysis keeping these woredas.

27Treated woredas in lowlands experienced a significant improvement of their productivity in 2001 and 2004
that is not captured by our model. However, this improvement is not too worrying because it is relatively small in
magnitude and does not persist over time.
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Table 3: Pre-treatment characteristics by sub-samples

Raw means IP-weighted means

(1) (2) (3) (4) (5) (6)
Treated Controls Diff Treated Controls Diff

Propensity score 0.69 0.36 0.33*** 0.51 0.57 -0.06
(0.02) (0.05)

NDVI 0.46 0.51 -0.04*** 0.48 0.48 0.00
(0.01) (0.01)

Rainfall 106.46 119.33 -12.86*** 119.05 115.12 3.93
(4.58) (7.00)

Temperature 29.51 27.52 2.00*** 28.40 28.62 -0.22
(0.53) (0.66)

Total area 0.14 0.14 0.00 0.14 0.14 0.00
(0.02) (0.02)

Cultivated area (% total area) 0.21 0.17 0.04** 0.23 0.23 0.00
(0.02) (0.03)

Start growing season 6.02 6.06 -0.04 6.03 6.04 -0.01
(0.08) (0.06)

End growing season 10.03 9.82 0.21** 9.99 10.00 -0.01
(0.10) (0.09)

Elevation 1689.61 1759.49 -69.88 1791.37 1734.06 57.31
(59.12) (82.05)

Slope 5.46 4.56 0.90*** 4.98 5.55 -0.57
(0.28) (0.53)

Population density 31.05 31.61 -0.55 27.68 30.31 -2.63
(6.99) (4.43)

Night time lights 0.10 0.21 -0.12 0.09 0.13 -0.05
(0.14) (0.08)

Observations 266 225 491 266 225 491
F-test joint significance 24.07*** 0.52

Notes: Sample trimmed to common support region. The F-test corresponds to a regression of the
treatment on baseline characteristics using the same specification as in subsequent analysis (omnibus
test). Standard errors in parentheses are clustered at the level of the treatment (woredas). *** p<0.01, **
p<0.05, * p<0.1.

5 Results

5.1 Treatment effects on crop productivity

Throughout the specifications, we find no evidence to suggest that public works increased

agricultural productivity in beneficiary woredas. Estimates of equation (1) using IPW and the

common support restriction are reported in Table 4. Columns 1-3 report the results for each of

the treatment variable on the sample of highland woredas. Columns 4-6 report results on the

sample of lowland woredas. All estimates control for woreda fixed effects, time fixed effects,

and time-varying controls including climatic variables, i.e., rainfall, temperature and their re-

spective quadratic terms. Point estimates suggest that benefiting from public works had small

and non-significant effects in both highlands and lowlands. These results hold regardless of

the definition of the treatment variable, suggesting that neither the least treated nor the least

densely populated woredas drive these null estimates.

18



Table 4: Impacts on agricultural output

Highlands Lowlands

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

Post × Treatment (dummy) 0.001 -0.002
(0.002) (0.003)

Post × Treatment (intensity) 0.000 -0.001
(0.001) (0.001)

Post × Treatment (density) 0.001 0.000
(0.001) (0.003)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 4606 4606 4606 2268 2268 2268
R-squared 0.91 0.91 0.91 0.96 0.96 0.96

Notes: Sample trimmed to common support region. Time varying controls include cli-
matic variables (i.e. rainfall, temperature, and their respective quadratic terms). WLS esti-
mator is used for all regressions. Standard errors in parentheses are clustered at the level
of the treatment (woredas). *** p<0.01, ** p<0.05, * p<0.1.

One typical concern with non-significant results is that they can sometimes reflect a lack

of statistical power rather than a lack of positive effects. We argue that this is not the case in

this study for at least two reasons. First, estimates on the sample of lowland woredas actu-

ally present a negative sign – an attribute inconsistent with positive effects being obscured by

insufficient power. Second, we can rule out even small positive effects for highland woredas.

The upper bound of the 95 percent confidence interval on estimates for the treatment dummy

is 0.005. Given the relationship of our NDVI indicator with the survey-based measure of agri-

cultural productivity outlined in Table 1, this upper bound corresponds to a 3.6% increase in

agricultural productivity. Following Ioannidis et al. (2017), we can derive the minimum de-

tectable effect size (MDES) at conventional power (80%) and statistical significance (5%) by

multiplying standard errors by 2.8. Using the highest standard errors of Table 4 and estimates

from Table 1, we find that our study is powered to detect productivity gains above 6%.28

The evidence presented above is indicative of null effects over the whole 2005-2013 pe-

riod. Nevertheless, null effects could mask subtle temporal patterns. In Figure 4, we explore

the evolution of treatment effects over time. Because positive effects of public works could take

time to manifest, and because public works received by beneficiary woredas naturally accumu-

28Magnitude of impacts are often compared across studies using standard deviations. In Table A4, we replicate
our results using a standardized outcome variable. We find point estimates of no more than 0.018 SD, with small
standard errors. Using the highest standard errors of Table A4, we estimate an MDES of 0.07 SD. Such an effect is
generally considered as small in the literature.
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Figure 4: Treatment effects over time

Panel A: Highlands

(a) Treatment (dummy) (b) Treatment (intensity) (c) Treatment (density)

Panel B: Lowlands

(d) Treatment (dummy) (e) Treatment (intensity) (f) Treatment (density)

Notes: Figures represent the evolution of treatment effects over time. Dotted vertical lines display PSNP roll-out.

late over time, we might expect to see a sustained increase in observed impacts over the course

of the program. In practice, we find no evidence of such an increase. Treatment effects in late

years are not particularly larger nor more significant than treatment effects in early years, and

importantly there is no obvious upward trend in estimated treatment effects over the period

considered in the analysis.

Finally, the impact of public works could be conditional on climatic conditions. In par-

ticular, the nature of PSNP works (e.g. land improvements, soil and water conservation mea-

sures) could help to mitigate adverse climate shocks such as droughts. For instance, a World

Bank report argues that “the works have been found to bring demonstrable benefits to farmers from the

conservation of moisture, which not only leads to visibly improved plant growth close to the bunds, but

also to an increase in ground water recharge such that dry springs have started to flow again and local

stream flows have increased” (World Bank, 2006). This improvement in water resources availabil-

ity and management could make beneficiary woredas more resilient to rainfall deviations. To

explore these potential effects, we incorporate a triple-interaction Treatedw× Postt× Rain f allwt
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in our main model.29 As can be seen from the signs of the triple-interactions, crop productivity

in beneficiary woredas seems to be less sensitive to rainfall (Table 5), which would be consis-

tent with the idea that the PSNP increased resilience to climatic conditions. However, evidence

on these effects remain limited as only one of the six interactions is significant at conventional

levels, which could reflect multiple testing issues.

Table 5: Triple difference

Highlands Lowlands

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

Post × Treatment (dummy) × Rainfall -0.005 -0.006
(0.005) (0.005)

Post × Treatment (dummy) 0.008 0.004
(0.007) (0.005)

Post × Treatment (intensity) × Rainfall 0.000 -0.005**
(0.002) (0.002)

Post × Treatment (intensity) 0.000 0.002
(0.002) (0.002)

Post × Treatment (density) × Rainfall 0.000 0.005
(0.004) (0.012)

Post × Treatment (density) 0.000 -0.003
(0.005) (0.010)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 4606 4606 4606 2268 2268 2268
R-squared 0.91 0.91 0.91 0.96 0.96 0.96

Notes: Annual rainfall expressed in meters. Standard errors in parentheses are clustered at the
level of the treatment (woredas). *** p<0.01, ** p<0.05, * p<0.1. See notes to Table 4 for other details.

5.2 Robustness checks

We first explore the robustness of our findings to five variations to the main specification: (i)

adding control variables to account for economic and demographic trends; (ii) using Oster

bounds to establish the likely degree of omitted variable bias (Oster, 2019); (iii) estimating

the main effects keeping woredas outside of the common support region; (iv) estimating the

main effects keeping the most treated woredas; and (v) estimating the main effects by eleva-

tion deciles instead of using an ad hoc cut-off to distinguish lowlands and highlands. Results,

presented respectively in Tables A5, A6, A7, A8, and Figure A3, are qualitatively unchanged.

Adding control variables, keeping woredas outside of the common support region, or keep-

ing woredas with higher treatment density, no coefficients become significant. Oster bounds

29We naturally also include all other relevant interactions.
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suggest that residual omitted variable bias is very small and unlikely to explain lack of effects

(Table A6). No clear pattern is visible from estimates by elevation deciles.

Then, we investigate alternative explanations for the observed effects. Two main stories

could threaten our interpretation: (i) a negative effect of PSNP transfers on agricultural produc-

tivity; (ii) an increase in net emigration from beneficiary woredas. Regarding the first threat,

as mentioned in Section 2, beneficiary households received cash or food transfers in exchange

for their participation in public works. This could be problematic for our estimates if these

transfers had a negative effect on agricultural productivity, creating a downward bias in the

estimates. We argue that it is unlikely to be the case for at least two reasons. First, the litera-

ture actually suggests that PSNP transfers had modest effects on crop productivity (Hoddinott

et al., 2012). Second, we investigate whether PSNP transfers could have diverted beneficiaries

from agriculture by testing whether the share of pixels cultivated in 2005 and still cultivated in

2013 are affected by the treatment. Table A9 suggests that the program had no such effects.

An increase in net emigration from beneficiary woredas could also introduce a down-

ward bias in the estimates by reducing the availability of labor for agriculture. Theoretically,

the impact on net emigration of a social protection program such as the PSNP is ambiguous.

On the one hand, it could increase emigration by relaxing financial and risk constraints (An-

gelucci, 2015; Gazeaud et al., 2019a). On the other hand, it could reduce emigration through

increased opportunity costs (Imbert and Papp, 2020), or increase immigration by making ben-

eficiary woredas more attractive to aspiring migrants. Because of a lack of data on migration

flows, especially at relatively disaggregated levels, it is empirically challenging to investigate

program effects on net emigration. Using panel data covering the 2006-2012 period, Hoddinott

and Mekasha (2020) find no evidence suggesting that participation in the PSNP led to an in-

crease in emigration. In fact, the authors find that the program significantly decreased emi-

gration of adolescent girls. Using data from the 2007 census, we provide suggestive evidence

that the program did not increase net emigration from beneficiary woredas in the early years

of the program.30 We first compute domestic immigration rates (per 1,000 individuals) for each

woreda over the 2000-2007 period, and then check whether the program had any effect using

the main specification from Section 4. As can be seen from Table A10, the program did not

seem to impact significantly immigration to beneficiary woredas. Because domestic immigra-

tion and domestic emigration are two sides of the same coin, and international migration flows

are negligible in rural Ethiopia,31 we argue that measuring the effect of the program on domes-

30A census was conducted in 2017 but data still have to be released.
31For example, in 2007, international immigrants represent only 0.1% of all Ethiopians and 0.8% of all immigrants

(authors’ estimates using data from the 2007 census).
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tic immigration is actually the reverse of measuring the effect of the program on net emigration.

The lack of impact on agricultural productivity does not appear to be explained by an increase

in net emigration from beneficiary woredas.

6 Conclusions

African countries are particularly vulnerable to climate change (Kurukulasuriya et al., 2006)

and farm households in these countries have notoriously few options to cope with climate

shocks (Fafchamps et al., 1998). Therefore, it leaves important responsibilities to policy makers

to build appropriate policies. In 2005, the Ethiopian government launched an unusually large

and durable public works program, called the PSNP, in the aim of mitigating the effects of

climate shocks and promoting long-term development through increased productivity. The

present paper provides novel evidence on the potential value of the infrastructure built under

the program. We rely on an original dataset covering whole Ethiopia over the 2000-2013 period,

and explore the effect of the program using difference-in-differences estimates in combination

with the inverse probability weighting method. Our result is a disappointing precise zero,

meaning that there is no discernible effects of the PSNP on crop productivity.

To test the validity of this result, we run several robustness checks. First, as Ethiopia has

important ecological disparities across its territory, we run separate regressions for highlands

and lowlands, using different thresholds. Estimates remain non significant and close to zero,

suggesting that null effects do not hide heterogeneous impacts along topographical character-

istics. Second, to check that our result is not driven by a lack of statistical power, we compute

the minimum detectable effect size and provide evidence that we would be able to detect even

small effects. We also compute Oster bounds and show that residual omitted variables are un-

likely to drive the lack of effect. Last, as the program could take time to produce benefits, we

estimate the effect of the PSNP on a year by year basis. Again, we find no evidence of positive

impacts even seven years after the beginning of the program. Finally, regarding the poten-

tial transmission channels, we provide suggestive evidence that neither internal migration nor

labor reallocation patterns explain the null effects.

Nevertheless, our results should in no way be interpreted as definitive evidence against

PWP. We focus here on the Ethiopian PSNP, a pioneering program which has inspired many

similar programs in other African countries (Subbarao et al., 2012). While evidence on this

program is of obvious interest, one should be cautious about generalizing from the PSNP to

other contexts. In addition, other infrastructures were built under the PSNP and they may

23



have brought benefits that do not necessarily show up on crop production, such as in the case

of road investments which may have caused important time savings (World Bank, 2010). Fi-

nally, we believe that further research is needed to better understand the results highlighted

in this paper. In particular, there is little we can say on the reasons that may explain the lack

of effects on productivity. Potential explanations relate to the low quality or lack of durability

of the infrastructure and to possible crowding-out effects on private investments in soil and

water conservation measures. For instance, there is evidence outside the PSNP that infras-

tructures generated in PWP can be inappropriate, of poor quality, or not maintained (Barrett

et al., 2004; Holden et al., 2006; Kaur et al., 2019; Gazeaud et al., 2019b), and that public works

can crowd-out private investments in land conservation measures (Gebremedhin and Swinton,

2001; Barrett et al., 2004). Formally addressing this question in the context of the PSNP requires

further data collection and is left for future research.
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Table A1: Agricultural activities undertaken by Ethiopia’s PSNP (2007-2009)

Project type Output

Land rehabilitated through area closure 167,150 ha
Soil embankment construction 91,454 km
Stone embankment construction 184,730 km
Seedlings produced 1,321,938,020
Seedlings planted 883,321,700
Nursery sites established and managed 1,114
Ponds constructed or rehabilitated 133,927
Water springs developed 3,684
Hand-dug wells constructed 1,262
Small-scale irrigation canal control or rehabilitation 5,746 km

Source: Authors’ elaboration from World Bank (2010) and Subbarao et al. (2012).
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Figure A1: Map of highlands and lowlands

Notes: Highlands are defined as land with an altitude of 1500m or more.
Source: Authors’ elaboration.

Table A2: Satellite and survey-based cultivated area

(1) (2) (3)
Cult. Area Cult. Area Cult. Area

(LSMS-ISA) (LSMS-ISA) (LSMS-ISA)
Cult. Area (MODIS) 0.080*** -0.016 -0.014

(0.022) (0.017) (0.018)
Woredas FE X X
Time FE X
Observations 482 482 482
R-squared 0.04 0.91 0.91

Notes: In columns (1)-(3), the dependant variable corresponds to the
overall cultivated area in woreda w at time t (with t = 2013 | 2015), de-
rived from the Ethiopian 2013 and 2015 LSMS-ISA surveys. An inverse
hyperbolic sine transformation has been applied to all variables. Stan-
dard errors in parentheses are clustered at woreda level. *** p<0.01, **
p<0.05, * p<0.1.
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Table A3: Determinants of the treatment

(1)
Treatment

Rainfall 0.060***
(0.015)

Rainfall2 -0.000***
(0.000)

Temperature 0.712***
(0.165)

Temperature2 -0.009***
(0.002)

Elevation 0.000
(0.000)

Slope 0.289***
(0.054)

Start growing season 0.695***
(0.197)

End growing season 0.719***
(0.209)

Total area 0.671
(0.757)

Cultivated area (% total area) 0.583
(1.043)

Population density 0.039***
(0.006)

Night time lights -1.862***
(0.251)

NDVI -7.173***
(2.253)

Observations 670
R-squared 0.44

Notes: The outcome variable is a dummy equal to one if the
woreda received the treatment. A logit estimator is used. Stan-
dard errors in parentheses are clustered at the woreda level.
*** p<0.01, ** p<0.05, * p<0.1.
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Figure A2: Map of propensity scores (common support)

Notes: Propensity scores are computed from Equation 2. Sample restricted to woredas on the common support.
Source: Authors’ elaboration.
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Table A4: Main results with standardized outcome

Highlands Lowlands

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

Post × Treatment (dummy) 0.018 -0.019
(0.024) (0.025)

Post × Treatment (intensity) -0.001 -0.010
(0.009) (0.008)

Post × Treatment (density) 0.011 0.000
(0.017) (0.019)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.00 0.00 0.00 -0.00 -0.00 -0.00
SD dependent variable 1.00 1.00 1.00 1.00 1.00 1.00
Observations 4606 4606 4606 2268 2268 2268
R-squared 0.91 0.91 0.91 0.96 0.96 0.96

Notes: Standard errors in parentheses are clustered at the level of the treatment (woredas).
*** p<0.01, ** p<0.05, * p<0.1. See notes to Table 4 for other details.

Figure A3: Treatment effects by elevation deciles

(a) Treatment (dummy) (b) Treatment (intensity) (c) Treatment (density)

Source: Authors’ elaboration.
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Table A5: Main results with extended controls

Highlands Lowlands

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

Post × Treatment (dummy) 0.001 -0.003
(0.002) (0.003)

Post × Treatment (intensity) 0.000 -0.001
(0.001) (0.001)

Post × Treatment (density) 0.001 -0.001
(0.001) (0.003)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 4606 4606 4606 2268 2268 2268
R-squared 0.91 0.91 0.91 0.96 0.96 0.96

Notes: Time varying controls include climatic variables (i.e. rainfall, temperature, and
their respective quadratic terms), night time lights, and population density. Standard errors
in parentheses are clustered at the level of the treatment (woredas). *** p<0.01, ** p<0.05, *
p<0.1. See notes to Table 4 for other details.

Table A6: Oster bounds estimations

Highlands Lowlands

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

Oster bounds [β̃, β?(Rmax, δ)]

Post × Treatment (dummy) [0.001, [-0.002,
0.001] -0.009]

Post × Treatment (intensity) [-0.000, [-0.001,
0.003] -0.003]

Post × Treatment (density) [0.001, [-0.000,
0.007] -0.007]

List of controls in the full model
Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 4606 4606 4606 2268 2268 2268
R-squared (full model) 0.91 0.91 0.91 0.96 0.96 0.96

Notes: β̃ corresponds to estimates using the full set of controls and β?(Rmax, δ) to bias-adjusted
estimates with Rmax = 1 and δ = 1 (see Oster (2019) for more details). See notes to Table 4 for
other details.
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Table A7: Main results with no restriction to the common support region

Highlands Lowlands

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

Post × Treatment (dummy) 0.000 -0.002
(0.002) (0.003)

Post × Treatment (intensity) 0.000 -0.001
(0.001) (0.001)

Post × Treatment (density) 0.000 0.000
(0.001) (0.002)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.53 0.53 0.53 0.47 0.47 0.47
SD dependent variable 0.09 0.09 0.09 0.16 0.16 0.16
Observations 6594 6594 6594 2786 2786 2786
R-squared 0.93 0.93 0.93 0.97 0.97 0.97

Notes: Standard errors in parentheses are clustered at the level of the treatment (woredas).
*** p<0.01, ** p<0.05, * p<0.1. See notes to Table 4 for other details.

Table A8: Main results keeping only the most treated woredas

Highlands Lowlands

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

Post × Treatment (dummy) 0.003 -0.004
(0.002) (0.004)

Post × Treatment (intensity) 0.001 -0.002
(0.001) (0.001)

Post × Treatment (density) 0.001 0.002
(0.001) (0.002)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 3178 3178 3178 1372 1372 1372
R-squared 0.92 0.92 0.92 0.97 0.97 0.97

Notes: Sample of treated woredas restricted to the most treated woredas (i.e. woredas
with above-average treatment density). Standard errors in parentheses are clustered at the
level of the treatment (woredas). *** p<0.01, ** p<0.05, * p<0.1. See notes to Table 4 for other
details.
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Table A9: Impacts on land conservation

Highlands Lowlands

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

Post × Treatment (dummy) 45.083 -17.478
(48.194) (80.225)

Post × Treatment (intensity) 22.056 -15.725
(22.454) (29.789)

Post × Treatment (density) -55.170 96.178
(33.846) (68.089)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 658 658 658 324 324 324
R-squared 0.94 0.94 0.94 0.91 0.91 0.91

Notes: The outcome variable corresponds to the number of pixels cultivated at time t and still
cultivated at time t + 1 (with t = 2001 | 2005 and t + 1 = 2005 | 2013). Standard errors in paren-
theses are clustered at the level of the treatment (woredas). *** p<0.01, ** p<0.05, * p<0.1. See notes
to Table 4 for other details.

Table A10: Impacts on migration

Highlands Lowlands

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

Post × Treatment (dummy) 0.015 -0.377
(0.013) (0.311)

Post × Treatment (intensity) 0.007 -0.114
(0.004) (0.088)

Post × Treatment (density) 0.010 -0.391
(0.008) (0.305)

Woredas FE X X X X X X
Time FE X X X X X X
Time-varying controls X X X X X X
IP-weights X X X X X X
Mean dependent variable 0.51 0.51 0.51 0.43 0.43 0.43
SD dependent variable 0.08 0.08 0.08 0.13 0.13 0.13
Observations 1568 1568 1568 664 664 664
R-squared 0.51 0.51 0.51 0.26 0.25 0.24

Notes: Authors’ calculations based on IPUMS 2007 data. The outcome variable cor-
responds to the immigration rate (per 1,000 individuals) for woreda w at time t (with
t = {2000, 2007}). Standard errors in parentheses are clustered at the level of the treat-
ment (woredas). *** p<0.01, ** p<0.05, * p<0.1. See notes to Table 4 for other details.
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