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Introduction

I.1 Thesis Outline

The recent COVID-19 pandemic has demonstrated how interconnected our world to-
day is. The closure of borders in many countries, restriction of travel and the disrup-
tion of supply chains have reminded many people of the luxury that free travel is and
the costs that an interruption of the flow of goods entail. At the same time, the global
economy held its breath over a vessel, which, stuck in the Suez Canal, single-handedly
caused massive delays in international shipments. Anthony Fauci, the Chief Medical
Advisor to the president of the United States, stated that “The world is a place that is
so interconnected that what happens in another part of the world will impact us.”. The
pandemic has showcased the accuracy of this statement - not only in relation to health,
but also to our economic system as a whole.1

Global interactions, interrelations and inter-dependencies, or globalization, in its many
facets, has long been at the center of economic research and public debate (Banerjee
and Duflo, 2019). The effects of economic integration and the removal of trade barriers
have been studied for decades (Ricardo, 1817; Amiti and Konings, 2007; Goldberg and
Pavcnik, 2007; Topalova and Khandelwal, 2011). Naturally, globalization is not merely
related to the flow of goods (Dreher, 2006). It is impossible to imagine a world today
without financial flows, for instance in the shape of investments, remittances or aid
(Giuliano and Ruiz-Arranz, 2009; Bruno and Shin, 2015; Rey, 2015; Dreher and Lan-
glotz, 2020). Migration, as one of the most visible aspects of globalization, significantly
shapes political discourses (Alesina et al., 2018; Dustmann et al., 2019).2

Not only the spread of people has increased substantially, but also of ideas and social
norms (Kis-Katos et al., 2018; Zhuravskaya et al., 2020). In that sense, when thinking
about our intertwined global society, for most people, most likely new technologies
come to mind before trade. The spread of fast internet and the emergence of social

1How intertwined these two are is best exemplified by the closure of major cargo ports in Southern China
related to COVID-19 outbreaks, which caused large-scale congestions and delays in deliveries.

2Global migration flows have not increased between between 1960 and 2000, but migration is concen-
trated on fewer destination countries (Czaika and De Haas, 2014). However, in general, there is a mis-
conception about the share of migrants and their characteristics (Alesina et al., 2018).
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media have made the world a ”global village” (McLuhan et al., 1968). Technologi-
cal advancements are happening at increasingly faster rates; as the famous ”Moore’s
Law” predicted, the number of transistors on integrated circuits increases exponen-
tially, roughly doubling every two years (Moore et al., 1965). A vast literature has ex-
plored how new technologies have shaped societies, the international economies and
labor markets, for instance in relation to electrification (Dinkelman, 2011), the spread
of internet (Hjort and Poulsen, 2019) or the rise of automation technologies (Graetz and
Michaels, 2018; Acemoglu et al., 2020).

This dissertation investigates how indirect and subtle effects related to international
trade and technological change affect international economic development and the
well-being of individuals in developing countries. The world is interconnected to a
degree that changes in policies or drastic events happening in one or between multiple
countries can have far-reaching effects on other, not directly targeted or affected coun-
tries. Such indirect effects in relation to globalization are most often studied in relation
to trade agreements or production networks. Dai et al. (2014) show that countries
signing trade-agreements trade more with each other, and less with other countries.
Therefore, trade flows relocate away from countries not directly involved in the agree-
ment. Furthermore, idiosyncratic shocks to one firm, location or sector can have neg-
ative consequences for other firms and customers through upstream and downstream
supply chains (Acemoglu et al., 2016; Barrot and Sauvagnat, 2016). Since production
networks today span across borders, such shocks can cause ripple effects through the
international economy. For example, quite literally, Boehm et al. (2019) show that an
earthquake in Japan disrupted production of affiliate firms in the USA, as the supply
of inputs fell substantially. Also new technologies, which for instance alter production
systems, may induce transformations beyond the location of their operation (Graetz
and Michaels, 2018; Krenz et al., 2021), and those which introduce new applications
may create new opportunities beyond their primary field of use (Aker and Mbiti, 2010;
Suri, 2017). Figure I.1 illustrates the outline of the thesis. The two overarching themes,
technology and trade in the context of development, are studied together or separately
in each of the three chapters. Moreover, each study marks a different level of analysis,
from the micro-level in chapter 1, to the macro-level in chapter 3.

Figure I.1: Thesis outline

Chapter 2:
Solar panels,

business
and shocks

Technology

Chapter 1:
Automation,
employment

and trade

Trade

Chapter 3:
Civil war
and trade
relocation

Micro Meso Macro
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Introduction

The first study combines the two themes at the meso-level: It shows that the uptake
of automation technologies around the globe leads to lower employment rates in the
manufacturing sector in Brazil and higher employment rates in extractive industries.
The main channel through which automation in other countries affects local labor mar-
kets in Brazil is via input-output linkages and a shift in global trade patterns. Chapter
two shows how a new technology, namely solar panel home systems, is used by farm-
ers in rural areas to generate income after experiencing agricultural shocks, by provid-
ing energy to run small-scale businesses. Chapter three returns to the topic of trade.
It analyzes how a civil war in one country alters trade-flows between two other, not
directly affected countries.

Methodologically, this thesis uses a variety of estimation techniques, types of data-sets
and levels of observation. Estimation strategies include the shift-share approach, in-
strumental variables, high-dimensional fixed effects models, gravity-estimations and
general equilibrium analyses. On the micro-level, chapter 2 combines individual-level
and high-frequency data with machine learning techniques to identify certain types
of behavior from electricity consumption patterns. Furthermore, geo-referenced cli-
matic indicators are used to define local agricultural shocks in Tanzania. For chapter
1, I combine a rich administrative employee-level data-set, regional trade-flows and
global data on sector-level robots to calculate the exposure of local labor markets in
Brazil to domestic and foreign automation. Chapter 3 takes a macro-level perspective,
analyzing trade flows of 180 countries. In the study, we develop a method which al-
lows to estimate how an isolated shock, here in the form of civil wars, affects two other
countries within a Structural Gravity framework (Yotov et al., 2016b). In the following,
each of the chapters is summarized in more detail.

I.2 Summary of Chapters

Chapter 1 In the first paper of this thesis, I investigate how the growing robotization
of the global economy affects an emerging economy, namely Brazil. Developing and
emerging economies may be especially vulnerable to automation technologies, due to
the large share of lower-skilled workers engaging in routine-manual tasks (Maloney
and Molina, 2016). However, up-to-date, research on the effects of automation has fo-
cused primarily on industrialized economies. Even though developing and emerging
economies themselves have adopted relatively few robots, robots in other countries
may already indirectly affect their labor markets (Krenz et al., 2021; Faber, 2020). The
paper first develops a theory of how robot adoption in domestic and foreign industries
may have differential effects on local labor market employment. I then empirically
study these effects for the case of Brazil. The identification strategy is based on a shift-
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share approach and instrumental variables. The exposure of local labor markets to
domestic automation is constructed by combining sectoral stocks of robots with the
initial industry-employment distribution within local labor markets and inter-sectoral
linkages within Brazil. Input-output linkages between local labor markets and foreign
industries are used to construct an index of exposure to foreign automation. Figure I.2
shows the regional variation in the change in the exposure to domestic (panel (a)) and
foreign (panel (b)) robots, with darker colors representing a larger exposure. While
the regions in the industrial areas in the Southeast of Brazil are especially exposed
to domestic and foreign robots, there is quite some regional heterogeneity in the two
measures.

Figure I.2: Regional exposure to domestic and foreign robots

(a) Change in regional exposure to
domestic robots (1994-2014)

(b) Change in regional exposure to
foreign robots (1994-2014)

The empirical results demonstrate that automation in export destination countries leads
to declining employment in the manufacturing sector in Brazil and an increase in em-
ployment in the extractive, or mining, sector. These shifts are driven by changes in
the demand for export goods: Regions more exposed to foreign automation face on
average declines in exports of manufacturing goods, while exports of raw materials in-
crease. These findings indicate that automation in industrialized economies increases
their production in the manufacturing sector, thereby lowering the demand for imports
of such goods. At the same time, larger production requires more inputs, mirroring ris-
ing exports of raw materials. Domestic automation in turn is found to benefit higher
skilled and female workers. The results are robust to a number of robustness tests
and alternative specifications. The findings demonstrate how technological change in
industrialized countries may cause premature deindustrialization and developmental
setbacks in developing and emerging economies.

4



Introduction

Chapter 2 The second chapter of my thesis, co-authored with Krisztina Kis-Katos,
Friederike Lenel and Christoph Weisser, studies whether a relatively new technology,
namely small-scale solar panel home systems, can help farmers in rural areas of Tan-
zania to mitigate income losses induced by agricultural shocks. Social safety nets and
off-farm income generation possibilities are often not available in rural areas, leaving
farmers vulnerable to such shocks (Dercon and Krishnan, 1996; Barrett et al., 2001). To
explore whether solar panels enable farmers to generate additional income, we make
use of high-frequency data on loan repayments and electricity usage that we obtain
from a solar panel company which operates in East Africa. Combining electricity con-
sumption patterns and a small survey that includes questions on the types of appli-
cation of the solar panel, we predict the likelihood of customers using the solar panel
for business purposes with supervised machine learning methods. Figure I.3 displays
different electricity consumption patterns of 2 labeled private and 2 labeled business
users over the course of an exemplary day. In general, business users have a larger
consumption of energy, especially in the early and late evening hours. But the types of
businesses differ; business user 2 requires more energy during the day, while business
user 1 powers appliances only in the evening. Such patterns allow us to identify days
on which customers are likely to use their system for business purposes outside of the
labeled survey data.

Figure I.3: Electricity use patterns of selected customers

In addition, we use deviations from long-term geo-referenced vegetation indices to
identify agricultural shocks. The regional heterogeneity of such shocks is depicted in
Figure I.4, where darker red colors indicate a stronger deviation in plant health in 2017
as compared to the long-term average.

Three main results follow from our analysis: First, we find that agricultural shocks lead
to income losses for farmers. Second, after such shocks, farmers are more likely to use
their solar panel home system for business purposes. Third, using the system for in-
come generation reduces the magnitude of the negative income shock. These findings
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Figure I.4: Agricultural shocks in 2017

suggest that solar panels can help farmers to cushion income losses from agricultural
shocks. Furthermore, we find that farmers with fewer resources and who live in more
remote areas are more likely to adjust the way they use their solar panel, and that
this adjustment is only a short-term strategy. With increasingly frequent and severe
climatic stress events, strategies to mitigate income shocks will become increasingly
important. Low-cost and flexible solar panels are a promising way to provide means
for income generation in areas where access to electricity and off-farm employment
opportunities are scarce.

Chapter 3 In the third study of my thesis, which is joint work together with Tobias
Korn, we develop a novel method which allows to directly estimate how a shock in
one country may affect other countries, that the shock does not immediately concern.
It is derived from the structural gravity model of international trade and translates
the triadic relationship between a conflict country and an exporter-importer pair into
an estimable dyadic relationship. More specifically, we construct triadic relationships
based on the conflict country having been an important exporter for a given importer,
and another exporter having a similar production structure as the conflict country. The
logic behind this relationship is that an importer, for which an important exporter can
no longer provide goods due to the onset of a civil conflict, will look for other exporters
producing similar goods. We allocate countries with a similar production structure
into clusters, which is depicted in Figure I.5 for the year 2005. The map shows which
countries are defined as similar, for instance Canada and several European countries,
or Brazil, India and Australia.
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Figure I.5: Export similarity clusters

We thereby extend the literature on trade relocation effects. Such effects have so far
been estimated either in a dyadic, partial equilibrium framework, for instance with
only one country joining a trade-agreement (Dai et al., 2014; Mattoo et al., 2017), or in
a general equilibrium, case-study type of analysis (Anderson et al., 2018a; Felbermayr
et al., 2019a). We take this method to data in a structural gravity framework. The esti-
mation results show that importers divert trade flows from conflict countries to alter-
native export partners in the agricultural, manufacturing and minerals sectors, but not
in the fuels sector. This trade diversion effect persists up to 9 years after civil conflicts
end. Complementing this finding, trade diversion fosters market integration via trade-
agreements among affected trade-partners. The findings indicate a double penalty of
civil conflict. In addition to the immediate costs and dire consequences of conflicts on
the society and economy, economic recovery of conflict countries is hindered by the
fact that supply chains are manifested between other countries. Our method is vari-
able and applicable to many other research topics. For example, it possible to study
how climatic shocks affect trade relations between other countries. Our method can be
applied and extended to other outcomes than trade, such as FDI or migration flows, or
other one-sided shocks, such as droughts or natural disasters.

The findings of the individual chapters highlight how important it is to take into ac-
count the indirect and unintended consequences that small- and large-scale events and
actions have in the global economy. The rise of automation technologies already today
affects developing and emerging economies. A civil war in one country leads to, under
certain conditions, increasing trade-flows and economic integration between two other
countries, resulting in a double penalty for nations in conflict. On a more positive note,
small-scale and low-cost solar panels do not only contribute to electrification in rural
and poor regions, but can also provide the means for farmers in rural areas to cope
with income shocks.
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Chapter 1

Automated Deindustrialization: How
Global Robotization affects Emerging
Economies - Evidence from Brazil

Abstract This paper investigates how domestic and foreign automation impact an
emerging economy. The empirical analysis builds on a shift-share approach, exploit-
ing differences in regional industrial compositions, inter-sectoral input-output connec-
tions and differential linkages of local labor markets to foreign industries. Instrumen-
tal variables account for endogeneity in robot adoption. Larger exposure to foreign
automation is found to decrease the manufacturing employment ratio and increase in
the mining sector employment ratio. These shifts are driven by changes in the demand
for export goods from local labor markets. Domestic automation has lesser effects, but
benefits higher skilled and female workers.

JEL classification codes: O10, O14, O19, O33, J23
Keywords: automation, development, trade, employment
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1.1 Introduction

The emergence of robots and automation technologies has been one of most impactful
global developments in recent years. While the discussion about the labor-replacing
effects of robotics is centered around advanced economies, also less technologically-
advanced countries may already be directly or indirectly affected by the rise of automa-
tion. Declining prices of robotics reduce production costs especially in industrialized
countries, increasing competition in exporting markets for developing and emerging
economies. As a consequence, production and employment in these countries could
shift to light manufacturing, raw-material extraction and the service sector (Rodrik,
2016).

This paper analyzes whether automation taking place domestically and in more indus-
trialized countries has induced such trends in Brazil, a resource-rich emerging econ-
omy. The declining manufacturing share in GDP and changing export composition
illustrate that there has been a deindustrialization trend in Brazil (Jenkins, 2015).1 In
the early 2000’s, Brazil had a relatively diverse export structure, both in terms of ex-
port destinations and producing sectors. It has however become increasingly reliant
on primary goods.2 The recession that hit Brazil in 2014 as a consequence of the col-
lapse of international commodity prices can at least to some part be attributed to the
concentration on mineral extraction as compared to other industries and revealed the
dangers of such an economic development (Spilimbergo and Srinivasan, 2019).

The empirical analysis of this paper is based on a Ricardian model of trade with pro-
duction of intermediate and final goods, in which domestic robots replace labor in
certain industry specific tasks. The model shows that foreign automation affects local
labor markets (LLMs) through changing expenditures on intermediate and final goods
in the global economy. Lower production costs increase exports from automating in-
dustries and at the same time increase demand for intermediate goods and raw mate-
rials. Thus, automation in advanced economies indirectly affects less technologically-
advanced countries. These direct and indirect mechanisms are empirically tested by
exploiting differential exposures of LLMs to domestic and foreign automation. Sectoral
stocks of robots, the initial industry-employment distribution within LLMs and inter-
sectoral linkages within Brazil compose the domestic robot exposure. Input-output
linkages between LLMs and foreign industries are used to construct an index of expo-
sure to foreign automation. Instrumental variables (IVs) for domestic and foreign robot
exposure, which build on the incentives and feasibility of industries to automate, ac-

1See Figure 1.A.1 in the Appendix.
2In 2000, after Brazil’s trade liberalization, the largest exporting sectors were transportation and machine
manufacturing, while mineral products made up only 8% of exports (Simoes and Hidalgo, 2011). In
2014, exports of mineral products rose to 22%, while transportation and machine manufacturing to-
gether made up less than 15%.
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1 Automated Deindustrialization

count for endogeneity in the decision to use robots.

The results demonstrate that increased usage of robots in advanced economies leads
to employment shifting from higher value-added manufacturing industries to lower
value-added raw-material extraction activities in Brazil. Foreign automation more-
over causes the same pattern for sectoral exports from LLMs, suggesting that shifts in
demand for export goods are causing employment changes. Conversely, employment
in foreign owned companies does not change. Changes in employment thus are not
caused by the direct replacement of workers through robots in multinational compa-
nies. Regions with an average change in the exposure to foreign robots experience a
0.043 percentage point slower growth in their manufacturing employment ratio and
a 0.042 percentage points larger growth of the employment ration in the raw materi-
als sector. Exposure to domestic automation has lesser effects. However, female and
higher-skilled workers gain in terms of employment ratios, suggesting skill comple-
mentary with the new technology.

The literature about automation has mostly been focused on developed countries,
while there is little evidence as to how emerging economies are affected by roboti-
zation.3 Evidence about the latter is almost exclusively centered around the notion of
"reshoring".4 As robots become cheaper, it may become more profitable for firms in
industrialized countries to shift back production facilities from developing countries.
Carbonero et al. (2018) document that advanced economies decrease their offshoring
activities, which has a negative employment effect for emerging economies. Similarly,
Krenz et al. (2021) find that robot adoption leads to reshoring, benefiting high-skilled
workers in advanced economies. Using data on LLMs in the USA, Bonfiglioli et al.
(2021) find that automation has a weaker labor displacement effect in commuting zones
that are more exposed to offshoring. The authors conclude that automation induces
reshoring and displaces labor in non-offshorable occupations. Faber (2020) demon-
strates that robot adoption in the United States leads to reshoring of production enti-
ties from Mexico. As a consequence, employment in LLMs in Mexico declines.5 Also
studying the impact of automation in the United States on labor markets in Mexico,
Artuc et al. (2019b) document lower exports of consumption and intermediate goods
from Mexico, consistent with reshoring patterns. The authors however don’t find that

3Studies have for instance shown that automation in industrialized countries has a labor-replacing effect
(Graetz and Michaels, 2018; Bessen et al., 2019; Acemoglu and Restrepo, 2020) and increases output and
profits (Koch et al., 2019; Acemoglu et al., 2020; Aghion et al., 2020).

4There are several studies which look at the broader theme of occupational shifts, which are at least partly
attributed to skill-biased technological change, in developing and emerging countries (Maloney and
Molina, 2016; Apella and Zunino, 2017; Brambilla and Tortarolo, 2018; Brambilla et al., 2021; Gasparini
et al., 2021; Messina and Silva, 2021).

5Cortes and Morris (2020) neither find evidence for offshoring of middle-skill routine manual tasks
within industries from the USA to Mexico, nor that workers with such tasks are replaced through the use
of Mexican intermediate inputs. This is taken as suggestive evidence for new technologies substituting
labor in tasks, but could also be driven by offshoring to third countries, such as China.
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these changes in exports have consistently led to employment declines in Mexico.

Less attention has been paid to linkages between developing and developed countries
aside from specific offshoring activities, but rather through global trade flows. That a
substantial share of exports from developing countries can potentially be produced by
robots in advanced economies is documented by Artuc et al. (2019a). The authors show
that automation increases net-exports in the Global North, but does not harm exports
from commodity exporters, as there is a larger demand for raw material inputs and
intermediate goods.6 While higher foreign demand for raw materials might be ben-
eficial for emerging economies with natural resources in the short-run, lower value-
added production can hinder growth in the long-run and increase the likelihood of
deindustrialization and getting caught in a resource trap. Up to date, these effects have
however not been empirically shown.7 This paper is the first to provide evidence of
how automation in advanced economies affects an emerging economy through input-
output linkages. The findings are in line with the notion of global automation inducing
deindustrialization and a focus on raw-material extraction in emerging economies (Ro-
drik, 2016).

The rest of the paper is structured as follows. In Section 1.2, the theoretical model and
empirical strategy is developed. Section 1.3 gives a short overview of the different
data sets used in the analysis. Thereafter, Section 1.4 estimates the effects of domes-
tic and foreign automation on LLMs in Brazil and runs a number of robustness tests,
such as tests for the validity of the shift-share estimation (Adão et al., 2019; Goldsmith-
Pinkham et al., 2020; Borusyak et al., 2018), a pre-trend analysis and alternative empir-
ical specifications. Section 1.5 concludes.

1.2 Theory and Empirical Strategy

1.2.1 Theoretical model

This section develops a model which identifies how domestic and foreign automation
affect local labor markets. The model builds on Artuc et al. (2019a), Caliendo and
Parro (2015) and Acemoglu and Restrepo (2020). Regions in Brazil are denoted by r,
foreign economies by j, with there being J regions and countries overall.8 There are K

6Similarly, Aghion et al. (2020) find that robot-adoption increases profits and production of exporting
firms in France, which can reduce costs and serve a larger international market. Cilekoglu et al. (2021)
provide evidence that firms which adopt robots indeed increase imports of intermediate goods.

7Kunst (2020) descriptively shows that changes in the occupational composition in developing countries
do not point to deindustrialization. However, the author does not look at specific shocks, but rather at
broad changes within economies.

8As in Autor et al. (2013) and Acemoglu and Restrepo (2020), workers are immobile between regions and
countries, but can move between industries.
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1 Automated Deindustrialization

industries, represented by i (own industry) and k (partner industry). The production
stage s of intermediate goods is defined as s = 1 and of final goods as s = 2. Households
in region r maximize utility by consuming final goods, given by a Cobb-Douglas utility
function

Ur =
K

∏
i
(Q2

ri)
γri , (1.1)

where ∑i γri = 1 and Q2
ri is the demand of final goods of industry i in region r. House-

holds receive income by supplying labor Lri at wage wL
ri. Firms in region r produce

varieties ω ε [0, 1] as intermediate goods or final goods. Firms use three inputs for
production: Capital F, a task input T and intermediate inputs Q1, including raw mate-
rials.9 The Cobb-Douglas production function of variety ω is

qri(ωi) = zri(ωi)Fri(ωi)
αF

ri

K

∏
k

Q1
rik(ωi)

αM
rik Tri(ωi)

αT
ri . (1.2)

The parameter αM
rik denotes the share of inputs used from industry k for the production

of variety ωi, where ∑k αM
rik = 1− αF

ri − αT
ri (Caliendo and Parro, 2015). Intermediates

from other industries can be used for the production in industry i, permitting to ex-
amine important Input-Output (I-O) patterns. The efficiency of production in region
r industry i is drawn from the Fréchet distribution as in Eaton and Kortum (2002) and
given by zri.10 Due to the probabilistic distribution of technology, countries and sectors
have different levels of productivity. As in Caliendo and Parro (2015), λri denotes the
location parameter varying by country and sector, and θi the shape parameter, which is
the industry specific variation of efficiency in production. Varieties ωi can be sourced
from international suppliers.11 The expenditure share of country j on goods from re-
gion r and industry i can thus be written as

πjri =
λri
[
(criτrji)

]−θi

∑
h

λhi
[
(chiτhji)

]−θi
, (1.3)

where τrji are iceberg-type costs per unit shipped between region r and country j and
cri is the cost function of producing ωi.12

Tasks Tri in production are allocated between human labor and robot capital in the

9As in Artuc et al. (2019a), the intermediate good Q1 is used only as a production input, while Q2 is
consumed by households.

10See equation 1.A.5 in the Appendix.
11The production technology is an aggregator as in Caliendo and Parro (2015), see equations 1.A.2 and

1.A.4 in Appendix 1.A.2 for further derivations.
12See equation 1.A.1 in the Appendix.
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continuum b ε [0, 1]. There is an automation frontier, which is given by Ci. This cut-off
defines the advancement in robot technology in industry i, which, due to technological
diffusion, is the same across the world. Let labor be defined as L and robots as R
with the productivity of labor being γL(b) and of robots γR(b).13 With γL(b)/γR(b)
increasing, labor has a comparative advantage in tasks which are closer to 1 (Acemoglu
and Restrepo, 2020). Tasks from 0 to Ci can be performed by robots or human workers,
where producers will choose the, productivity-adjusted, cheaper input.14 Unit labor
costs are given by wL

ri and robot rental price per unit by wR. If γR(b)wL
ri/γL(b)wR > 1,

a robot will be used to complete task b (Artuc et al., 2019a). Therefore, tasks for which
robots are used differ among regions and countries. Less developed economies are less
likely to employ robots than industrialized countries, as wages are much lower. As the
adoption of robots changes the share of workers, production costs change according to

cri = ψri fri
αF

ri
K

∏
k

p1
rik

αM
rik

(
C′ri

wR

γR
+ (1− C′ri)

wL
ri

γL

)αT
ri

, (1.4)

where fri is the rental rate for capital and P1
rik the price of intermediate goods. Automa-

tion thus affects international sourcing and trade through (1) a shift in trade patterns
(as can be seen by plugging in equation 1.4 into equation 1.3) and (2) by increased
productivity and higher demand (demonstrated when plugging in equation 1.4 into
equation 1.2).15 Labor market clearing implies that labor income equals the labor’s
share of region r’s and industry i’s share of exports and domestic sales (Eaton and
Kortum, 2002), such that, analogous to Acemoglu and Restrepo (2020),

wL
riLri = αT

ris
L
riPri ∑

j
Ejri, (1.5)

where ∑j Ejri is the expenditure for goods of industry i and region r from all countries
and regions, sL

ri is the share of labor in production and Pri is the unit price of the com-
posite good.16 As goods can be sourced internationally, demand for goods of industry
i in region r is made up of demand for final and intermediate goods from all countries.
Plugging the share of labor in production tasks, expenditure shares from equation 1.3

13For simplicity, I here abstain from modelling labor of different skill levels. As in Acemoglu and Restrepo
(2018), high-skilled labor could be modelled to be complementary in robot technology and low-skilled
labor to be substitutable.

14See Appendix 1.A.2 for further derivations.
15Aghion et al. (2020) for instance show that automation induced productivity and output gains in France

are driven by exporting firms. Artuc et al. (2019a) present a formal derivation of these two channels.
16See equations 1.A.7 and 1.A.10 in the Appendix.
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and cost funtion 1.4, taking logs and differentiating equation 1.5 yields17

dlnLri =
−dC′ri

(1− C′ri)
−
(

1
αT

ri
− 1

)
dlnPri + dln ∑

j
Ejiπ

θiαT
ri

1+θiαT
ri

rji
1

1 + τrji

+
1

αT
ri

dln ∏
k

p1
rik

αM
rik .

(1.6)

Equation 1.6 shows the differential effects of automation on changes in employment
in region r and industry i. The first term, −dC′ri/(1− C′ri) captures how changes in
domestic automation increase the threshold C’ and thereby decrease labor in some
tasks.18 The second term is what Acemoglu and Restrepo (2020) call the ’composition
effect’, industries expanding at the expense of others. The summation term reflects
changing expenditures for goods from region r from all countries and regions induced
by automation, which also includes gains in productivity through automation. As
automation reduces costs and thereby prices in certain industries, other countries shift
their expenditures towards the cheapest supplier, which is captured by changes in πrji.
At the same time, automation increases productivity and therefore overall expenditure,
which leads to an increase in Eji. The last expression reflects the complementarity
between the expenditure on inputs and required labor in production. Consider an
industry i in region r automating. On the one hand labor is displaced by the new
technology. At the same time, as production costs decrease, demand increases in the
global economy. The higher production in turn increases labor demand (Acemoglu
et al., 2020). Now consider a foreign country automating. A decrease in the robot rental
rate wR decreases production costs especially in developed countries, where wages
are higher a priori. As production becomes cheaper, manufacturing of certain goods,
intuitively more complex goods, shifts to these countries. To produce these goods,
more raw materials and intermediate goods are required. Since it is neither cheaper nor
feasible to produce everything, some goods will still be sourced from less developed
economies, where wages are lower and (other) natural resources available. Thus, even
if a country doesn’t automate itself, it will still be affected by foreign automation.

17Fixed capital is exogenously given as in Acemoglu and Restrepo (2020). Equation 1.A.11 in the Appendix
displays the equation without taking logs and differentiating.

18I here abstain from the possibility that automation may create new tasks, which is described in Ace-
moglu and Restrepo (2019b).
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1.2.2 Empirical Specification

Equation 1.6 is the basis for the empirical specifications capturing how domestic and
foreign automation affect employment in Brazil. It has been well established in the lit-
erature that workers are imperfectly mobile across space, but move between industries
(Autor et al., 2013; Dix-Carneiro and Kovak, 2015; Kovak, 2013). Therefore, LLMs are
used as the unit of analysis instead of industries.19 In order to estimate the effects of
robot adoption on labor markets, a shift-share approach translates the industry-level
increases in robots to regions in Brazil.20

To map industry-level increases in robot stocks to the regional level, the change in these
stocks are weighted with the initial share of each industry’s employment in the region.
Exposure to domestic automation is defined as

REdom
r = ∑

i

Lri,1994

Lr,1994

dARBra,i

Li,1994
, (1.7)

where the left fraction on the right-hand side denotes the ”share” of the shift-share op-
erator, namely the initial share of employment in industry i in micro-region r.21 The
”shift” is the change in the adjusted sectoral stock of robots dARBRA,i per 1000 workers.
The stock of robots is adjusted with an additional weight to account for input-output
linkages, which is explained in more detail in Appendix 1.A.3. The adjustment takes
into account that robots in one sector will affect other sectors within the economy. As
an alternative specification, robot exposure without input-output adjustments, i.e. sim-
ply inserting the sectoral stock of robots dRBRA,i instead of adjusted robots dARBRA,i,
will be used in the empirical analysis. Comparing these two measures, coupled with
an analysis of regional GDP growth, allows to tentatively disentangle the replacement
and productivity effects of domestic automation, described in equation 1.6. The adjust-
ment moreover accounts for the composition effect described above. The main specifi-
cation used throughout the paper are stacked-differences between 1994, 2004 and 2014.
Other specifications, such as long-differences between 1994 and 2014, are used to test
robustness of the main results.

The decision to use robots in production is most likely a choice of cost-savings and
quality of production (Acemoglu and Restrepo, 2019a). Since these factors clearly
depend on local labor market conditions, the above defined exposures to robots are

19In addition, more variation between regions than between industries can be exploited in the data, which
is described below.

20Shift-share specifications have been implemented in similar contexts for instance by Acemoglu and Re-
strepo (2020), Faber (2020) and Dauth et al. (2017).

211994 is the first available year in the data that I can use, due to different region and industry classifica-
tions before. Borusyak et al. (2018) discuss the shift-share design using panel data, specifically whether
to use yearly industry shares or an initial share. In the case of serial correlation in the data, which in the
automation data is present, the authors advocate using initial shares.
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susceptible to endogeneity concerns. An IV following the instrument introduced by
Graetz and Michaels (2018) is used to mitigate these concerns. The IV is constructed
by substituting domestic robots dRi in equation 1.7 with the term

dARIVdom
i = dR ai,1994, (1.8)

where dR is the change in the global stock of robots, a proxy for the price decline in
robots (Artuc et al., 2019a). The global decline in robot prices is exogenous to single
countries and industries and is interacted with the share of ”automizable” workers
in industry i in 1994 (incentive to automate), ai,1994.22 A worker is defined to be ”au-
tomizable”, if the description of the occupation’s task matches the description of robot
applications (International Federation of Robotics, 2018). The instrument makes use
of exogenous time-variation, which is interacted with a cross-sectional variable to pre-
dict in which industry robots are likely to be installed. In addition, an alternative
instrument is used, which exploits the average number of robots in other emerging
economies in the data set as an exogenous source for technological progress, as it is
very unlikely that robot adoption in these countries is driven by changes in the Brazil-
ian labor market.23

Automation abroad can have differential effects on employment in Brazil, through
changing expenditures on goods from different industries. Naturally, not all regions
are equally exposed to foreign automation. Therefore, changes in foreign robots are
weighted by a measure of how important exports of each LLM to a foreign industry
are for the region’s GDP.24 Regional exposure to foreign automation is defined as

RE f or
r = ∑

j
∑

i

Xrji,2000

Gr,2000
dARji, (1.9)

where Xrji,2000 are exports of industry i in region r to country j in the year 2000 and
Gr,2000 is the region’s GDP for this year. The ”share” thus now is not the initial share of
industry employment in micro-region r, but measures how exposed a micro-region is
to a sector in a foreign economy. The term dARji is the change in the adjusted foreign
robots per workers, as explained in Appendix 1.A.3. Analogous to the measure of
domestic robots, the adjustment takes into account that exports from one sector can
be used for production in different industries abroad. This constitutes a novel way of

22To again account for input-output linkages, ai,1994 again includes the inter-sectoral adjustment term laid
out in Appendix 1.A.3.

23These other emerging economies are India, Indonesia, Turkey, and Mexico. Similar instruments have
been used by Acemoglu and Restrepo (2020), Faber (2020) and Micco (2019).

24Hakobyan and McLaren (2016) introduce a measure capturing the vulnerability of each local labor mar-
ket in the United States to NAFTA, by using geographic variation in the exposure to imports from
Mexico. A similar approach is used here.
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measuring exposure to foreign automation. Putting equation 1.9 into words, a region
in Brazil will be more affected by foreign automation if its goods are exported to a
higher automating industry and if these exports make up a large share of region r’s
GDP.25

The variable RE f or
r reflects how foreign automation affects more exposed regions in

Brazil through changing expenditures.26 Artuc et al. (2019b) use a similar shift-share
measure for foreign robot exposure, which accounts for the share of exports from re-
gions in Mexico to the United States. The measure developed here furthermore ac-
counts for input-output linkages between sectors and multiple trade-partners. Expo-
sure to foreign robots may also be endogenous if local labor market conditions directly
affect foreign firms’ automation decisions. While improbable, high prices of export
goods from Brazil could induce foreign firms to use robots, to lower costs. It is unlikely
that a local labor market in Brazil will have such impact on global markets, however, to
rule out endogeneity concerns, an IV for foreign robot exposure is used as a robustness
test in the empirical analysis. The instrument is explained in more detail in section
1.A.3 in the Appendix.

The main estimation equation is a stacked-difference regression defined as

dYrt = β0 + β1dREdom
rt + β2dRE f or

rt + χr + γmt + εr, (E.1)

which is estimated via OLS and a two-stage least squares procedure, with the above
defined instrument for dREdom

r being estimated in the first-stage. dYr denotes the out-
come variable of interest. The main outcomes are changes in employment, for instance
by sector, between 1994, 2004 and 2014 at the micro-region level in Brazil. The vector
χr includes a set of initial micro-region characteristics which could also affect labor
demand. Moreover, state-year fixed effects γmt are used to control for unobserved
confounders over time on the state level. For instance, policies and local spending
decisions are administered in states in Brazil. Table 1.A.1 in the Appendix presents
summary statistics of the main outcome variables and covariates. All variables’ means
are shown over all regions, as well as in regions which are below and above median
exposed to domestic and foreign automation. As could be expected, regions differ for
instance in terms of employment and GDP.

25One caveat with the available data is that the year 2000 is the first point in time in which regional ex-
ports, regional GDP, input-output linkages between two industries and sectoral labor can be consistently
matched. However, as robot uptake only took off in the 2000s, it is unlikely that using data from 2000 as
an initial value biases the results. Moreover, as Brazil’s trade liberalization took place in the mid 1990s,
using trade-flows from 2000 may prevent confounding factors (Pavcnik et al., 2004).

26Similar to Autor et al. (2013), this paper mainly focuses on one way that a foreign shock affects Brazilian
labor markets, that is through the channel of exports. Foreign adoption of robots changes expenditure
from on goods from Brazil, which as denoted by changes in Ejiπrji in equation 1.6.
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1.3 Data

Data on the stock of country, industry and year specific robots are obtained from the
International Federation of Robotics (2018).27 Panel A of Figure 1.A.2 in the Appendix
illustrates the data for the six industries with the most robots in Brazil. The automotive
industry (right axis) has by far largest amount and growth rate of robots. Panel B
displays the six industries that were mostly exposed to export weighted foreign robots.
The graphs show that there is variation between the sectors, their growth in the stock
of robots and between domestic and to foreign robot adoption.

Regional export and import data comes from SECEX (Secretaria de Comércio Exterior
- Foreign Trade Secretariat), which contains information about trade volumes by prod-
uct and destination market for each municipality in Brazil. Products are classified by
the international Harmonized System, which are translated to the industry codes used
in the analysis.28 Initial sector level employment, the wage bill and output of foreign
economies are taken from WIOD-SEA (Timmer et al., 2015). The WIOD-SEA 2016 ver-
sion has the largest correspondence with the IFR data, but employment is available
only from 2000 on. The sample consists of 43 countries.

Local labor market data from Brazil comes from the Relação Anual de Informações
Sociais (RAIS) database of the Brazilian Ministry of Labor.29 The RAIS is an annual ad-
ministrative census, covering 99% of the formal enterprises, which report employee-
specific data on a yearly basis.30 Among others, data in the RAIS includes the em-
ployees’ age, gender, educational attainment, wage and social benefits. Micro-regions
in Brazil are used as the unit of local labor markets.31 In total, there are 558 micro-
regions, 137 meso-regions and 27 states in Brazil. The sample of workers is limited
to individuals aged 16–65, to only observe the working-age population. Individuals
working in public administration are excluded, as the public sector operates differ-
ently than other sectors (Dix-Carneiro and Kovak, 2017). One caveat of the data is that

27A Robot is defined by ISO 8373:2012 as an automatically controlled, reprogrammable, multipurpose
manipulator programmable in three or more axes, which can be either fixed in place or mobile for use
in industrial automation applications (International Federation of Robotics, 2018).

28Goods that can fall into multiple industry categories, are allocated to industries based on the share
of municipality exports of each industry. Since municipalities are such a small geographic unit, it is
unlikely that many different unclassified industries exist. If there are no exports from the industries into
which a product could fall, they are weighted by the share of micro-region, meso-region or state level
export shares instead.

29For further information on the dataset, see also Helpman et al. (2017), Dix-Carneiro and Kovak (2015),
Dix-Carneiro and Kovak (2017) or Alvarez et al. (2018).

30Firms are classified into sectors on a five-digit or six-digit level according to the CNAE code by the
Instituto Brasileiro de Geografia e Estatistica (IBGE), which is similar to ISIC, and jobs are classified into
the CBO code by the Ministry of Labor, similar to ILO’s ISCO codes, also on a five-digit level.

31There is a strand of literature that investigates local labor market outcomes using micro-regions in Brazil,
majorly of trade liberalization (Kovak, 2013; Costa et al., 2016; Dix-Carneiro and Kovak, 2015; Hirata and
Soares, 2016).
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it does not cover informal firms. Informal firms are unlikely to use robots in produc-
tion or export though, thus it is unlikely that the omission biases the estimation. Nev-
ertheless, individuals moving from formal to informal employment as a consequence
of robot competition cannot be observed. Figure 1.1 displays the regional variation in
exposure to foreign and domestic robots, as well as regional variation in changes in the
manufacturing and mining employment to population ratio between 1994 and 2014.
The figure gives a first indication that there is substantial variation both within and
between regions in terms of exposure to domestic and foreign automation.

Figure 1.1: Changes in regional exposure to robots and employment (1994-2014)

(a) Change in regional exposure to
domestic robots

(b) Change in regional exposure to
domestic robots

(c) Change in manufacturing employment
to population ratio

(d) Change in mining employment
to population ratio

Notes: The figure displays regional variation in the differences in domestic automation, foreign automa-
tion, the manufacturing employment ratio and the mining employment ratio between 1994 and 2014.
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1.4 Estimation Results

In this section, the results of estimating the effects of exposure to domestic and foreign
robots on labor market outcomes, as well as alternative specifications and several ro-
bustness tests are presented. Throughout, the coefficients of the domestic and foreign
robot exposure differences are standardized to a standard deviation of 1.

1.4.1 The Effect of Automation on LLM Employment

The empirical investigation begins with OLS regressions in Table 1.1, which introduces
the main setup and control variables. In all panels the outcome variable is a measure
of the respective employment to population ratio, in stacked-differences. Column 1 in-
cludes state-year fixed effects, controlling for all developments on the state-level over
time, as well as regional baseline characteristics. These are the initial micro-region pop-
ulation and GDP (in logs), the initial share of female workers, the average high school
and university graduate rates, the routine task intensity index and the share of foreign
owned enterprises.32 The routine task intensity index is included to capture the re-
gional susceptibility to general technological advancements, such as computerization
(Faber, 2020). The share of foreign owned enterprises measures offshoring behavior of
foreign companies. As industrial robots are most often used in manufacturing sectors,
in column 2, the initial employment shares in manufacturing and light-manufacturing
are added.33 Column 3 controls for changes in overall regional imports and Chinese
imports specifically, as it has been shown that Chinese imports have had a strong im-
pact on local labor market outcomes in Brazil (Benguria and Ederington, 2017; Jenk-
ins, 2015).34 Column 4 uses initial population weights, to adjust for differences in the
overall size of regions. Panel A of Table 1.1 displays the regression results with the
total employment to population ratio as the outcome, while in the subsequent panels
the dependent variable is the employment to population ratio of the manufacturing,
mining and service sectors, respectively. The coefficient of foreign robot exposure is
negative and statistically significant with the manufacturing employment ratio as the
outcome, and positive and statistically significant with the mining employment ratio
as the outcome in all specifications. This pattern indicates that a higher exposure to
foreign automation leads to declines in manufacturing employment, but increases in
mining employment. Domestic automation exposure is only statistically significant at

32The first year GDP is available is 1997, and the share of foreign firms cannot be calculated before 1995,
because of different classifications of the firms’ judicial status. All other variables are from 1994.

33Light manufacturing industries are the textile and the paper and publishing industries, following Ace-
moglu and Restrepo (2019b).

34Changes in imports are measured as the difference between the inverse hyperbolic sine of each region’s
imports between 1994-2004, and 2004-2014.
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the 10% level in some specifications for total and manufacturing employment.

Table 1.1: OLS estimations: Employment ratios, overall and by sector (1994-2004-2014)

Stacked differences

(1) (2) (3) (4)

Panel A: Changes in the total employment ratio
Domestic Robot Exp. 0.26 0.30∗ 0.28∗ 0.57∗

(0.18) (0.18) (0.17) (0.32)

Foreign Robot Exp. -0.11 -0.12 -0.11 -0.40∗∗

(0.19) (0.19) (0.19) (0.18)

Panel B: Changes in the manufacturing employment ratio
Domestic Robot Exp. 0.15∗ 0.13 0.13 0.19∗

(0.08) (0.09) (0.09) (0.10)

Foreign Robot Exp. -0.13∗∗∗ -0.12∗∗∗ -0.12∗∗∗ -0.15∗∗∗

(0.04) (0.04) (0.04) (0.04)

Panel C: Changes in the mining employment ratio
Domestic Robot Exp. 0.00 0.01 0.00 -0.00

(0.03) (0.03) (0.03) (0.01)

Foreign Robot Exp. 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.05∗∗∗

(0.04) (0.04) (0.04) (0.02)

Panel D: Changes in the service employment ratio
Domestic Robot Exp. 0.06 0.05 0.05 0.11

(0.10) (0.11) (0.10) (0.18)

Foreign Robot Exp. 0.00 0.00 0.01 -0.12
(0.07) (0.07) (0.07) (0.10)

Observations 1114 1114 1114 1114

State Year FE X X X X
Regional char. X X X X
Industry controls X X X
Regional import growth X X
Population weighted X

Notes: Standard errors, in parentheses, are clustered on the meso-region level. All specifications include
state-year fixed effects. Regional characteristic controls are the log microregion population, the share
of female workers, the routine task intensity index, the average high school graduate rate, the average
university graduate rate, the share of foreign owned enterprises and log microregion GDP. Industry
controls are the share of manufacturing workers and light-manufacturing workers. Import growth refers
to changes in overall and Chinese imports. * p< 0.1, ** p< 0.05, *** p< 0.01

Table 1.2 introduces the IV estimations, which provide causal evidence, as automation
exposure may be endogenous to labor market characteristics. The first two columns
use the instrument for domestic automation, columns 3 and 4 for foreign automation
and in columns 5 and 6 both instruments are employed. The full set of controls are
used in all specifications. The same pattern as with the OLS regressions emerges and
the coefficients remain similar in size. Throughout, foreign automation exposure is
statistically significant in panels B and C. Foreign automation thus indeed leads to a
shift from manufacturing industries to raw materials extraction. Taking the results of
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columns 1 and 2, a one standard-deviation increase in the exposure to foreign automa-
tion decreases the manufacturing employment ratio by 0.11 percentage points in the
unweighted and by 0.14 percentage points in the weighted case. Put differently, re-
gions with an average change in exposure to foreign automation (which is 0.1) have
roughly a 0.04 or 0.05 percentage point slower rise in the manufacturing employment
ratio.35 In turn, a one standard-deviation increase in the exposure to foreign automa-
tion increases the ratio of employment in the raw materials sector by 0.11 percentage
points in the unweighted and by 0.05 in the weighted case. Exposure to domestic au-
tomation in turn does not have a consistent effect on manufacturing or total employ-
ment. One explanation could be that automation is not as wide spread in emerging
economies as in developed countries (see also Faber (2020)). Furthermore, it could be
that direct employment losses due to installments of robots are offset by productivity
gains, leading to the creation of other jobs, which will be tested for later on. The service
sector appears to be neither affected by domestic nor foreign automation (Panel D).
Hence, workers losing jobs in the manufacturing sector do not seem to shift to the ser-
vice sector, as has been observed in other countries.36 The Kleibergen-Paap F-Statistic
(which is presented in the bottom of the table) is above the usual thresholds in all spec-
ifications.37 Table 1.A.2 in the Appendix presents the first-stage results of estimation
equation E.1. In Panel A the outcome domestic robot exposure and in Panel B foreign
robot exposure. All variables are measured in stacked-differences, and all previous
control variables are included. Panel A shows that the IV constructed in equation 1.8
is a strong predictor of regional exposure to domestic robots. A concern with regard to
the identification strategy would be that regional exposure to domestic robots would
fully explain foreign robot exposure or vice versa, which however does not seem to
be the case. The first-stage results for foreign robot exposure are similar (see Panel B).
The corresponding IV is a strong predictor, while domestic robot exposure and foreign
exposure through imports are statistically insignificant.

A number of alternative specifications underpin the results. Table 1.A.3 in the Ap-
pendix repeats the analysis with an alternative specifications. To start with, in the first
two columns the instrument for domestic robot exposure switches to the alternative
instrument. As outlined in section 1.2, it is constructed by using the average number
of robots in other emerging economies as an exogenous source for robot adoption (sim-
ilar to the instruments used by Acemoglu and Restrepo (2020), Faber (2020) and Micco

35This is roughly half the magnitude which has been found by Faber (2020) for the case of Mexican labor
markets and automation in the US. This reflects that the links between these two economies are stronger
than in the case of Brazil.

36Dauth et al. (2017) for instance find that employment declines through automation were fully offset in
business related services in Germany.

37Note that the thresholds for two instruments are lower, where a F-statistic above 7 indicates identifica-
tion.
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Table 1.2: IV estimations: Employment ratios, overall and by sector (1994-2004-2014)

Domestic Robot
Exposure IV

Foreign Robot
Exposure IV

Dom. & For. Robot
Exposure IV

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

Panel A: Changes in the total employment ratio
Domestic Robot Exp. 0.23 0.58∗ 0.22 0.50 0.16 0.49

(0.17) (0.33) (0.17) (0.33) (0.17) (0.33)

Foreign Robot Exp. -0.10 -0.41∗∗ 0.07 -0.18 0.08 -0.18
(0.19) (0.18) (0.21) (0.22) (0.21) (0.22)

Panel B: Changes in the manufacturing employment ratio
Domestic Robot Exp. 0.07 0.16 0.17∗ 0.20∗ 0.11 0.17

(0.09) (0.10) (0.10) (0.11) (0.10) (0.10)

Foreign Robot Exp. -0.11∗∗∗ -0.14∗∗∗ -0.23∗∗∗ -0.17∗∗ -0.22∗∗∗ -0.16∗∗

(0.04) (0.04) (0.06) (0.08) (0.06) (0.08)

Panel C: Changes in the mining employment ratio
Domestic Robot Exp. 0.01 -0.00 -0.00 -0.01 0.00 -0.01

(0.03) (0.01) (0.03) (0.01) (0.03) (0.01)

Foreign Robot Exp. 0.11∗∗∗ 0.05∗∗∗ 0.13∗∗ 0.07∗∗ 0.13∗∗ 0.07∗∗

(0.04) (0.02) (0.05) (0.03) (0.05) (0.03)

Panel D: Changes in the service employment ratio
Domestic Robot Exp. 0.05 0.10 0.01 0.08 0.00 0.07

(0.09) (0.17) (0.10) (0.19) (0.09) (0.18)

Foreign Robot Exp. 0.01 -0.12 0.13 -0.03 0.13 -0.02
(0.07) (0.10) (0.09) (0.14) (0.09) (0.14)

Observations 1114 1114 1114 1114 1114 1114

State Year FE X X X X X X
Regional char. X X X X X X
Industry controls X X X X X X
Regional import growth X X X X X X
Population weighted X X X

KP F-Statistic 1800 1281 46.4 54.5 24.6 28.6

Notes: Standard errors, in parentheses, are clustered on the meso-region level. Columns 1 and 2 in-
strument for domestic robot exposure, columns 3 and 4 for foreign robot exposure and columns 5 and
6 for both. All specifications include state-year fixed effects. Regional characteristic controls are the
log microregion population, the share of female workers, the routine task intensity index, the aver-
age high school graduate rate, the average university graduate rate, the share of foreign owned enter-
prises and log microregion GDP. Industry controls are the share of manufacturing workers and light-
manufacturing workers. Import growth refers to changes in overall and Chinese imports. * p< 0.1, **
p< 0.05, *** p< 0.01

(2019)). The results are almost identical and the coefficient of domestic robot exposure
with the total and manufacturing employment ratios as outcomes turns statistically
significant. In columns 3 and 4, long-differences between 1994 and 2014 replace the
previous stacked-difference specification, with everything else being equal. The coeffi-
cients increase in size for foreign automation. For domestic automation none of the co-
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efficients is statistically distinguishable from zero. In the last two columns, the depen-
dent and independent variables are not measured in differences, but microregion-fixed
effects are employed. Thus, all time-invariant characteristics at the microregion level
are controlled for. The previous baseline control variables here have yearly variation.
The results remain, with foreign automation leading to a decline in manufacturing, but
an increase in mining employment.

The fact that domestic automation does not have a strong and robust effect on employ-
ment ratios could, in addition to the number of robots in Brazil not being large enough
to see effects, potentially be driven by the displacement and the productivity effects
canceling each other out, or only single industries being affected by domestic automa-
tion.38 Table 1.A.4 in the Appendix displays the regression results without adjusting
domestic robots with within-country input-output linkages, which does not substan-
tially change the coefficients. The specification of domestic robot exposure with input-
output linkages is likely to capture any productivity effects, as robot installments in
one sector would increase the demand for inputs of other sectors. Within-sector pro-
ductivity effects cannot be accounted for with the given data. That both measures
yield similar results gives some indication that the two effects are not canceling each
other out. Further, in Table 1.A.6 the effect of exposure to domestic and foreign au-
tomation on changes in regional GDP, as a proxy for regional productivity gains from
automation, and population is estimated. Neither domestic nor foreign automation
exposure appear to have an effect on changes in regional GDP (Panel A) nor on popu-
lation (Panel B), mitigating concerns that the previously found effects could be driven
by automation induced in- or out-migration. The fact that there is also no effect for
GDP is further evidence against domestic automation largely increasing productivity
in Brazil up to 2014.

Overall, the above evidence is in line with the main hypotheses of automation in ad-
vanced economies causing deindustrialization in Brazil. Exposure to foreign automa-
tion leads to a decrease in the manufacturing employment ratio.39

As a next step, Figure 1.2 disaggregates employment by industry. The light-blue col-
ored bars display exposure to domestic robots and the dark-blue colored bars show
exposure to foreign robots. The same specification as in column 1 of Table 1.2 is used.
That is, variables are measured in stacked-differences, domestic robot exposure is in-
strumented for and all controls are included.40 Domestic automation has a statistically

38Koch et al. (2019) and Aghion et al. (2020) for instance find productivity gains in automating firms,
which lead to net-employment gains.

39Table 1.A.5 in the Appendix shows that the effects of automation are rather on the extensive than the
intensive margin. If anything, domestic automation seems to slightly depress overall wages but increase
manufacturing wages.

40Only the manufacturing industries are displayed for visibility and due to large confidence intervals in
the service sectors. The only coefficient in service sectors which is statistically different from zero is that
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significant and positive effect on employment in the automotive, the paper and print-
ing, the pharmaceutical, the rubber and plastic and the minerals industries. A negative
effect of foreign automation on employment is found mainly for the food, beverages
and tobacco industry (which also is the largest exporting industry), but also for the
pharmaceutical, the rubber and plastic, fabricated minerals and automotive industries.
Foreign automation also has a labor-enhancing effect in two industries: The basic met-
als industry, which is complementary to the mining industry, and the machinery and
equipment industry.

Figure 1.2: Robot Exposure and Industry Employment Ratio (1994-2004-2014)

Notes: The figure displays the coefficients of regressing industry level employment ratios on domestic
robot exposure (light-blue) and foreign robot exposure (dark-blue). Standard errors, in parentheses, are
clustered on the meso-region level. All specifications include state-year fixed effects and control for the
log microregion population, the share of female workers, the routine task intensity index, the average
high school graduate rate, the average university graduate rate, the share of foreign owned enterprises,
log microregion GDP, the share of manufacturing workers, the share of light-manufacturing workers
and changes in overall and Chinese imports.

Table 1.A.7 in the Appendix shows that female and skilled workers are the ones that
benefit from domestic automation, while there is no effect of foreign robot exposure
on employment by gender or skill levels.41 The installment of robots in Brazil thus
appears to have a labor enhancing effect for workers with higher skill levels, which has
also been found for industrialized countries (Aghion et al., 2020). However, the pattern

of domestic robot exposure in the utilities sector. Furthermore, statistically significant coefficients are
found for agricultural employment.

41Skill-levels are defined according to the standard 1-digit ISCO classification: Groups 1 and 2 are skilled,
4-6 are medium skilled and 7-9 are low skilled.
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of unskilled workers being substituted is not apparent here. Occupations which are
female-dominated seem to be more complementary to automation technology than
male-dominated occupations.

1.4.2 Exports

The main hypothesis of the paper is that foreign automation affects regional employ-
ment through changes in export demand. On the one hand, automation decreases the
cost of production especially in advanced economies and thus decreases demand for
certain manufactured goods from other countries, but at the same time increases the
demand for raw materials and inputs needed for production.

So far the analysis has run under the assumption that regional exports flows adjust
to foreign automation, which was captured by using initial export shares to weight
foreign robots, leading to regional employment ratio changes. Figure 1.A.4 displays
correlations between changes in regional export to GDP ratios and changes in expo-
sures to foreign robots. Panel a) shows a raw negative correlation between exposure
to robots and manufacturing exports and a positive correlation in mining exports in
panel b). To test whether foreign automation in fact changes expenditures on goods
from Brazil, the effects of exposure to foreign automation on changes in exports are ex-
amined in Table 1.3. Changes in regional exports are measured as stacked-differences
in the inverse hyperbolic sine (asinh) of exports between 1997, 2006 and 2014.

Table 1.3: Changes in asinh regional exports (1997-2006-2004)

Manufacturing Mining

(1) (2) (3) (4)

Domestic Robot Exp. -0.04 -0.01 0.00 -0.01
(0.03) (0.02) (0.05) (0.06)

Foreign Robot Exp. -0.04∗ -0.04∗∗∗ 0.05 0.03
(0.02) (0.01) (0.03) (0.04)

Observations 1114 1114 1114 1114

State Year FE X X X X
Baseline controls X X X X
Population weighted X X

KP F-Statistic 1863 1055 1863 1055

Notes: Standard errors, in parentheses, are clustered on the meso-region level. All specifications include
state-year fixed effects. Controls are the log microregion population, the share of female workers, the
routine task intensity index, the average high school graduate rate, the average university graduate rate,
the share of foreign owned enterprises, log microregion GDP, the share of manufacturing workers and
light-manufacturing workers. Outcomes are stacked-differences of log exports (1997-2006-2014). * p<
0.1, ** p< 0.05, *** p< 0.01

The first two columns display changes in manufacturing exports. The coefficient of
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domestic automation exposure is again statistically indifferent from zero. This in line
with the modest adjustments of employment to exposure to domestic robots found
above. Foreign automation has a negative effect on changes of manufacturing exports,
mirroring the decrease in manufacturing employment. For mining exports, shown in
columns 3 and 4, the coefficient of foreign robot exposure is positive but not statistically
significant.

In Figure 1.3 the effect of foreign robots on dyadic exports between microregions and
more developed foreign countries are estimated directly and not over exposures. Ex-
ports of each sector in a micro-region to each foreign country are regressed on the
foreign sector’s stock of robots per worker, adjusted to account for input-output link-
ages. Section 1.A.3 in the Appendix explains the underlying estimation strategy in
more detail. All possible time varying trends and time invariant characteristics are
controlled for. Foreign automation leads to lower exports of most manufacturing in-
dustries, which largely correspond to those in which large declines in the employment
ratios were found in Figure 1.2.

Figure 1.3: Dyadic exports

Notes: The figure displays the coefficients of regressing log exports of sector i in micro-region r to for-
eign country j on that country’s adjusted sectoral stock of robots per worker (see section 1.A.3 in the
Appendix for more details. Standard errors are clustered on the micro-region-country level. Each re-
gression includes micro-region× sector× year fixed effects, micro-region× country× year fixed effects,
and micro-region × country × sector fixed effects.
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The only industry in which exports increase is the raw materials sector. The results are
thus in line with the previously found changes in employment. Conversely, raw mate-
rial imports are not affected by foreign automation, as is shown in Figure 1.A.5 in the
Appendix. However, automation in partner-countries increases imports from several
manufacturing sectors. This pattern reconciles with automation reducing production
and thereby output costs (see equation 1.3), which increases exports of robot-adopting
countries in the global economy.

An alternative explanation for the found patterns would be multinational companies
directly substituting employment in manufacturing factories in Brazil with robots in
their home economy. Evidence for such movements has been demonstrated by Faber
(2020) and Artuc et al. (2019b) for the case of special manufacturing plants in Mex-
ico (Maquiladoras). Column 3 of table 1.A.7 in the Appendix shows that exposure to
neither domestic, nor to foreign automation has an effect on employment in foreign
owned enterprises in Brazil. Therefore, decreases in manufacturing employment ap-
pear not to be driven by multinationals directly ”reshoring” production activity back
to their home economy, but rather by a diversion in demand for certain goods in the
global economy.

1.4.3 Robustness Tests

Table 1.4 presents a number of robustness tests, which validate the previous findings
of section 1.4.1. The table presents unweighted regression results, while Table 1.A.8
in the Appendix shows the same regressions with initial population weights. In the
first column, instead of state-year fixed effects, meso-region-year fixed effects are in-
cluded. Column 2 tests whether clustering standard errors on a different level, namely
on the state instead of the meso-region level, affects the results (Borusyak et al., 2018).
In column 3, the five regions most exposed to foreign automation are excluded, to test
whether these are solely driving the results. While differences in imports are already
controlled for, column 4 additionally includes foreign robot exposure through imports,
to test whether a similar or opposing pattern as compared to exposure through exports
is observable. In the next columns, additional sector controls are included: Initial em-
ployment shares in the automotive sector, as it has the largest numbers of robots both
domestically and abroad, and the initial share of agricultural sector employment, since
regions heavily specialized in agriculture are likely to evolve differently than others.42

As regions more exposed to foreign automation are by construction those that were
initially more engaged in trade, the last columns control for additional trade-openness
characteristics. To dismiss the possibility that the results are driven by more open

42Bustos et al. (2020) for instance demonstrate that the rise in soy-bean production lead to specialization
and capital outflows to more industrialized areas.
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regions evolving differently because they are more integrated into global markets, ini-
tial exports (in logs) is added. Furthermore, the initial shares of exports of the food,
beverages and tobacco and the agricultural sectors are controlled for, being the most
important exporting industries in Brazil.

The main results remain statistically significant in almost all specifications. The only
exception is the slightly smaller coefficient of foreign robot exposure with mining as an
outcome, in the unweighted setting (compare Table 1.A.8 in the Appendix). In all other

Table 1.4: Robustness tests (unweighted) - Stacked differences (1994-2004-2014)

Unweighted

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

Panel A: Changes in the manufacturing employment ratio
Domestic Robot Exp. 0.17∗ 0.07 0.10 0.09 0.15 0.23

(0.10) (0.09) (0.10) (0.09) (0.14) (0.14)

Foreign Robot Exp. -0.07∗∗ -0.11∗∗∗ -0.11∗∗ -0.11∗∗∗ -0.12∗∗∗ -0.11∗∗∗

(through exports) (0.04) (0.04) (0.05) (0.04) (0.04) (0.04)

Foreign Robot Exp. -0.04 -0.04 -0.03
(through imports) (0.05) (0.05) (0.05)

Panel B: Changes in the mining employment ratio
Domestic Robot Exp. -0.01 0.01 0.03 0.01 0.04 0.04

(0.04) (0.03) (0.03) (0.03) (0.05) (0.05)

Foreign Robot Exp. 0.07 0.11∗∗∗ 0.08∗∗∗ 0.11∗∗∗ 0.10∗∗∗ 0.10∗∗

(through exports) (0.05) (0.03) (0.02) (0.04) (0.04) (0.04)

Foreign Robot Exp. -0.00 -0.00 -0.00
(through imports) (0.01) (0.01) (0.01)

Observations 1114 1114 1104 1114 1114 1114

Controls X X X X X X
Mesoregion Year FE X
State Year FE X X X X X
State-level std. error clustering X
Excluding top 5 exposed X
Additional industry controls X X
Additional export controls X

KP F-Statistic 994 1431 1388 2718 572 562

Notes: Regressions are unweighted. Standard errors, in parentheses, are clustered on the meso-region
level apart from column 2. In columns 1, meso-region-year fixed effects, while in all other columns
state-year fixed effects are used. All specifications control for the log microregion population, the share
of female workers, the routine task intensity index, the average high school graduate rate, the average
university graduate rate, the share of foreign owned enterprises, log microregion GDP, the share of
manufacturing workers and light-manufacturing workers. In column 3 the five regions most exposed to
foreign automation are excluded. Column 4 adds foreign robot exposure through imports. Additional
industry controls are the initial shares of workers in the agricultural and automotive sectors. Additional
export controls include the initial exports (in logs) and the initial shares of the agricultural and food,
beverages and tobacco sectors. * p< 0.1, ** p< 0.05, *** p< 0.01

estimations, foreign automation exposure remains statistically significant and positive
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for mining employment and negative for manufacturing employment. With state-level
clustering, the standard errors slightly reduce in size, as compared to the baseline re-
sults. Excluding the top-5 exposed micro-regions slightly reduces the coefficient size
in the weighted setting, however the results do not appear to be driven solely by the
most exposed regions. Both additional industry and export controls do not change the
results.

Since residuals might not be only correlated between regions of close vicinity but also
between regions with a similar industry structure, in Table 1.A.9 shift-share adjusted
standard errors are used, following Adão et al. (2019).43 In the table, Eicker-Huber-
White standard errors are reported in parantheses, and the shift-share adjusted (AKM)
standard-errors are presented at the bottom of Panel A for foreign robot exposure, and
at the bottom of Panel B for domestic robot exposure. For foreign robot exposure, the
AKM standard errors are slightly smaller except for column 3, where the outcome is
mining employment and the regressions are unweighted. Since the shift-share stan-
dard errors yield tighter confidence intervals as regional clustering (except for column
3), there seems to be little cross-sectoral correlation in the residuals driven by the shift-
share structure.44 The coefficient is still statistically significant though. For the domes-
tic robot exposure, AKM standard-errors are substantially larger for manufacturing
employment and slightly smaller for mining employment.

An alternative way to establish causality with the shift-share estimator is exogeneity
of initial industry shares. The identification strategy so far has exploited exogenous
variation in shocks through instruments. The initial share assumption is tested fol-
lowing Goldsmith-Pinkham et al. (2020) to ensure validity of the shift-share estimator.
The authors demonstrate that a sufficient condition for identification in a shift-share
estimation is that initial local industry shares are exogenous to employment changes
(conditional on the included controls).45 First, the existence of pre-trends is tested in
the first two columns of Table 1.5, by estimating whether micro-regions that were more
exposed to domestic or foreign automation already had similar employment trends
before automation took off. Should similar employment trends be found, it is likely
that these are driven by other trends than exposure to domestic or foreign automation
or by the region’s underlying industry structure (Goldsmith-Pinkham et al., 2020).46

All included variables are constructed as in the long-difference setting of Table 1.A.3.
Robot exposures are measured between 1994 and 2014, and baseline control variables

43I am grateful for helpful comments and the authors’ estimation code.
44This may be due to a small sample bias of having relatively few industries. However, over-rejection is

more severe in the case of a small number of sectors and clustering on the regional level.
45With a large number of regions and a small number of industries, exogeneity in initial shares would

suffice to establish exogeneity in the shift-share estimator (Borusyak et al., 2018).
46Pre-trends are analyzed between 1985 and 1994, where the usage of robots was not yet spread. Brazil

for instance had the first recorded robots in 1999.
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in 1994. The results do not suggest the presence of confounding pre-trends. The only
existing pre-trend is a decline in manufacturing employment in regions which were
more exposed to domestic automation between 1994-2014. For the main period of anal-
ysis however, if at all, a positive effect from domestic automation for manufacturing
workers was found. In columns 3 and 4, the specification switches back to the stacked-
difference setting between 1994, 2004 and 2014, but the pre-trend period change in the
respective outcome variable is controlled for. The coefficients of foreign robot exposure
are almost identical to the results in the main specification of Table 1.2. The coefficients
of domestic robot exposure increase in size for manufacturing employment.

Table 1.5: Pre- and long-term effects

Pre-trend
(1985-1994)

Stacked-differences
(1994-2004-2014)

(1) (2) (3) (4)

Panel A: Changes in the manufacturing employment ratio
Domestic Robot Exp. -0.89∗∗∗ -0.84∗∗∗ 0.17∗ 0.27∗∗

(0.29) (0.25) (0.10) (0.12)

Foreign Robot Exp. 0.06 -0.09 -0.12∗∗∗ -0.13∗∗∗

(0.20) (0.19) (0.04) (0.05)

Panel B: Changes in the mining employment ratio
Domestic Robot Exp. -0.05 -0.00 0.00 -0.00

(0.05) (0.03) (0.03) (0.01)

Foreign Robot Exp. -0.01 -0.04 0.11∗∗∗ 0.05∗∗

(0.03) (0.04) (0.04) (0.02)

Observations 557 557 1114 1114

Regional controls X X X X
Industry controls X X X X
Import growth X X X X
State FE X X
State Year FE X X
Initial population weighted X X
Pre-Trend Controls X X

KP F-Statistic 1372 1173 1853 1297

Notes: Standard errors, in parentheses, are clustered on the meso-region level. In columns 1-2 the out-
come is the difference of manufacturing or mining employment in the pre-period. The explanatory vari-
ables are measured as long-differences between 1994 and 2014. Columns 3 and 4 switch to the stacked-
difference setting as in Table 1.2 and include the respective pre-trend period outcome as a control. All
specifications include state-year fixed effects. Regional characteristic controls are the log microregion
population, the share of female workers, the routine task intensity index, the average high school grad-
uate rate, the average university graduate rate, the share of foreign owned enterprises and log microre-
gion GDP. Industry controls are the share of manufacturing workers and light-manufacturing workers.
Import growth refers to changes in overall and Chinese imports. * p< 0.1, ** p< 0.05, *** p< 0.01

As a next step, Rotemberg weights are calculated to test whether industries with the
largest weights are driving the results (Goldsmith-Pinkham et al., 2020). Table 1.A.10
displays the weights of the eight industries with the largest exposures. There are two
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clear outlier sectors. For domestic automation, this is, unsurprisingly, the automotive
sector, which has by far the most robots. For foreign automation, the sector with the
largest weight is the basic metals industry. Though it is not among the industries with
the most robots globally, it is a supplier for other automating industries and important
for the mining industry in Brazil. In order to see whether one of these sectors is driving
the observed changes in employment, exposures to domestic and foreign automation
are calculated without the two industries in Table 1.6. In columns 1-3, the automotive
industry is excluded. The employment differences both in the manufacturing sector,
as well as the raw materials sector are still statistically significant. The F-Statistic de-
creases, remains above the usual thresholds though. Without the basic metals sector
the standard errors increase and the coefficients reduce slightly in size with raw ma-
terial employment as an outcome. This indicates the importance of the basic metals
sector for the downstream supply chain of the mining sector. The results however
appear not to be driven solely by outlier industries.

Table 1.6: Excluding highest Rotemberg-weight sectors

Excl. automotive sector Excl. basic metals sector

(1) (2) (3) (4)

Panel A: Changes in the manufacturing employment ratio
Domestic Robot Exp. 0.17 0.29∗∗ 0.23∗∗ 0.25∗∗

(0.14) (0.12) (0.09) (0.10)

Foreign Robot Exp. -0.13∗∗∗ -0.10∗∗ -0.13∗ -0.17∗∗∗

(0.04) (0.05) (0.07) (0.05)

Panel B: Changes in the mining employment ratio
Domestic Robot Exp. 0.04 0.00 -0.03 0.00

(0.04) (0.02) (0.03) (0.01)

Foreign Robot Exp. 0.10∗∗ 0.08∗∗∗ 0.08∗ 0.04∗∗

(0.04) (0.03) (0.05) (0.02)

Observations 1114 1114 1114 1114

State Year FE X X X X
Regional controls X X X X
Industry controls X X X X
Import growth X X X X
Initial population weighted X X

KP F-Statistic 361 527 935 1135

Notes: Standard errors, in parentheses, are clustered on the meso-region level. In columns 1-3 exposures
are calculated without the automotive sector, and in columns 4-6 without the basic metals sector. All
specifications include state-year fixed effects. Regional controls are the log microregion population,
the share of female workers, the routine task intensity index, the average high school graduate rate,
the average university graduate rate, the share of foreign owned enterprises and log microregion GDP.
Industry controls are the share of manufacturing workers and light-manufacturing workers. Import
growth refers to changes in overall and Chinese imports. Exposures to the excluded sectors are included
as separate controls. Variables are measured in stacked-differences between 1994-2004-2014. * p< 0.1, **
p< 0.05, *** p< 0.01
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Lastly, following Borusyak et al. (2018), the region-level dataset is reweighted to the
industry level, controlling for regional characteristics, in Table 1.A.12. Due to the small
number of sectors in the robot data, the sample size drops extensively. The IV results
correspond to the basic shift-share estimations, with a statistically significant and nega-
tive coefficient of foreign robot exposure for the manufacturing employment outcome,
and a positive coefficient for the mining employment outcome. The domestic robot ex-
posure variable is only statistically significant without including broad sector trends.
Even though it is difficult to argue that sectoral shocks are independent from each other
in the robot data (Caselli et al., 2019), it is reassuring to find significant results on the
sectoral level, when controlling for broader sector trends.

1.5 Conclusion

This paper sheds light on the question whether automation-technology advancements
lead to deindustrialization in a resource-rich emerging economy. Building on a Ricar-
dian model of trade with a two-stage production technology, a novel approach is used
to capture the effects of foreign automation has on LLMs in Brazil, which accounts
for inter-sectoral input-output linkages. Automation in export destination countries
is found to decrease employment in the manufacturing sector but to increase employ-
ment in the raw materials sector in Brazil. These shifts are mirrored by changes in
demand for export goods from Brazil. Foreign automation leads to smaller exports of
manufacturing goods and rising exports of raw materials. Employment is less affected
by exposure to domestic automation. Higher skilled and female workers as well as
workers in the automotive sector benefit most in terms of employment from domestic
automation. A number of robustness tests strengthen the results. These include testing
for standard errors not being correctly specified in the shift-share setting (Adão et al.,
2019), validity of the shift-share estimator (Goldsmith-Pinkham et al., 2020; Borusyak
et al., 2018), pre-trends, and excluding outliers.

The findings may cause further concerns of technological change in developed economies
causing premature deindustrialization in emerging economies (Rodrik, 2016, 2018).
Emerging economies may not only be affected by developed countries reversing their
offshoring activities, but also by shifting demand-patterns in international trade. Thereby,
as was shown for the case of Brazil, especially resource-rich countries face incentives
to shift employment to raw material extraction, leaving whole economies more vulner-
able to external price shocks and less active in higher value-added production.

Traditional strategies to foster manufacturing sector growth in developing and emerg-
ing economies may therefore no longer be viable. This calls for more research on how
technological change in advanced economies affects industry compositions and labor
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demand in developing and emerging economies. For instance, investigating linkages
between automating firms and input-providing firms in global supply chains could be
a promising avenue for future research. New strategies, which enable resource-rich de-
veloping countries to cope with or even to benefit from global technological changes,
are needed in order to prevent long-term setbacks in developmental trajectories.
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1.A.2 Theory Appendix

From the production function in equation 1.2 follows the cost function of producing ωi

cri(ωi) = ψri fri
αF

ri
K

∏
k

p1
rik

αM
rik wri

αT
ri , (1.A.1)

with fri as the rental rate for capital, P1
rik the price of intermediate goods and wri the

task input price. Producers of the composite good of stage s supply Qs
ri by minimizing

the costs of the intermediate variety ωi from international suppliers. The production
technology is an aggregator as in Caliendo and Parro (2015), given by

Qs
ri =

[∫
(mri(ωi)

σi− 1
σi

] σi
σi−1

, (1.A.2)

where σi is the elasticity of substitution across intermediate goods. Region r and in-
dustry i’s demand of intermediate good ωi from the lowest cost supplier across all
countries is denoted as mri(ωi).47 Intermediate inputs and final goods can be sourced
internationally. The price of an intermediate or final good for region r and sector i is

pri(ωi) = min
j

[
cjiτrji

zji(ωi)

]
, (1.A.3)

where cji is defined as in equation 1.A.1. The price of the composite good can be ex-
pressed with the properties of the Fréchet distribution (Eaton and Kortum, 2002). Due
to the probabilistic distribution of technology, countries and sectors have different lev-
els of productivity. As in Caliendo and Parro (2015), λri denotes the location parameter
varying by country and sector, representing absolute advantage of a region in industry
i. The shape parameter θi is the industry specific variation of efficiency in production,
thereby representing comparative advantage. The price of the composite good is then

Pri = Ai

[
∑

j
λji(cjiτrji)

−θi

]− 1
θi

, (1.A.4)

where Ai is a constant. The efficiency of production of each country/region in industry
i is the realization of the random variable zri from the probability distribution Fri =

Pr [Zi ≤ z], which with the properties from the Fréchet distribution becomes

Fri = e−T
−θi
rji , (1.A.5)

47Demand for the intermediate is given by ms
ri(ωi) =

(
pri(ωi)

Pri

)−σi
Qs

ri, where Pri is the unit price of the
composite good.
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with Trji = λri(criτrji)
−θi . Caliendo et al. (2015) show that the lowest price of a good Ωi

in region r also has a Fréchet distribution

Pr [pri ≤ p] = 1− e−ψri p−θi , (1.A.6)

where ψri = λri(criτrji)
−θi , which is a statistic of technologies, input costs, geographic

barriers and tariff policies (Eaton and Kortum, 2002; Caliendo and Parro, 2015). The
authors further show that due to the properties of probability density functions the
price index is

Pri = Aiψ
−1
θi

ri

, which is equivalent to equation 1.A.4. The expenditure of country j on goods from
region r and industry i can be denoted in probability terms as

Ejri = Pr
[

criτrji

zri(Ωi)
≤ min

h 6=r

chiτhji

zhi(Ωi)

]
Eji, (1.A.7)

where overall expenditure of country j industry i Eji is multiplied by the probability of
region r having the lowest price. To derive equation 1.3, equations 1.A.5 and 1.A.6 are
plugged into 1.A.7. Tasks are allocated to labor and robots according to

Tri(b) =

γL(b)Lri(b) + γR(b)Rri if b≤ Ci

γL(b)Lri(b) if b> Ci.
(1.A.8)

Following Acemoglu and Restrepo (2018), a region-specific threshold C′r is defined,
below which producers in region r use robots instead of human capital. The threshold
C′ri is given by wL

ri/γL(C′ri) = wR/γR(C′ri). The threshold implies a reduction in task
related costs, according to

Ωri =
(1− C′ri)w

L
ri + C′riw

R

wri
. (1.A.9)

The share of labor in production tasks then is

sL
ri =

(1− C′ri)
wL

ri
γL

C′ri
wR

γR
+ (1− C′ri)

wL
ri

γL

, (1.A.10)

which is plugged into equation 1.A.1 to obtain equation 1.4. Equation 1.5 can be rewrit-
ten as
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wL
riLri = αT

ri(1− C′ri)∑
j

πjriEji,

since expenditure on goods of region r and industry i is Yri = ∑j
πjriEji
1+τjri

. Using the share
of labor in production tasks (see equation 1.A.10), expenditure shares from equation
1.3 and cost funtion 1.4, equation 1.5 can be rewritten as:

wL
riLri =

αT
ri(1− C′ri.)

wL
ri

γL
Pri ∑j πjriEji

1
1+τjri(

λ1/θi
ri Priτ

−1
rji π

−1/θi
jri

)1/αT
ri f−αF

ri/αT
ri ∏k p1

rik
−αM

rik/αT
ri

. (1.A.11)

Taking logs and differentiating finally yields equation 1.6.

1.A.3 Additional empirical strategies

Input-output adjusted robots Intranational production and international trade are
composed of intra-sectoral, but also inter-sectoral flows of goods. To capture the fact
that exports from Brazil can be used for production in different industries abroad (see
equation 1.2), I construct an adjusted robots per worker ARji,t, which accounts for
input-output linkages of sectors i in Brazil with foreign economies j. Similarly, for
domestic automation exposure, the measure captures how production in one sector is
composed of inputs from other sectors:

ARji,t = ∑
k

Xijk,2000

Xjk,2000

Rjk,t

Ljk,2000
. (1.A.12)

The term Xijk,2000/Xjk,2000 captures sectoral linkages between Brazil and the foreign
country. It represents the share of exports from industry i in Brazil to industry k in
country j from overall Brazilian exports to country j.48 For domestic adjusted robots,
country j simply represents Brazil. The measure ensures that exports from sector i of
micro-region r are matched correctly to robots of country j. For instance, exports from
the raw materials sector (e.g. sector i) are likely not only affected by robots in foreign
the raw materials sector, but also sectors which use such materials for inputs as the
automotive sector (e.g. sector k). Rjk,t is the stock of robots in country j, sector k and
year t, which is divided by Ljk,2000, employment in 1000s in that sector.

Foreign robot exposure IV To mitigate endogeneity concerns of foreign robot adop-
tion, the following instrument is used:

48Data of regional exports from Brazil does not contain information about the destination industry, which
is why regional exports are weighted by sectoral linkage data on the national level.
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dR
IVf or
ji = dR wji,2000 oji,2000, (1.A.13)

where dR is the change in global robots (as in the IV for domestic robot exposure), wji

is the wage bill and oji output per worker of industry i in country j.49 The underlying
idea is that an industry with a larger wage bill will have a larger incentive to install
robots, in order to cut production costs. Industries with larger output in turn are more
likely to have the capacity to purchase robots. Accordingly, the instrument for foreign
automation is generated by replacing dARji in equation 1.9 with dR

IVf or
ji . Both IVs

are based on of the fact that the global decline in robot prices is exogenous to single
countries and industries, as well as to cross-sectional predictors that drive automation.

Micro-region exports This section describes the estimation of dyadic exports be-
tween micro-regions in Brazil and foreign economies on their stock of robots in Section
1.4.2. The estimation equation underlying Figure 1.3 is

Xrji,t = β0 + β1ARji,t × ιi + ξri,t + ψrj,t + γrji + εrji,t,

where Xrji,t are exports from micro-region r and sector i to country j in year t measured
in logs and ARji,t is the adjusted stock of robots in country j and sector i, as defined
in equation 1.A.12. The adjusted robot term is interacted with a dummy for sector
i to obtain sector specific coefficients, which are displayed in Figure 1.3. To control
for all possible time varying trends and time invariant characteristics, and following
the structural gravity literature, the regression controls for all possible fixed effects
combinations (Yotov et al., 2016b).

1.A.4 Data Appendix

Routine Task Intensity A measure of routine task intensity of each micro-region is
included to control for other technological progresses affecting employment of certain
workers, most importantly computerization Frey and Osborne (2017). Data of routine
task intensity comes from the O*NET 2000 release, which associates the importance of
certain tasks to 800 occupations in the United States. Following Almeida et al. (2017),
occupations from the US are matched with the Brazilian occupation system CBO50.

49As for the adjusted foreign robot measure, wages and output in the foreign sector are transformed

between foreign sector k and sector i: wji = ∑
k

Xijk,2000
Xjk,2000

wjk and oji = ∑
k

Xijk,2000
Xjk,2000

ojk. As detailed task descrip-

tions about workers’ occupations are not available for each trade-partner country, not the same IV for
domestic and foreign robots could be used.

50I use the crosswalks developed by Hardy et al. (2018) and Muendler et al. (2004) to match O*NET SOC
occupations to CBO Brazil occupations.
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Robot Data Adjustments Two measures for robots are provided in the data, annual
deliveries (sales) and a yearly robot stock. The IFR acknowledges annual shipments
to be more accurate. I therefore follow Graetz and Michaels (2018) and construct a
robot stock based on annual deliveries and a depreciation rate of ten percent. As the
number of unclassified robots is high for certain countries and years, these are pro-
portionally distributed to those that are classified into industries, following Acemoglu
and Restrepo (2020).51

Additional Data Sources Micro-region population and GDP are obtained from the
Brazilian Institute of Geography and Statistics (IBGE). Regional GDP is available from
1997 and population from 1994. Value added data for the mining and industry sectors,
used to construct the instrumental variable, also come from the IBGE. Value added
in other sectors, namely agriculture and service sectors are are taken from The World
Bank (2020). Exports and imports are deflated using the Personal Consumption Expen-
diture deflator. To harmonize wage bills and output data across countries, exchange
rates from The World Bank (2020) are used.

51For countries, in which robots are unclassified before a certain year, robots are distributed according to
the sectoral share of robotsin the first year in which not all robots are unclassified. Also, before 2011,
robots for Mexico, Canada and the United States are reported collectively as North America. To obtain
country and industry-specific data for the whole period, I follow Acemoglu and Restrepo (2020) and
construct the country-specific industry shares before 2011 based on the yearly sectoral share of each
country relative to North America as a whole.
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1.A.5 Additional Figures

Figure 1.A.1: Manufacturing and mining sector trends in Brazil

(a) Share of manufacturing in value added (b) Sectoral exports

Notes: The figure in Panel A displays the share of manufacturing in value added in Brazil between 2000
and 2017. Data comes from World Bank National Accounts data and OECD National Accounts data
files. The figure in Panel B displays the log exports of the Manufacturing sector and the Mining sector
of Brazil between 2000 and 2014. Data comes from the Comtrade Database.
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Figure 1.A.2: Stock of Robots in and abroad by Industry

(a) Stock of robots in Brazil (b) Weighted foreign robots

Notes: The figure in Panel A displays the stock of robots in Brazil between 2000 and 2014 in the 6 indus-
tries with the most robots. In Panel B, the stock of robots in a partner country’s industry is weighted by
the share of each sector’s exports from Brazil to this industry. The right axis refers to the stock of robots
of the Automotive industry in both panels.

Figure 1.A.3: Aggregate stock of robots per worker in Brazil and its instrumental
variable

Notes: The figure displays total robots per worker in Brazil and the instrument for domestic robots as
outlined in equation 1.8.
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Figure 1.A.4: Exposure to foreign robots and micro-region export ratios

(a) Changes in regional manufacturing exports (log) (b) Changes in regional mining exports (log)

Notes: The figure in Panel A displays changes of micro-region manufacturing exports (in logs) and
changes in foreign robot exposure between 1997 and 2014. The figure in Panel B displays changes of
micro-region mining exports (in logs) and changes in foreign robot exposure between 1997 and 2014.

Figure 1.A.5: Dyadic imports

Notes: The figure displays the coefficients of regressing log imports of sector i in micro-region r from
foreign country j on that country’s adjusted sectoral stock of robots per worker (see section 1.A.3 in
the Appendix for more details. Standard errors are clustered on the micro-region-country level. Each
regression includes micro-region × sector × year fixed effects, micro-region × country × year fixed
effects, and country × sector × year fixed effects.
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1.A.6 Additional Tables

Table 1.A.1: Descriptive statistics - Differences between 1994 and 2014 or initial values

Exposure to
Domestic Robots

Exposure to Foreign
Robots

Variables All Regions <Median >Median <Median >Median

Panel A: Outcomes

Tot. Employment Ratio 13.85 10.02 17.68 10.90 16.80
[9.53] [8.98] [8.47] [9.27] [8.86]

Manuf. Employment Ratio 2.42 1.75 3.09 2.19 2.64
[3.44] [2.74] [3.91] [3.21] [3.65]

Mining Employment Ratio 0.11 0.07 0.14 0.05 0.17
[0.88] [0.97] [0.79] [0.83] [0.93]

Log Export 0.08 2.28 1.66 2.57 1.37
[0.84] [4.43] [2.61] [4.46] [2.45]

Log Manuf. Export 0.06 1.51 1.59 1.83 1.26
[0.79] [4.17] [2.84] [4.15] [2.84]

Log Mining Export 0.05 0.92 1.62 0.89 1.65
[0.73] [3.13] [3.53] [3.04] [3.61]

Panel B: Main Covariates

Domestic Robot Exp. 0.02 0.01 0.03 0.01 0.03
[0.03] [0.01] [0.03] [0.01] [0.03]

Foreign Robot Exp. 0.15 0.11 0.19 0.00 0.30
[0.42] [0.38] [0.46] [0.00] [0.56]

HS Graduate Rate 0.23 0.25 0.21 0.25 0.20
[0.09] [0.10] [0.08] [0.10] [0.07]

Higher Education Rate 0.04 0.04 0.04 0.04 0.04
[0.02] [0.03] [0.02] [0.03] [0.02]

(log) Population 11.94 11.60 12.27 11.57 12.30
[0.92] [0.82] [0.90] [0.79] [0.91]

(log) GDP 12.89 12.26 13.53 12.23 13.56
[1.30] [1.06] [1.20] [0.99] [1.23]

Share of For. owned Firms (*100) 0.04 0.02 0.05 0.02 0.06
[0.28] [0.10] [0.39] [0.08] [0.39]

Share of Female Workers 0.28 0.28 0.28 0.29 0.27
[0.10] [0.12] [0.07] [0.12] [0.07]

Avg. Routine Task Intensity 3.16 3.14 3.18 3.14 3.18
[0.10] [0.11] [0.08] [0.10] [0.09]

Manuf. Empl. Share 0.21 0.12 0.30 0.16 0.27
[0.17] [0.12] [0.16] [0.15] [0.17]

Light Manuf. Empl. Share 0.06 0.04 0.07 0.04 0.07
[0.09] [0.09] [0.09] [0.08] [0.09]

Log Imports 0.04 0.86 1.08 0.81 1.13
[0.42] [2.05] [1.60] [2.08] [1.56]

Log Chinese Imports 0.17 3.01 5.02 3.09 4.94
[1.08] [3.64] [3.17] [3.72] [3.13]

Notes: This table provides descriptive statistics, where regions are split into above and below median
exposure to domestic and foreign automation. Employment ratios, exports and imports, and the ex-
posure to robots are given as differences between 1994 and 2014, log micro-region GDP is from 1997
and otherwise values are from 1994. Sample means and standard deviation (in brackets) are displayed.
Light Manufacturing is composed of workers in the Textile and the Paper & Printing industries.
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Table 1.A.2: First stage - Stacked differences (1994-2004-2014)

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

Panel A: Changes in domestic robot exposure
Domestic Robot Exp. IV 0.90∗∗∗ 0.90∗∗∗ 0.91∗∗∗ 0.93∗∗∗ 0.94∗∗∗

(0.02) (0.02) (0.02) (0.02) (0.02)

Foreign Robot Exp. 0.00 0.01 0.02 0.01
(through exports) (0.01) (0.01) (0.01) (0.03)

Foreign Robot Exp. IV -0.01 -0.02 0.01
(0.01) (0.01) (0.02)

Foreign Robot Exp. -0.08∗∗∗ -0.07∗∗∗

(through imports) (0.02) (0.02)

Panel B: Changes in foreign robot exposure
Foreign Robot Exp. IV 0.74∗∗∗ 0.72∗∗∗ 0.72∗∗∗ 0.72∗∗∗ 0.64∗∗∗

(0.11) (0.11) (0.11) (0.11) (0.09)

Domestic Robot Exp. 0.08 0.05 0.10 0.08
(0.06) (0.06) (0.07) (0.16)

Domestic Robot Exp. IV 0.03 -0.03 -0.00
(0.07) (0.09) (0.16)

Foreign Robot Exp. 0.05 0.06
(through imports) (0.04) (0.04)

Observations 1114 1114 1114 1114 1114

State Year FE X X X X X
Regional char. X X X X X
Industry controls X X X X X
Regional import growth X X X X X
Population weighted X

Notes: Standard errors, in parentheses, are clustered on the meso-region level. All specifications include
state-year fixed effects. Regional characteristic controls are the log microregion population, the share
of female workers, the routine task intensity index, the average high school graduate rate, the average
university graduate rate, the share of foreign owned enterprises and log microregion GDP. Industry
controls are the share of manufacturing workers and light-manufacturing workers. Import growth refers
to changes in overall and Chinese imports. * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 1.A.3: IV estimations: alternative specifications

Alternative Domestic
Robot Exposure IV

Long Diff-
erence (1994-2014)

Microregion FEs
(1994-2004-2014)

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

Panel A: Total employment
Domestic Robot Exp. 0.38∗∗ 0.63∗ -0.33 -0.20 0.21 0.41∗∗

(0.17) (0.32) (0.36) (0.32) (0.16) (0.16)

Foreign Robot Exp. -0.13 -0.42∗∗ -0.37 -0.88∗∗ 0.21 0.01
(0.19) (0.18) (0.42) (0.42) (0.22) (0.21)

Panel B: Manufacturing employment
Domestic Robot Exp. 0.19∗∗ 0.24∗∗ -0.22 -0.30 0.02 -0.05

(0.09) (0.11) (0.21) (0.20) (0.08) (0.10)

Foreign Robot Exp. -0.13∗∗∗ -0.16∗∗∗ -0.33∗∗∗ -0.31∗∗ -0.13∗∗∗ -0.16∗∗∗

(0.04) (0.04) (0.12) (0.13) (0.05) (0.06)

Panel C: Mining employment
Domestic Robot Exp. 0.00 -0.01 -0.01 -0.02 -0.01 -0.01

(0.02) (0.01) (0.05) (0.02) (0.02) (0.01)

Foreign Robot Exp. 0.11∗∗∗ 0.05∗∗∗ 0.20∗∗ 0.13∗∗ 0.10∗∗ 0.06∗∗

(0.04) (0.02) (0.09) (0.05) (0.04) (0.02)

Observations 1114 1114 557 557 1671 1671

State Year FE X X X X X X
Regional char. X X X X X X
Industry controls X X X X X X
Regional import growth X X X X X X
Population weighted X X X
Microregion FE X X

KP F-Statistic 1983 1592 1438 1208 1444 899

Notes: Standard errors, in parentheses, are clustered on the meso-region level. In columns 1 and 2, the
alternative instrument for domestic robot exposure is used, while in columns 3-6 the main instrument
is used. In columns 1 and 2, the specification follows column 2 of Table 1.2. In columns 3 and 4 the
outcome and independent variables are defined in long-difference (1994-2014), while in columns 5 and
6 the whole panel is used. All specifications include state-year fixed effects. Regional characteristic
controls are the log microregion population, the share of female workers, the routine task intensity
index, the average high school graduate rate, the average university graduate rate, the share of foreign
owned enterprises and log microregion GDP. Industry controls are the share of manufacturing workers
and light-manufacturing workers. * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 1.A.4: Domestic robots without I-O adjustments (1994-2004-2014)

OLS IV

(1) (2) (3) (4)

Panel A: Manufacturing employment ratio
Domestic Robot Exp. 0.14∗∗ 0.15 0.14∗ 0.18∗

(0.07) (0.09) (0.08) (0.11)

Foreign Robot Exp. -0.11∗∗∗ -0.13∗∗∗ -0.11∗∗∗ -0.14∗∗∗

(0.04) (0.04) (0.04) (0.04)

Panel B: Mining employment ratio
Domestic Robot Exp. -0.03 -0.01 -0.03 -0.01

(0.02) (0.01) (0.02) (0.01)

Foreign Robot Exp. 0.11∗∗∗ 0.05∗∗∗ 0.11∗∗∗ 0.05∗∗∗

(0.04) (0.02) (0.04) (0.02)

Observations 1114 1114 1114 1114

State Year FE X X X X
Regional char. X X X X
Industry controls X X X X
Regional import growth X X X X
Population weighted X X

KP F-Statistic . . 345 465

Notes: Standard errors, in parentheses, are clustered on the meso-region level. Domestic robots are not
weighted by sectoral input-output linkages. All specifications include state-year fixed effects. Regional
characteristic controls are the log microregion population, the share of female workers, the routine task
intensity index, the average high school graduate rate, the average university graduate rate, the share of
foreign owned enterprises and log microregion GDP. Industry controls are the share of manufacturing
workers and light-manufacturing workers. Import growth refers to changes in overall and Chinese
imports. * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 1.A.5: IV estimations: Wages (in logs) - Stacked differences (1994-2004-2014)

All Manufacturing) Mining

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

Domestic Robot Exp. -0.06∗ 0.01 0.03∗ 0.02 0.00 -0.02
(0.03) (0.06) (0.02) (0.01) (0.02) (0.02)

Foreign Robot Exp. -0.01 -0.04 0.01 0.01 -0.02 -0.02
(0.03) (0.05) (0.01) (0.01) (0.01) (0.01)

Observations 1114 1114 1114 1114 844 844

State Year FE X X X X X X
Regional char. X X X X X X
Industry controls X X X X X X
Regional import growth X X X X X X
Population weighted X X X

KP F-Statistic 1800 1281 1800 1281 1783 1544

Notes: Standard errors, in parentheses, are clustered on the meso-region level. All specifications include
state-year fixed effects. Regional characteristic controls are the log microregion population, the share
of female workers, the routine task intensity index, the average high school graduate rate, the average
university graduate rate, the share of foreign owned enterprises and log microregion GDP. Industry
controls are the share of manufacturing workers and light-manufacturing workers. Import growth refers
to changes in overall and Chinese imports. * p< 0.1, ** p< 0.05, *** p< 0.01

Table 1.A.6: Changes in GDP and population - Stacked differences

Population (log) Regional GDP (log)

(1) (2) (3) (4)

Domestic Robot Exp. -0.000 -0.004 0.012 0.007
(0.003) (0.004) (0.012) (0.013)

Foreign Robot Exp. -0.005 0.003 -0.015 -0.011
(0.004) (0.004) (0.011) (0.008)

Observations 1114 1114 1114 1114

State Year FE X X X X
Regional char. X X X X
Industry controls X X X X
Regional import growth X X X X
Population weighted X X

KP F-Statistic 1800 1281 1800 1281

Notes: Stacked-differences are measured between 1994, 2004 and 2014 for population (Panel and) and
between 1997, 2004 and 2014 for GDP (Panel B). Standard errors, in parentheses, are clustered on the
meso-region level. All specifications include state-year fixed effects. Regional characteristic controls
are the log microregion population, the share of female workers, the routine task intensity index, the
average high school graduate rate, the average university graduate rate, the share of foreign owned
enterprises and log microregion GDP. Industry controls are the share of manufacturing workers and
light-manufacturing workers. Import growth refers to changes in overall and Chinese imports. * p<
0.1, ** p< 0.05, *** p< 0.01
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Table 1.A.7: Employment by gender, skill and foreign owned enterprises - Stacked
differences (1994-2004-2014)

Employment
ratios Female Male Skilled

Medium
skilled

Low
skilled

Foreign
owned firms

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

Domestic Robot Exp. 0.151∗∗ 0.076 0.101∗∗∗ 0.221∗∗ -0.096 0.004
(0.075) (0.117) (0.026) (0.102) (0.081) (0.003)

Foreign Robot Exp. 0.015 -0.118 -0.013 -0.084 -0.007 0.001
(0.050) (0.150) (0.017) (0.100) (0.097) (0.001)

Observations 1114 1114 1114 1114 1114 1114

State Year FE X X X X X X
Regional char. X X X X X X
Industry controls X X X X X X
Regional import growth X X X X X X

KP F-Statistic 1800 1800 1800 1800 1800 1800

Notes: Standard errors, in parentheses, are clustered on the meso-region level. All specifications include
state-year fixed effects. Regional characteristic controls are the log microregion population, the share
of female workers, the routine task intensity index, the average high school graduate rate, the average
university graduate rate, the share of foreign owned enterprises and log microregion GDP. Industry
controls are the share of manufacturing workers and light-manufacturing workers. Import growth refers
to changes in overall and Chinese imports. * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 1.A.8: Robustness tests (weighted) - Stacked differences (1994-2004-2014)

Initial population weighted

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

Panel A: Changes in the manufacturing employment ratio
Domestic Robot Exp. 0.19∗∗ 0.16∗∗ 0.21∗∗ 0.17∗ 0.42∗∗∗ 0.50∗∗∗

(0.09) (0.07) (0.10) (0.09) (0.12) (0.13)

Foreign Robot Exp. -0.11∗∗∗ -0.14∗∗ -0.09∗ -0.14∗∗∗ -0.15∗∗∗ -0.14∗∗∗

(through exports) (0.03) (0.06) (0.05) (0.04) (0.04) (0.04)

Foreign Robot Exp. 0.01 -0.02 -0.02 -0.03
(through imports) (0.04) (0.05) (0.04) (0.04)

Panel B: Changes in the mining employment ratio
Domestic Robot Exp. -0.03 -0.00 -0.00 0.00 0.02 0.02

(0.03) (0.01) (0.01) (0.01) (0.02) (0.02)

Foreign Robot Exp. 0.08∗∗∗ 0.05∗∗ 0.06∗∗ 0.05∗∗∗ 0.05∗∗∗ 0.05∗∗∗

(through exports) (0.03) (0.02) (0.03) (0.02) (0.02) (0.02)

Foreign Robot Exp. -0.00 -0.00 -0.01 -0.00
(through imports) (0.01) (0.01) (0.01) (0.01)

Observations 1114 1114 1104 1114 1114 1114

Controls X X X X X X
Mesoregion Year FE X
State Year FE X X X X X
State-level std. error clustering X
Excluding top 5 exposed X
Additional industry controls X X
Additional export controls X

KP F-Statistic 688 728 1818 2222 297 323

Notes: Regressions are weighted by initial population. Standard errors, in parentheses, are clustered on
the meso-region level apart from column 2. In columns 1, meso-region-year fixed effects, while in all
other columns state-year fixed effects are used. All specifications control for the log microregion popula-
tion, the share of female workers, the routine task intensity index, the average high school graduate rate,
the average university graduate rate, the share of foreign owned enterprises, log microregion GDP, the
share of manufacturing workers and light-manufacturing workers. In column 3 the five regions most
exposed to foreign automation are excluded. Column 4 adds foreign robot exposure through imports.
Additional industry controls are the initial shares of workers in the agricultural and automotive sectors.
Additional export controls include the initial exports (in logs) and the initial shares of the agricultural
and food, beverages and tobacco sectors. * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 1.A.9: Shift-share adjusted (AKM) standard errors

Manufacturing
Employment

Mining
Employment

(1) (2) (3) (4)

Panel A: OLS regression
Foreign Robot Exp. -0.121 -0.158 0.113 0.043

(0.047) (0.053) (0.037) (0.036)

AKM Standard Errors
(foreign robot exposure) .0403 .0538 .00579 .00296

Panel B: IV regression
Domestic Robot Exp. 0.100 0.311 0.012 0.009

(0.089) (0.095) (0.030) (0.014)

AKM Standard Errors
(domestic robot exposure) .0966 .159 .026 .0106

Observations 1114 1114 1114 1114

State Year FE X X X X
Baseline controls X X X X
Population weighted X X

Notes: EHW Standard errors in parentheses. AKM standard errors for the instrumented variable are
reported at the bottom of the table. All specifications include meso-region dummies. Regional char-
acteristic controls are the log micro-region population, the share of female workers, the routine task
intensity index, the average highschool graduate rate, the average university graduate rate in 1994, the
share of foreign owned enterprises in 1995 and log micro-region GDP in 1997. Industry controls are
the share of manufacturing workers and light-manufacturing workers in 1994. Export controls include
the initial share of exports of the food and beverage, basic metals, other manufacturing, chemicals and
agricultural sectors. Employment outcomes are the changes in the ratio of the respective employment
to population ratio between 1994 and 2014.

Table 1.A.10: Rotemberg weights

Domestic Automation Foreign Automation

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

Agriculture -0.010 -0.009 0.000 -0.252 0.192 0.028
Food, Beverages, Tobacco -0.001 -0.007 -0.030 -0.203 -0.342 -0.014
Paper and Printing 0.004 0.003 0.003 0.093 0.059 0.050
Rubber and Plastic 0.069 0.060 0.052 -0.002 -0.003 -0.002
Mineral Products 0.067 0.070 0.051 -0.056 -0.031 -0.023
Basic Metals 0.211 0.224 0.218 1.549 1.252 1.054
Fabricated Metal Products 0.045 0.042 0.036 0.008 0.006 0.005
Motor Vehicles 0.557 0.563 0.635 -0.064 -0.050 -0.047
Other Manufacturing 0.016 0.017 0.010 -0.050 -0.035 -0.024

Regional char. X X X X
Industry controls X X

Notes: The table presents Rotemberg weights for the eight industries with the largest weights, follow-
ing Goldsmith-Pinkham et al. (2020). Columns 1-3 show weights for domestic automation exposure
and columns 4-6 weights for foreign automation exposure. Regional characteristics are the log micro-
region population, the share of female workers, the routine task intensity index, the average highschool
graduate rate, the average university graduate rate in 1994, the share of foreign owned enterprises in
1995 and log micro-region GDP in 1997. Industry controls are the share of manufacturing workers and
light-manufacturing workers in 1994.
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Table 1.A.11: Regional imports - Stacked differences (1997-2006-2014)

Difference in asinh(imports)

Manufacturing Mining

Domestic Robot Exp. 0.07∗∗ 0.04∗ -0.04 -0.03
(0.03) (0.02) (0.03) (0.03)

Foreign Robot Exp. -0.01 -0.01 -0.02∗ -0.02
(through imports) (0.01) (0.01) (0.01) (0.01)

Observations 1114 1114 1114 1114

State Year FE X X X X
Baseline controls X X X X
Population weighted X X

KP F-Statistic 2742 945 2742 945

Notes: Standard errors, in parentheses, are clustered on the meso-region level. All specifications include
meso-region trends. Regional characteristic controls are the log micro-region population, the share of
female workers, the routine task intensity index, the average highschool graduate rate, the average uni-
versity graduate rate in 1994, the share of foreign owned enterprises in 1995 and log micro-region GDP
in 1997. Industry controls are the share of manufacturing workers and light-manufacturing workers in
1994. Export controls include the initial share of exports of the food and beverage, basic metals, other
manufacturing, chemicals and agricultural sectors. Outcomes are the changes in imports between 1997
and 2014.

Table 1.A.12: Sector level analysis - Stack differences (1994-2004-2014)

OLS IV

(1) (2) (3) (4)

Panel B: Changes in the manufacturing employment ratio
Domestic Robot Exposure 0.25∗∗∗ 0.15 0.26∗∗∗ 0.18

(0.08) (0.13) (0.08) (0.12)

Foreign Robot Exposure -0.39 -0.35 -0.40∗ -0.37∗

(0.24) (0.25) (0.23) (0.22)

Panel C: Changes in the mining employment ratio
Domestic Robot Exposure -0.03 -0.01 -0.04 -0.03

(0.03) (0.03) (0.03) (0.03)

Foreign Robot Exposure 0.23∗∗ 0.23∗∗ 0.23∗∗ 0.25∗∗∗

(0.10) (0.10) (0.09) (0.09)

Observations 42 42 42 42

Year FE X X
Broad sector × year FE X X

KP F-Statistic . . 45.6 25.1

Notes: Heteroscedasticity robust standard errors are in parentheses. Broad sector fixed effects include
indicators for the agricultural, light manufacturing, manufacturing and service sectors. Employment
outcomes are the changes in the ratio of the respective employment ratio between 1994-2004-2014.
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Chapter 2

Dealing with Agricultural Shocks:
Income Source Diversification through
Solar Panel Home Systems

joint work with Krisztina Kis-Katos, Friederike Lenel, Christoph Weisser

Abstract Solar panel home systems can help farmers in rural areas to mitigate in-
come losses when they experience agricultural shocks. To study this, we exploit a
unique dataset, containing information on hourly electricity usage and daily loan re-
payment of 20,000 customers of a solar panel company in Tanzania. Customer survey
data combined with supervised machine learning allows us to classify the customers’
daily electricity usage patterns and predict the likelihood of electricity usage for busi-
ness purposes. We measure agricultural shocks based on local variation in plant health
across growing seasons, based on remotely sensed data. Our results show that farm-
ers make use of the solar panel system for income generation when facing harvest loss.
This is in particular driven by customers with fewer resources and those living in more
remote areas where little alternative employment opportunities exist. Furthermore,
customers who are more likely to use their solar panel for business purposes face less
loan repayment difficulties after an agricultural shock. We find the adjustment to be of
temporary nature: farmers do not shift their resources into the new business activity
permanently but rather use the panel as a tool for short-term relief to stabilize their
income situation.

Keywords: Agricultural shocks, farming, solar panels, loan repayment

JEL Classification: O13, Q15, Q42, C55
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2.1 Introduction

Climate change is increasingly leading to unpredictable weather events around the
world (Lobell et al., 2011; Serdeczny et al., 2017). With more than half of its population
employed in the agricultural sector (OECD & FAO, 2016) and 95% of cultivated land
being rain-fed (Nash et al., 2013), Sub-Saharan Africa (SSA) is particularly exposed to
changing climatic conditions. Shocks to crops and agricultural land, in the form of
droughts, floods and pests have increased in frequency, duration and magnitude over
the past half century and will continue to do so in the future (IPCC, 2021). Agricultural
production in SSA is predicted to decrease by between 8% and 22%, depending on the
type of crop, by 2050 (Schlenker and Lobell, 2010). As agricultural yields are becoming
more volatile, it will be vital to increase the resilience of farmers to such shocks while
at the same time reducing their exclusive reliance on farming activities.

Farmers have been shown to cope with vegetation shocks by adapting their farming
practices (Bryan et al., 2009; Roncoli et al., 2001; Thomas et al., 2007), by diversifying
their income sources through off-farm engagements (Branco and Féres, 2021) or, in
more extreme cases, through migration (Gray and Mueller, 2012; Cattaneo and Peri,
2016). The set of alternative coping strategies depends on the available resources and
local circumstances, often resulting in sub-optimal adaptation decisions with severe
long-term consequences.1 Diversification is usually costly, difficult to maintain in the
long-run and successful only when markets are well-functioning and assets are avail-
able (Dercon and Krishnan, 1996; Barrett et al., 2001; Call et al., 2019).

In this paper, we investigate the potential of solar panel systems, a technology that
by now is widely available in SSA, to diversify income sources and thereby mitigate
income losses after vegetation shocks. In the context of rural Tanzania, we show how
using solar panels for business purposes can mitigate credit repayment difficulties in
times of harvest loss, by enabling individuals to generate additional income in the
local service economy. We exploit a unique set of high-frequency electricity usage and
daily repayment data, provided to us by a clean energy company that sells solar panel
home systems in East Africa. We focus on roughly 20,000 farmers in Tanzania, who
purchased a solar panel system on loan between 2015 to 2018. Each system comes with
a number of different appliances (such as lights, TV, mobile phone charger, radio, etc.)
that can be used both for private consumption and for small-scale business purposes.
The repayments for the loan can be flexibly made within three years. Each repayment
charges the solar system automatically, similar to pay-as-you-go products; the system

1In a review of rural livelihood diversification strategies, Alobo Loison (2015) emphasizes that only
wealthier smallholders are successful at diversifying their income sources. Asset constraints and limited
access to credit and new technologies hinder a large proportion of smallholders to benefit from diversi-
fication (Barrios et al., 2008). As a result, agricultural shocks have a stronger negative impact on workers
living close to subsistence (Jayachandran, 2006).
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shuts off automatically when payments are insufficient. In the long run, a customer
risks losing the system once the system has been shut down for more than 30.5 days
per year. More frequent system shut-downs after agricultural shocks can therefore be
taken as an indicator of a customer’s increased financial distress.

Our analysis consists of three steps. We first identify locality-specific vegetation shocks
in Tanzania for the 1,919 wards in our sample by calculating deviations from a long-
term average vegetation index over the growing season. Relying on daily vegetation
estimates based on satellite data (NOAA STAR, 2018), we are able to identify the exact
timing of local agricultural shocks. As agricultural seasons vary widely across Tanza-
nia (Kaminski et al., 2016), we define location-specific growing and harvesting seasons
in order to assess when the relevant negative vegetation shocks occur. In a second
step, we use individual hourly electricity usage data to identify days during which
customers are more likely to have used their solar system for the purposes of small-
scale business. We rely on information from a detailed customer survey that asked
randomly selected households whether they have used their solar system for business
purposes during the last month. We combine this information with daily electricity us-
age data to train a supervised machine learning classifier to predict for each customer-
day observation the likelihood that the solar panel was used for business purposes.
Based on these results we make out-of-sample predictions for all remaining customers
and time-spans.

Third, we combine the localized vegetation shocks with predicted individual business
usage and loan repayment data in a regression framework to analyse how farmers cope
with agricultural loss. Having the means to generate additional income on the side
is especially valuable for farmers who are increasingly exposed to extreme weather
events. We therefore hypothesize, that (1) farmers are more likely to make use of their
solar panel system for income generating activities when facing a harvest loss, and that
(2) this in turn helps them to mitigate the negative income effects. As localized crop
failure at an aggregate scale can be considered exogenous to each farmer’s individual
behavior, this approach helps to causally identify whether individuals in rural areas
leverage electricity access through solar panels to diversify their income and mitigate
income losses. We include a rich set of fixed effects in our estimations, controlling for
all unobserved customer characteristics and district-level developments over time, and
address further concerns to causal identification in a number of robustness tests. In ad-
dition, we study which factors determine the feasibility of this strategy. Guided by the
literature on income source diversification, we focus on wealth, alternative employ-
ment opportunities and farming practices. As solar panel-based small scale businesses
require little additional investment, we expect the panel to provide valuable off-farm
business opportunities in particular for households with limited resources. We expect
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solar panels to be also more useful for income generation in more remote areas where
few off-farm employment alternatives exist and access to finance is limited.

Three results follow from our empirical analysis. First, local vegetation shocks increase
the probability of subsequent loan default. A one standard deviation decrease in vege-
tation health during the growing season increases the number of system shut-off days
due to insufficient payments in the harvest season by about 6.7 percent. Second, farm-
ers tend to rely more on their solar panel system for business purposes in a harvest sea-
son that follows a weaker-than-usual growing season, although the average increase
only amounts to about 2 percent of a standard deviation. Third, farmers who use their
solar panel system for business encounter fewer cash-flow problems when facing har-
vest loss: they accumulate a lower number of system shut-off days and are able to
make on average larger repayments. Our results are robust to a number of different
specifications, using different vegetation shock and business classification measures
and controlling for other factors that might induce or prevent farmers from using their
system for business purposes. We furthermore find that especially poorer farmers and
farmers who live in more remote areas are more likely to use their solar panel for
business in the aftermath of an agricultural shock, probably as they lack access to alter-
native coping strategies. Finally, we show that farmers do not shift their resources into
the new business activity permanently, but only use the system as a tool for temporary
relief in order to stabilize their income situation.

This paper makes three main contributions to the literature. First, it highlights the po-
tential of solar panel home systems as a tool for income diversification. Our results
indicate that the additional income not only helps repaying the large investment but
also provides means to reduce the vulnerability to extreme weather events. To the best
of our knowledge, this potential has so far received limited attention. Indeed, the liter-
ature on uptake and impacts of low-cost solar panels is still in its infancy. In terms of
income generation, Wassie and Adaramola (2021) find that micro-businesses in South
Ethiopia that use solar panel systems tend to be more productive, while in a survey
of the existing literature, Lemaire (2018) documents only a modest correlation of solar
panel usage with income and poverty indicators.2 All existing studies on solar elec-
tricity usage behavior are exclusively based on survey data, which inhibits analyzing

2The broader evidence on the socioeconomic impacts of electrification in Africa, mostly measured as
household connection to the electricity grid, is mixed. In contrast to positive findings in Asia and Latin
America especially in terms of manufacturing employment, labor supply and educational attainment
(Lipscomb et al., 2013; Thomas et al., 2020; van de Walle et al., 2017), there is no clear evidence about
electrification causing economic development and alleviating poverty in Africa (Bayer et al., 2020; Lee
et al., 2020b; Lenz et al., 2017; Peters and Sievert, 2016). Even though households in Africa are willing
to spend large parts of their income on electricity, a major constraint is the level of costs of access to
electricity, which hamper private investment in electricity grids (Grimm et al., 2020). Households that
are willing to spend more on electricity are those that will gain most from electrification (Lee et al.,
2020a). Grimm et al. (2020) conclude that small-scale and low-cost solar panels are a preferred measure
to reach electrification in rural areas.
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changes in usage behavior over time.3

Second, high-frequency observational data on daily repayment and electricity con-
sumption allows us to study the direct economic impact of agricultural shocks on
small-holder farmers as well as their adaptation dynamics. Combined with rich sur-
vey and geo-referenced data, we are able to study the potential drivers of adaptation
strategies as well as their success. This contributes to the literature on farmers’ adap-
tation strategies to agricultural shocks, which typically relies on survey data: Farmers
respond to rainfall shocks by taking-up off-farm employment (Branco and Féres, 2021;
Chuang, 2019). Yet, such income diversification depends on local conditions, such as
the availability of off-farm employment (Jayachandran, 2006; Blakeslee et al., 2020) or
flexible labor regulations (Colmer, 2021) and available income (Macours et al., 2012).4

Furthermore, such diversification strategies are not always beneficial but can also re-
sult in harmful outcomes: off-farm employment is often associated with low wages
and poor working conditions and can lead to on-farm labor shortages (Antwi-Agyei
et al., 2018). Indeed, Fink et al. (2020) show that alleviating temporary liquidity con-
straints of farmers through season-specific loans can reduce the necessity to search for
low-wage piece work. We contribute to this literature by identifying economic effects
and shifts in labor supply based on observational data and by studying behavioral
dynamics across seasons.

Third, we identify localized vegetation shocks based on satellite data that directly re-
flect plant health and capture what farmers observe on the ground. We therefore do
not focus only on a specific type of shock that affects crops, such as droughts or floods,
but include all types of shocks that are relevant for farmers in our setting. This adds
to the literature that studies the impact of localized weather shocks on the household
or individual level. Rainfall deviations and drought are usually found to be associ-
ated with lower health outcomes, educational attainment, socio-economic status and
consumption, and increasing poverty (Mueller et al., 2014; Kjellstrom et al., 2016; Jes-
soe et al., 2018; Hyland and Russ, 2019; Joshi, 2019). Also, loan repayment is shown
to suffer in the aftermath of extreme climatic events (Castro Iragorri and Garcia, 2014;
Pelka et al., 2015; de Roux, 2021).5 Even though farmers in rural areas report pests

3Relying on similar data from the same company, Weisser et al. (2021) introduce the classification ap-
proach of electricity usage for business purposes and show that business usage is correlated with a
lower likelihood of default. To the best of our knowledge, this is the only paper that uses high-frequency
observational data to study solar panel usage behavior.

4Declining trade costs and the resulting market integration decrease the magnitude of income losses
through rainfall shocks and induce farmers to plant crops with less volatile yields (Burgess and Donald-
son, 2010; Allen and Atkin, 2016).

5Collier et al. (2011) find a stark increase in restructured loans in response to the 1997–1998 El Nino in
Peru. Linking precipitation data to loan repayment over a longer time period, Pelka et al. (2015) show
an increase in delinquency rates of farmers in Madagascar in the aftermath of excessive rains; similarly,
de Roux (2021) shows that excessive rains increase the likelihood of late payments of coffee farmers in
Colombia, though he finds no negative impact in the long run. Studying default risk models on a more
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and infestations to be among the most frequently experienced causes for crop failure
(Abid et al., 2020; Salazar and Rand, 2020), only a small number of papers considers
these types of shocks. These studies typically rely on survey data where pests are one
of several categories for causes of crop-loss (Beegle et al., 2006; Dercon and Krishnan,
2007; Porter, 2012). Our measure of vegetation stress accounts for such shocks beyond
drought and excessive rain. At the same time, we show in further robustness checks
that our mitigation results can be reproduced relying on the arguably more exogenous
rainfall deviation data as well.

The rest of the paper is structured as follows. In the following section, we present the
setting of our analysis in more detail and derive our hypotheses. Section 2.2 presents
the different data sources, whereas section 2.3 outlines the empirical approach by de-
riving the measures for vegetation shocks, and presenting the machine learning ap-
proach to classify business usage as well as the empirical models. Section 2.4 presents
the empirical results and addresses robustness issues. Section 2.4.3 discusses possible
channels and alternative explanations, whereas Section 2.5 concludes.

2.2 Setting and Data

2.2.1 Setting

Our analysis relies on proprietary customer data, shared with us by a clean energy
company that operates in several countries in East Africa. We focus on Tanzania, where
the company has been selling solar panel home systems to households on credit since
2011. The data span until the end of 2018. By then, the company’s customer base
included about 100,000 households.

The solar panel home system comes with a number of appliances (TV, radio, mobile
phone charger, lamps, etc.). The company sells its products mainly through its own
outlets that are located in towns throughout the country. The typical customers are
low-income households living in rural areas, where solar panel home systems serve as
an alternative energy source due to very low rates of electrification. In 2016, less than
10% of the population living in rural areas in Tanzania had access to electricity (World
Bank, 2015). The company offers three different system types to match the varying
electricity needs and payment abilities of the different customer groups. The systems
cost between 600 USD and 1,300 USD, requiring a substantial financial investment as
compared to the average income in Tanzania.6 The types differ in the panels’ power

aggregate level, Castro Iragorri and Garcia (2014) shows that rainfall variability is an important factor
in predicting credit default.

6The annual GNI per capita in current terms in Tanzania for the years 2014 to 2017 was 970 USD https:

60

https://data.worldbank.org/indicator/NY.GNP.PCAP.CD?view=chart
https://data.worldbank.org/indicator/NY.GNP.PCAP.CD?view=chart


2 Agricultural Shocks and Diversification

(80Wp, 120Wp or 200Wp) and the additional appliances that come with each system.
All solar home systems come with a four year warranty and close customer support.

Almost all customers purchase their solar home systems on credit; by the end of 2018,
only 5% of all systems were paid in full at the time of their purchase. A detailed phone
interview assesses eligibility for the loan. After approval, borrowers are required to
pay 5% of the total system costs immediately, receive the system, and have then three
years to repay the remaining amount. There is an incentive to repay faster: borrow-
ers receive a 10% discount on the system price if they repay within 2 years and a 20%
discount if they repay within one year. The company facilitates loan repayment by op-
erating a highly flexible repayment system that allows customers to choose the timing
and amount of their payments. Customers use mobile money to make their payments
(usually through MPesa) either through their own account or through a mobile money
agent. As long as the loan has not been fully repaid, the system operates like any pay-
as-you go device where each loan payment also charges the system to function for as
many days as the payment translates to. The system shuts down as soon as the full
charge has been used up (that is when a next payment is due) and will only become
functional again once a new payment has been made. The off-periods of the system
are recorded and can be used to assess the timing and length of repayment difficulties
that each customer encounters. Customers are allowed to have their system off for an
accumulated period of 30.5 days per year. If this period is exceeded, customers are at-
tended to by a loan field officer. If a customer is not able or willing to pay, the system is
de-installed. Using the same data, Grohmann et al. (2020) show that customers flexibly
adjust loan repayments to their individual income streams.7

The system can be used both for private consumption and to generate income. Survey
data suggests that around 20–30% of the borrowers use their system to also generate
income. Of those, some use the panel exclusively for business purposes, in particular,
for shops, bars and restaurants. Lights allow for longer opening hours, while the radio
and the TV make the venues more attractive. Yet, most use the system primarily for
private purposes and generate income with it only on the side. They then supplement
their main income e.g., by charging the phones of other villagers against a small fee or
by operating home cinemas for a certain period of time. These types of businesses do
not require large investments and can be set up relatively easily. In particular, when
facing income losses from their main occupation, customers might make use of this
possibility.

//data.worldbank.org/indicator/NY.GNP.PCAP.CD?view=chart.
7In general, the literature on flexible loan contracts shows that such contracts can enhance entrepreneurial
risk taking and increase business profits (Battaglia et al., 2018). They also help to mitigate income shocks
but this may come at the cost of increased default rates (Czura, 2015). In our setting, however, Grohmann
et al. (2020) show that customers who repay in a less regular manner are not more likely to default.
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2.2.2 Data

For our empirical analysis, we combine customer-specific information provided to us
by the clean energy company—namely, customer characteristics, repayment behav-
ior, and electricity consumption—with geo-referenced indicators of local fluctuations
in plant health. We obtained full customer data on all borrowers from July 2015 to
November 2018. Although the company started its operations in Tanzania in 2011, we
only use data starting with July 2015 as by this time the company started to follow
standardized and well-established procedures and had a substantial enough customer
base.

To increase the comparability across customers, we focus on customers that bought the
more common 80W or 120W systems and exclude the most expensive system type of
200W. Our data only includes borrowers who bought the system on credit and who
took at least one year to repay the system (excluding about 5% of all customers who
pay the system by cash on receipt and 7% who take less than one year to repay the full
loan). Customers can purchase multiple systems and additional appliances from the
company, for each of which a new credit line is then opened. For the 10% of customers
that have more than one, we focus on the first credit line. We exclude systems that are
very rarely used (with on average less than 10 Watt hours of electricity consumption
per day).

Since we are interested in whether solar panels can help farmers to mitigate agricul-
tural income shocks that are linked to crop failure, we focus on rural customers who
reported at the time of the purchase farming as a source of income. We classify areas
as rural according to the definition of National Bureau of Statistics of Tanzania and
identify farmers based on the types of occupation reported in an initial loan eligibility
interview. This leaves us with a total of 19,939 borrowers and 13,566,412 borrower-day
observations for a time period from July 2015 to November 2018. Figure 2.A.2 in the
Appendix displays how our sample of customers is spread out across Tanzania.

Customer characteristics We derive customer characteristics from socio-economic in-
formation collected by the company during the loan-eligibility interviews. As the ques-
tionnaire of the loan-elegibility interview changed over time, certain characteristics are
not available for all customers in our sample. We combine this with location specific
information on financial access points using data from the Financial Sector Deepening
Trust (FSDT).8 Panel A of Table 2.A.1 in the appendix shows the socio-economic profile
for our sample of customers. 16% of borrowers are women and they live in relatively
large households with 4.6 people per household on average. Farmers produce on aver-

8https://financialaccessmaptz.com.
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age 46 bags of maize in a season (90% of farmers reported to grow maize and for 75%
of them, maize is the main crop). In our sample of rural areas, the average distance
to the next town (with more than 20,000 inhabitants) is 50 kilometers. Nonetheless,
most of the customers live near to some kind of financial service provider: Within 5
kilometers from their home, 63% have a mobile money agent and about 38% have a
bank agent.9 Half of the farmers in our sample run a business on the side (already at
the time of the loan interview) and 10% are employed. Farmers produce on average
46 bags of maize in a season (90% of farmers reported to grow maize and for 75% of
them, maize is the main crop). 40% of the farmers state that they usually spend money
on farming equipment and 22% irrigate their farm-land. Compared to the Tanzanian
population, farmers who purchase a solar panel on credit are slightly older and have
larger household sizes; they are furthermore more likely to run their own business but
less likely to be wage employed, while, compared to the population of farmers, they
more often irrigate their lands.10

Loan repayment Each payment a borrower makes is recorded by the mobile money
operator at the time of the payment. The data is instantly shared with the solar panel
company so that the system can be charged accordingly. From this data we can infer the
timing, frequency and amount of payments as well as the timing, frequency and dura-
tion of system shutdowns. We aggregate the borrowers’ payments on a daily level. For
each day in the life of a borrower, we know the amount of payments a borrower made
and how much charge-time such a payment translates to. We use this information to
further calculate whether and for how long a system was switched off if no payment
was made. The repayment data shows that customers indeed repay flexibly. The me-
dian customer charges the system for 11 days, but there is large variation (see Panel B
of Table 2.A.1). In our sample of farmers in rural areas, two-thirds of customers have
had their system turned-off for at least one day, i.e. they were late in their payments
at least once. Yet, customers tend to repay fast. The average period of consecutive off-
days does not exceed two days for half of the customers. Among the remaining half,
the average number of consecutive off-days is fifteen. A prolonged system shut-down
is indicative of more substantial cash-flow problems and can finally result in default.

9We link financial access points and distance to the next city to customers via their GPS coordinates.
For customers for whom this information is missing, we calculate the ward-level average distance, and
assume that they have access to the respective financial service if more than half of the customers in our
sample living within the same ward do.

10According to the 2014-2015 wave of the Living Standards Measurement Survey, 29% of Tanzanian house-
holds were headed by a women. The average age of the population is 22, while the average age of
a household head is 44. The average number of household members is 3.7. Half of the household
heads report farming as their main activity, whereas about 17% run their own business and 13.5% are
wage employed. From the sample of households with farming activities and 3% irrigate their land
(https://microdata.worldbank.org/index.php/catalog/lsms).
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Roughly 8% of our customers defaulted on their solar-panel system loan altogether.11

Electricity usage High-frequency electricity usage data allows us to observe the elec-
tricity consumption behavior of all customers throughout time. Each solar panel home
system records electricity generation and outflow at two different loads (small and big
load) every ten minutes. We aggregate this data by hour and load to describe the elec-
tricity usage patterns for each customer-day observation. On a sunny day, an 80W
(120W) system can produce up to 400 (600) Watt per day; energy production reduces
by 30–40% on cloudy days and by 60–80% on completely rainy days. The solar panel
system is set up in a way that it only allows plugging in appliances purchased from
the solar panel company. Hence, electricity usage depends on the type of appliances
purchased with the system and their intensity of usage throughout the day. On aver-
age, customers consume 7.7 Watt per hour, with the system being used primarily in
the late evening, and least in the early morning (see Panel C of Table 2.A.1). 95% of
the customers use less than 300 Watt hours of electricity per day, and hence the daily
productive capacity of the solar panel even on a cloudy day is larger than what most
of the users can consume.12

Vegetation data To define vegetation shocks, we use variations from the Normal-
ized Difference Vegetation Index (NDVI) by looking at deviations of region-specific
seasonal NDVI from its long-term average. The NDVI is calculated with remotely
sensed radiance values in both the visible and near-infrared channels. It measures the
presence of the chlorophyll pigment, indicating the health of vegetation (Tucker, 1979;
Tucker et al., 2005). Data comes from the Center for Satellite Applications and Research
of the National Oceanic and Atmospheric Administration (NOAA STAR, 2018). It con-
tains weekly NDVI estimates on a 4km raster level. Although in economic studies the
NDVI has received limited attention, it is widely used for drought and early famine
detection, index-based insurance, crop yield forecasts and measuring environmental
change (Roerink et al., 2003; Peters et al., 2002; Mkhabela et al., 2005; Pettorelli et al.,
2005; Karnieli et al., 2010; Chantarat et al., 2013; IPCC, 2019; Meroni et al., 2019).13 Panel

11As an illustration, Figure 2.A.3 in the Appendix shows repayment of two random borrowers who re-
ceived the system at the end of April 2017. Repayment behavior differs strongly both in amounts and
regularity.

12In all analyses, we control for cloud coverage to account for lower electricity production. Yet, since
our main outcomes are measured outside of the rainy season, where days are typically sunny, some-
times cloudy but rarely rainy, for most customers fluctuations in electricity usage reflect changes in the
demand for electricity, whereas supply factors play a relatively minor role.

13In economic studies, the NDVI has been used for instance by Emerick (2018), who estimates trading
frictions in new crop varieties, using the index to observe plant health after floods. Beg (2021) analyzes
the economic effects of a property rights reform in Pakistan, with the NDVI as measure of agricultural
output. Pape and Wollburg (2019) use the NDVI to measure the impact of drought on poverty, consump-
tion, and hunger. Lybbert and McPeak (2012) study uncertainty and risk preferences among pastoralists
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D of Table 2.A.1 shows that, on average, the local NDVI during our sample period is
similar to its long-term average.

Further data sources We rely on daily precipitation data on the 0.5 degree grid-cell
level to establish the local timing of growing seasons. Data comes from the Climate
Hazards Group Infrared Precipitation with Station database (CHIRPS) (Funk et al.,
2015). We calculate regional and seasonal cloud cover with data from MODIS Terra 8-
day surface reflectance products (Vermote, 2015). Ward level population statistics and
rural/urban definitions come from the 2012 Census of Tanzania. Further, we use data
from a survey conducted with a small subset of customers, in order to identify those
which use their system for business purposes (more details are provided in section
2.3.2).

2.3 Empirical Approach

In order to estimate whether the usage of solar panel home systems contributes to
mitigating income shocks in the aftermath of crop loss, we first specify the local agri-
cultural seasons and define vegetation shock indicators. In a second step, we derive
a time-variant measure for the likelihood of business activity based on electricity con-
sumption patterns. Our subsequent empirical analysis links customers’ repayment
behavior in the harvest season to the agricultural shocks experienced in the preceding
growing season and investigates whether business usage of solar panels can have a
moderating effect.

2.3.1 Measuring Seasons and Vegetation Shocks

Defining Growing Seasons Agricultural shocks arise primarily during the grow-
ing season and hence, their precise measurement requires information on the timing
of seasons. As Tanzania covers a large number of climatic zones, with large spatial
differences in yearly rainfall patterns and both unimodal and bimodal yearly rainfall
regimes, the measurement of growing seasons needs to be location-specific. We build
on Dunning et al. (2016) and Liebmann et al. (2012) to define location-specific grow-
ing seasons for each of the 1,919 wards (ADM3 regions) included in our sample. We
first determine the local length and approximate timing of growing seasons based on
historical rainfall patterns and then establish the onset of each annual growing season
based on actual rainfall.

in Kenya, estimating pastoral land quality through the NDVI.
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In the first step, we identify for each ward the ‘usual’ onset and cessation of a grow-
ing season following the procedure suggested by Dunning et al. (2016). We aggregate
rainfall to the ward level by taking the average over each 0.05 degree grid-cell within
the ward. We first calculate the cumulative daily precipitation anomaly, which is the
cumulative sum of the difference between the daily precipitation and its historical av-
erage, smoothed over one month. The local minimum and the subsequent maximum
of this curve (calculated over nine days each) define the start and end point of each
growing season. A season must last for at least one month to be considered and there
must be at least 30 days between two growing seasons. This ensures that there is a
maximum of two growing seasons per ward and year. We calculate historical averages
based on 20 years of data from 1995 to 2014 in order to avoid concerns about long-run
changes in rainfall patterns (Kotir, 2011), and to ensure that our definition of seasons
is not confounded by weather shocks that occur during our study period.

The second step accounts for the fact that rainy seasons start at different points in time
across years. We observe the minimum daily cumulative rainfall deviation within 50
days (20 days) before and after the ‘usual’ season onset and end to define the year-
specific season onset for unimodal (bimodal) rainfall regimes. By doing so, we hold
the local length of each growing season constant (in contrast to Dunning et al., 2016)
but flexibly adjust its starting point. As drought shocks mechanically lead to shorter
growing seasons, fixing the seasonal length allows us to construct agricultural shock
variables that are comparable over time. Moreover, since the procedure associates lit-
tle overall rainfall with a late onset of the growing season, we restrict the yearly rainy
season to start at most 5 weeks before or after the onset of the usual growing season for
unimodal and 3 weeks for bimodal rainfall regimes. Figure 2.1 displays weekly pre-
cipitation in two exemplary wards and overlays it with our definition of local growing
seasons and further variables. The graphs show a substantial overlap between rainfall
patterns and our definition of local growing seasons, but at the same time they demon-
strate a substantial variation in rainfall over time. In 84% of all wards the growing
seasons are unimodal like in Izazi (panel a). When growing seasons are bimodal like
in Shakani (panel b), in our empirical analysis we focus on the growing season that is
followed by the longer harvest season.

Measuring agricultural shocks Our agricultural shock variables rely on modelled
local NDVI data to assess deviations in plant health within each growing season from
its long-term local average. Typically the NDVI will increase throughout the growing
season and will start to decrease before or right after its end (Mkhabela et al., 2005).
Figure 2.1 shows that increases in the weekly NDVI in our two selected wards follow
increases in rainfall with a lag and usually peak close to the end of the growing season,
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Figure 2.1: Season definition, precipitation and NDVI

(a) Izazi (b) Shakani

Notes: This figure presents weekly precipitation, season definitions, weekly NDVI and the usual histor-
ical NDVI values for two ADM3 regions in Tanzania. Precipitation is re-scaled to fit the graph. Within
each region the length of each season is kept stable over time, while the season start varies. Historical
NDVI values are calculated as the weekly mean between 1995-2014.

reflecting vegetation growth before the harvest. To assess the strength of agricultural
shocks within the season, we compare the values of actual NDVI to a measure of ‘usual’
NDVI that is computed based on weekly data from 1995 to 2014 during each growing
season. Our main agricultural shock variable captures the relative gap between the
seasonal average of current and ‘usual’ NDVI in form of a percentage deviation. We set
the shock variable to zero when average NDVI and hence plant health is above its long-
run average. We expect shocks to be more harmful, the longer the vegetation stress
lasts and the larger the NDVI deviation is from its historical value. Both dimensions
are reflected in our measure of relative deviation. Alternatively, we use the deviation
of the season’s median NDVI from the long-run median for robustness checks. To ease
interpretation, in regressions we standardize the shock variable to have a mean zero
and standard deviation of one. As displayed in Figure 2.1, in Izazi, the largest relative
negative deviation as compared to the usual NDVI occurred in 2017, with no negative
average deviation in 2016 and a more moderate one in 2018. In Shakani, NDVI losses
during the second growing season have been relatively more substantial in 2016 and
2018 and virtually absent in 2017. In a similar vein, Figure 2.A.4 in the Appendix shows
substantial spatial variation in the average magnitude of negative vegetation shocks in
the year 2017.

Relying on the NDVI to measure vegetation shocks has several advantages in our con-
text. First, as the index reflects plant health, it provides a good indication of what farm-
ers observe on the ground and thus can react to. At the same time, due to its relatively
coarse spatial resolution, the index only reflects aggregate outcomes at the ward level
and is unlikely to be affected by the behavior of individual farmers. Second, defin-
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ing shocks based on the NDVI data reduces the potential of mis-measurement driven
by single days with large deviations in rainfall or temperature. As rainfall is char-
acterized by much larger fluctuations between different days, not all deviations from
norm will directly impact plant health. Because of this, NDVI is also less sensitive to
mis-measurement in the start or end-dates of seasons. Third, NDVI fluctuations also
capture other sources of plant health stress beyond weather shocks and thus can help
to identify a wider range of shocks affecting agricultural productivity. For instance, lo-
cal plant health may decline not only due to droughts or excessive rain, but also due to
other natural catastrophes like a pest infestation that destroys the crops, or a pandemic
that causes a shortage in agricultural labor.

2.3.2 Classifying Business Users by Machine Learning

In order to understand whether solar panels are also used as a shock-coping strat-
egy, we need comprehensive information on business activities for each customer.
Although information on income generating activities could theoretically be also col-
lected through repeated customer surveys, generating comprehensive data on business
usage is costly and may suffer from reporting and recollection biases. This is especially
problematic as we expect households to use solar panels for income generation only
periodically and hence small-scale business usage is likely to fluctuate substantially
over time. High-frequency electricity consumption data serves as a promising alterna-
tive data source for inferring whether customers are operating a small-scale business
at any point in time based on the patterns of their electricity consumption. Anecdotal
evidence from the field together with insights from a small-scale survey suggest that
customers who operate small-scale businesses use electricity in a different way than
those who only consume electricity privately.

Insights from survey data We identify differences in electricity usage patterns across
customers by relying on customer survey data that records detailed information on the
purpose of electricity usage. The survey was conducted in November 2018 with 315
customers and asked about whether they have been using electricity from their solar
panel system for business purposes during the past month.14 Of the surveyed cus-

14The customers targeted by the survey were randomly selected from all customers that had the system for
at least 6 months and had had at least one system shut-off day in the past. They are thus not necessarily
representative of our sample. Table 2.A.3 compares the main characteristics of the small survey sample
and the full sample. They are quite similar in terms of electricity consumption (Panel C), but differ in
terms of repayment. Customers in this survey sample repay less on average, but also have fewer off-
days, compared to the full sample. In terms of customer characteristics, respondents of the small survey
are more often female, employed and have smaller household sizes, but have similar maize yields and
farming practices. Lastly, the regions of the two samples do not differ in terms of the average vegetation
index (Panel D).
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tomers, 22% indicated to have used the system also for business purposes whereas the
other customers were using electricity exclusively for private consumption. Panel (a)
of Figure 2.2 illustrates electricity consumption patterns of four customers on a char-
acteristic day in the month before the survey, two of whom reported to have also been
using the system for business. Business user 1 and private user 2 both use electricity
for overnight lighting, but the private user does not power other appliances during the
day whereas the electricity consumption of the business user increases sharply in the
evening. By contrast, business user 2 relies on large electricity loads throughout the
whole day and shuts down all appliances overnight. Finally, private user 1 consumes
larger amounts of electricity in the morning and the evening, but also moderate levels
of electricity during the daytime.

Figure 2.2: Daily electricity usage profiles of selected users and on average

(a) Selected users (b) Average use by business type

Notes: Panel (a) presents the electricity usage profile of four customers on one selected day (two business
and two private users). Panel (b) presents average daily usage profiles by the type of business.

When we average these patterns across all customers during the four weeks preced-
ing the survey in panel (b) of Figure 2.2, we see a somewhat higher electricity usage
among business customers also on average (see also Figure 2.A.5 in the Appendix),
although the differences are less striking. While private and business users consume
on average similar levels of electricity during the morning, the difference becomes
more pronounced during the day and early evening, before converging again at night.
Customers who use their solar panel system to run a home cinema have the largest
electricity consumption from noon until the night. The second highest energy flows
throughout the day stem from phone charging businesses that can charge up to 10 mo-
bile phones in parallel. Restaurant and bar operators in turn require a lot of electricity
only in the afternoon until early evening. Purely private customers use their system
primarily in the evening. This could be driven by returning home from work, and
powering lights as well as entertainment appliances.
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Generating labels and features Based on this contextual information and the insight
that daily energy usage patterns are likely to change with business usage, we use a
machine learning approach to determine the likelihood that each customer-day obser-
vation reflects energy use for business purposes. To train the machine learning clas-
sifier, we use the electricity usage data of the surveyed customers over three months
preceding the survey. The survey data provides us with so-called labels, which classify
customer-day observations either as business or private consumption days on the ba-
sis of the customer survey. From the included total 22,068 customer-day observations
4,588 are labelled as business user days and 17,480 as non-business user days. Business
customers are remarkably similar to pure private users (as displayed in Table 2.A.2 in
the Appendix), only differing in using more electricity per day. As a predictor of the
likelihood of business usage, we only rely on daily electricity usage profiles of the
survey participants and do not use any other time-invariant customer characteristics
collected in the survey. This will allow us to extrapolate business usage to the full cus-
tomer base of the firm by performing out-of-sample predictions relying on the trained
model. In order to increase the interpretability but also efficiency of our approach, we
define a set of features that distill the information on daily electricity usage dynamics
in the form of 84 explanatory variables. These variables distinguish between usage
recorded for small and big load appliances as well as their average and the difference
between the two types of loads. The features capture the intensity of usage at different
times of the day as well as its variability and changes in usage intensity across hours
and time periods. Appendix 2.A.2 provides a definition of all utilized features.

The XGBoost algorithm We use the Extreme Gradient Boosting (XGBoost) algorithm
(Chen and Guestrin, 2016), which belongs to the family of decision tree-based meth-
ods. Tree-based methods are especially powerful to detect non-linear relationships and
complex interactions across predictive features (see Molnar, 2022, for an overview).15

Similarly to a random forest, gradient boosting is an ensemble learning method that
aims at sequentially dividing the training sample of customer-day observations based
on randomly selected cut-offs of each feature in such a way that by the end, business
and private customers become as dissimilar to each other in their usage characteris-
tics as possible. As a result of the sequential partitioning of the data, we end up with
a ‘tree’, with structurally similar customer groups ending up on the same ‘leaf’ of the
tree. In order to avoid over-fitting, the XGBoost algorithm recursively combines a large
number of strongly simplified (so-called ‘shallow’) trees, all of which are weak predic-
tors on their own but achieve a strong predictor in their combination. For a more

15Within the field of economics, the use of supervised machine learning classifiers for prediction or data
generation purposes has been steadily gaining ground (see e.g., Oster, 2018; Albanesi and Vamossy,
2019; Davis et al., 2021).
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technical description of the XGBoost model see Appendix 2.A.2.

Classification results We divide all customer-days in our sample into a training and
test dataset consisting of 80% and 20% of the customer-day observations respectively.
The sampling and hyperparameter tuning decisions are listed in Appendix 2.A.2. Fig-
ure 2.3 displays the results of the classification exercise within our test sample, plotting
the distribution of the predicted business probabilities of survey participants during
the three months prior to the survey. The probability distribution shows that private
users almost never end up with high predicted business probabilities. Business users
however are assigned low business probabilities on some days.16 This shows that the
classification procedure faces a pertinent issue of measurement error. For a customer
who reports having operated a business recently, we label each day in the past three
months as a business day. In reality however, on many of these days most likely no
business activities have taken place, for instance due to holidays and off-times, sick-
ness, festivities, or travel, and hence these days are mislabelled in our data. Table
2.A.2 shows for the full sample that business users are assigned much higher business
probabilities on average as compared to private users, and have a somewhat larger
electricity consumption. Business users do not indicate substantially larger maximum
affordable payment amounts.

For our subsequent empirical analysis, we will consider a day to be a business day if
the predicted probability of business usage on this day surpasses the relatively high
cut-off of 75%. This choice is informed by the measurement error described above.
The cut-off of 0.75 nearly coincides with the average daily predicted business proba-
bility among business users in our sample, which lies at 0.76 (see Table 2.A.2 in the
Appendix).

Choosing this cut-off results in a very high precision rate for our model and hence
only a very low number of false positives. Less than 9% of the private customer days
are wrongly classified as business days in our test sample at this cut-off (type one
error). This comes at the expense of increasing the number of false negatives (type two
errors). With a recall of 0.391, only about 40% of business customer days are classified
as days on which the business has been operated with a large likelihood.17 In further
robustness checks we will assess the sensitivity of our results to the cut-off choice.

Figure 2.4 lists the 20 most important features (those with the largest predictive power)
that result from this classification algorithm where feature importance is based on the
so-called gain metric. The gain metric reflects improvements in the precision of the

16We achieve an accuracy (AUC, area under the curve) metric of 0.883, which gives us the area share under
the receiver operating curve (ROC) that plots the false and true positive rates against each other.

17Overall this provides us with an F1-score of 0.547, which is calculated as the harmonic mean of precision
and recall and measures the overall fit of the model.
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Figure 2.3: Predicted daily business probabilities of survey respondents in the test sam-
ple

classification by capturing how often each variable is selected for splitting the tree and
by how much the predictive power of the model improves due to each split (Chen and
Guestrin, 2016; Chen et al., 2020). The right panel of the graph displays the simple cor-
relation between each of the variables and the business usage indicator. The strongest
predictor of business usage is the intensity of early evening use as business users tend
to use more electricity especially from 5 to 8pm. Their electricity usage is also less
volatile throughout the day, resulting in a lower daily standard deviation. Private cus-
tomers tend to use more electricity (especially small load) at night, whereas business
and private customers tend to power up and down their system at different times in
the day. These simple correlations provide a first intuition on the possible role of these
factors, but the boosted tree approach relies on a more complex non-linear combination
of a series of all 84 features.

Out-of-sample predictions of business use We use the trained model to make out-
of-sample predictions of the likelihood of business usage for all customer-days in the
full dataset, for 37,485,575 customer-day observations in total. Figure 2.A.6 in the Ap-
pendix shows the distribution of the predicted likelihood of business days in the full
sample. Although the major bulk of our customer-day observations shows relatively
low predicted business probabilities, we also observe a right tail with very high prob-
abilities of predicted business. At our preferred probability cut-off of 0.75, about 5% of
customer-day observations are considered as business days in our sample and about
4% of customer-days during the relevant harvest periods are labelled as business days.
Figure 2.A.7 in the Appendix shows that, similarly to the energy usage patterns of the
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Figure 2.4: Most important features of electricity usage in the XGBoost classification

Notes: The left panel in the figure displays the importance of the 20 features with the largest predictive
power in the XGBoost classification procedure according to the gain metric. The right panel presents
the correlation of each of these variables with business usage for illustrative purposes.

labelled customers displayed in Figure 2.2, average electricity consumption is larger
during daytime on days that are labelled as business days than as non-business days
but differs less during other periods.

2.3.3 Estimation Strategy

Empirical models Our empirical analysis proceeds in three steps. We first estimate
the impact of agricultural shocks in the growing season on loan repayment in the fol-
lowing harvest season to capture the effects of the income shock that occurred due
to harvest loss. In a second step, we study whether farmers make use of their solar
panel to buffer the experienced shock; in particular, we estimate whether agricultural
shocks increase the likelihood that the systems are used for business purposes. Finally,
we combine these two analyses and estimate whether farmers who use the system
for business purposes can mitigate the negative impact of agricultural shocks on re-
payment. For our analyses, we rely on the idiosyncratic spatio-temporal variation in
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agricultural shock occurrence. Including customer as well as district-year fixed effects
allows us to identify the effects of localized weather shocks within customers while
controlling for yearly variations at the level of 133 ADM2 districts.

The effects of agricultural shocks on repayment and business usage For the first
two analyses, our estimations follow the specification

Yiωrt = αiωr + β1Sωrt + β2Ciωrt + δrt + εiωrt, (2.3.1)

where Yiωrt captures either customer i’s loan repayment behavior or the extent to which
a customer uses the system for business purposes. Our main measure for repayment
behavior is the number of days that the solar panel system was turned off due to non-
repayment (transformed as inverse hyperbolic sine to control for outliers). To capture
business usage behaviour, we use the proportion of business days during the harvest
season; as derived in section 2.3.2, business days are defined as days with an electricity
usage that results in a predicted business probability of above 75%. Both outcomes are
measured for the harvest season, when income shocks due to harvest loss are expected
to materialize.

The coefficient of interest is β1, which indicates the effect of a localized agricultural
shock, Sωrt, experienced in the growing season that preceded the main harvest season
in ward ω (ADM3 region) in district r (ADM2 region) in year t. The shock is measured
by the percentage deviation of the seasonal average NDVI from its long-run local av-
erage as derived in section 2.3.1. We standardize the shock variable to have a standard
deviation of one to ease interpretation. Customer fixed effects αiωr control for all time-
invariant household characteristics that could affect electricity usage and repayment
behavior, whereas district-year fixed effects δrt control for a whole range of economic
and policy shocks that occur at the level of larger administrative regions (ADM2). For
seasons that span over two years, the fixed effect accounts for the year with the larger
part of the season.

The vector of controls Ciωrt contains the length of the harvest season measured in
weeks, the number of weeks the customer has the system during the harvest season
and the average cloud cover in region r during the harvest season. The length of the
harvest season varies across years due to an earlier or later start of the growing sea-
son. Moreover, some customers purchase their system in the course of the specific
harvest season and can operate the panel only for a shorter time. A shorter time hori-
zon mechanically reduces the scope for experiencing repayment difficulties but also
increases the relative importance of short periods of business usage. Finally, we expect
the likelihood of business usage to increase over time and be relatively lower among
the most recent customers. We control for average cloud cover to account for any elec-
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tricity supply effects. Vegetation shocks in the growing season are unlikely to affect
the capacity of solar panels to produce electricity in the harvest season. Nevertheless,
unusual cloud cover during the harvest season could bias our results if not controlled
for. See Table 2.1 for summary statistics for all variables included in our main analyses
at the level of customer-season cells.

Table 2.1: Descriptives on main variables

Variable Median Mean SD Min Max

System-off days in harvest season 2.37 7.56 11.20 0.00 88.26
Consecutive system-off days in harvest season 0.00 2.59 6.45 0.00 30.00
Charged days per payment in harvest season 9.11 16.72 25.38 0.10 941.88
Proportion of business days (75% cut-off) 0.01 0.04 0.09 0.00 0.97
Proportion of business days (50% cut-off) 0.05 0.10 0.14 0.00 0.99
Avrg. hourly electricity use in harvest season (in Watt) 7.52 7.87 3.04 0.38 23.02
Vegetation shock in growing season (mean deviation) 0.04 0.06 0.07 0.00 0.96
Vegetation shock in growing season (median deviation) 0.05 0.07 0.08 0.00 0.99
Dev. between season and usual sum NDVI 0.95 0.95 0.06 0.00 1.00
No. weeks of harvest season 25.00 24.52 5.58 5.00 46.00
No. weeks owning system in harvest season 22.00 20.86 7.07 1.00 42.00
Average regional cloud cover in harvest season 0.01 0.03 0.04 0.00 0.27

Notes: Descriptive statistics vary on the customer × harvest season level, with a total number of 43,207
observations. Business proportion cut-offs refer to the threshold after which a given day is counted as a
business day.

Business usage as a moderating factor To study the potentially mitigating effect of
business usage on repayment in the aftermath of an agricultural shock we interact our
shock measure Sωrt with business usage Biωrt and estimate

Yiωrt = αiωr + β1Sωrt + β2Biωrt + β3Sωrt × Biωrt + β4Ciωrt + δrt + εiωrt, (2.3.2)

where the dependent variable Yiωrt captures a customer’s loan repayment behavior.
All remaining controls are specified as above. In this setting, the coefficient of interest
is β3, which measures the impact of an agricultural shock in the growing season on
repayment in dependence on the degree of business usage.

Issues of identification As compared to the classically used rainfall variables (Shah
and Steinberg, 2017; Tiwari et al., 2017; Chuang, 2019), our NDVI-based shock mea-
sure captures a much wider variety of reasons for crop loss. This raises the concern
that aggregate crop losses could also be influenced by shocks to agricultural technol-
ogy, urbanization, health or the local labor market and hence are less exogenous than
rainfall itself. Conditional on customer and district-year fixed effects and season length
and cloudiness controls, our measure of localized agricultural shocks in the growing
season captures idiosyncratic variation in crop losses within each ward. Focusing on
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rural wards only and including district-year fixed effects mitigates such concerns, as it
is unlikely that other, labor-market related shocks are distinctive to individual wards
only. From the perspective of individual customers, we interpret the estimated coef-
ficients in a causal way as measuring the differential effects of aggregate agricultural
losses (due to climatic but also other reasons) on customer behavior. Furthermore, as a
robustness check, we show that our NDVI-based shock measure is strongly correlated
with negative rainfall shocks (see also Anyamba et al. (2002)). Our repayment and
moderation results persist also when we use the arguably more exogenous variation
in rainfall to define shocks, although we do not see the same adjustment in business
usage itself.

Among further robustness checks, we demonstrate that our results are robust to mea-
surement issues. We specifically show that the business usage proxy, which we derived
from electricity consumption with the help of machine learning, captures a separate
phenomenon from average electricity consumption. Although these two variables are
positively correlated, they respond differently to agricultural shocks and our results are
robust to the inclusion of electricity consumption as a further control. We also show
that our results are robust to how we define the agricultural shock, how we measure
loan repayment, or which cutoffs we choose to define business usage days.

The analysis of the moderating role of business usage yields a more descriptive result.
The choice to use a solar panel for business purposes at any point in time is endogenous
as it depends on customer and location characteristics and also changes in response to
the shock. Customer fixed effects control for time invariant, but not for time varying
factors driving this choice. By interacting business usage with an aggregate vegetation
shock variable, we are able to at least partly draw on variation that is based on changes
over time and is triggered by region-level fluctuations in crop-loss. However, we still
have to make sure that the moderating effect of business usage does not simply proxy
for some other omitted factor. We show that the effect persists when interactions be-
tween the shock and a series of further possible moderating factors are also controlled
for, including the intensity of electricity usage and a list of further customer and lo-
cation characteristics that all could also drive the individual shock response. Finally,
analyses of temporal dynamics show only responses to current but neither to past,
nor to future shocks, emphasizing the temporary (but also quasi-exogenous) nature of
aggregate vegetation shocks.
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2.4 Results

2.4.1 Baseline Results

The effects of agricultural shocks on repayment and business usage To assess the
average effects of agricultural shocks, we first investigate whether a local vegetation
loss occurring in the growing season affects customers’ income in the following harvest
season substantially enough to reduce their ability to repay the solar panel system. We
estimate equation (2.3.1) with the dependent variable measuring the number of days
that the solar panel system was turned off due to non-payment during the harvest
season. The results are presented in Table 2.2 in columns 1-3. In the first column, we
control for customer and year fixed effects only, while in column 2 we add interacted
district-year fixed effects. In our preferred specification in column 3, we include the
length of the harvest season, the number of weeks the customer has the system during
the harvest season and the average cloud cover during the harvest season as further
controls. The results confirm that agricultural shocks during the growing season lead
to more severe cash constraints in the harvest season, when crop losses are expected
to translate to income shocks. In our fully specified model (column 3), a one standard-
deviation larger vegetation shock increases the number of system-off days due to non-
repayment by 3 percent. For an average customer, this effect adds about 0.2 days to the
average of 7.5 shut-off days per harvest season.

Columns 4 to 6 of Table 2.2 test whether farmers respond to the agricultural shock
by using their solar panel system for business purposes. The proportion of business
days during the harvest season increases significantly with the strength of the vege-
tation shock throughout all specifications. The results of the fully specified model in
column 6 indicate that at least some farmers start to rely more on their system for in-
come generation in the aftermath of an agricultural shock. A one standard-deviation
larger vegetation shock during the growing season leads to an average increase in the
proportion of business usage days by 0.2 percentage points during the harvest season.
Although this effect is of a relatively modest magnitude, it moves the proportion of
business usage days by about 5% relative to its average of 0.04.

The moderating role of business usage Can the use of the solar panel system for
income generating activities help to mitigate the income losses experienced in the af-
termath of agricultural shocks? We study this by estimating specification 2.3.2 with
repayment as the dependent, the vegetation shock the main explanatory and business
usage the moderating variable, all defined as before. Table 2.3 presents the results.
Without a vegetation shock, customers with a larger proportion of business days ex-
perience on average fewer system shut-off days (columns 1 and 2). Conditional on
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Table 2.2: The effect of agricultural shocks on loan repayment and business usage

Outcome: asinh System-off days
in harvest season

Prop. business usage
days in harvest season

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

Vegetation shock in 0.095∗∗∗ 0.051∗∗∗ 0.030∗∗ 0.001∗ 0.002∗∗ 0.002∗∗

growing season (0.022) (0.018) (0.014) (0.001) (0.001) (0.001)

asinh No. weeks of 0.107 -0.005
harvest season (0.108) (0.005)

asinh No. weeks 0.637∗∗∗ 0.007∗∗∗

owning system in harvest season (0.022) (0.001)

Average seasonal cloud 0.453 -0.058∗∗

cover (0.613) (0.025)

Dependent mean 1.729 1.729 1.729 0.041 0.041 0.041
Observations 43207 43207 43207 43207 43207 43207

Customer FE X X X X X X
Year FE X X
ADM2 × year FE X X X X

Notes: The vegetation shock is a standardized measure of the deviation of the average seasonal NDVI
level from its long-term mean. ADM2-year fixed effects are set at the district level. Business days are
defined as days with an electricity usage that results in a predicted business probability above 75%.
Standard errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, ***
p< 0.01

customer fixed effects, this correlation suggests that customers who use the electric-
ity for income generation in the current harvest season are better able to prioritize
loan repayment due to improvements in their cash-flow. When the proportion of busi-
ness usage days increases by about 10 percentage points, this reduces the number of
system-off days by about 19%. Columns 3 and 4 introduce the interaction between the
agricultural shock and the business measure. Its coefficient is negative and statistically
significant, even when including district-year fixed effects (column 4), indicating that
customers using their solar panel system for business activities respond less strongly
to the income loss triggered by an agricultural shock. Customers experiencing a one
standard deviation larger agricultural shock increase the number of system-off days
by about 4.4%. This negative shock can be offset by slightly more than half (2.8%) if at
the same time customers also increase the number of business usage days by 10 per-
centage points. These results indicate that rural farmers who use their solar panels for
business purposes after an agricultural shock are better able to counteract the negative
income shock.

These results provide evidence that having access to solar panels, coupled with flex-
ible loan repayment schedules, can be crucial to deal with more frequently occurring
vegetation shocks. Farmers that experience such shocks can forego credit default by
adjusting their repayment schedule and by using clean electricity generating devices
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Table 2.3: Agricultural shocks and repayment: The role of business usage

Outcome: asinh System-off days in harvest season

(1) (2) (3) (4)

Vegetation shock in growing season 0.059∗∗∗ 0.034∗∗ 0.070∗∗∗ 0.044∗∗∗

(0.020) (0.014) (0.020) (0.014)

Business usage in harvest season -1.989∗∗∗ -1.929∗∗∗ -2.002∗∗∗ -1.944∗∗∗

(0.126) (0.128) (0.120) (0.123)

Business usage × vegetation shock -0.272∗∗∗ -0.279∗∗∗

(0.074) (0.075)

Observations 43207 43207 43207 43207

Customer FE X X X X
Year FE X X
ADM2 × year FE X X
Controls X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. The vegetation shock is a standardized
measure of the deviation of the average seasonal NDVI level from its long-term mean. The proportion
of business days and the number of system-off days are measured during the first harvest season that
follows the growing season. ADM2-year fixed effects are set at the district level. Further controls include
the asinh harvest season length, the asinh number of weeks the customer had the solar panel system
during the harvest season and the average ward-level cloud cover during the harvest season. Standard
errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01

to generate off-farm income.

2.4.2 Robustness Checks

We conduct various robustness checks to ensure that our results are not driven by
confounding factors and test the sensitivity of our results to using alternative measures
for the agricultural shock, repayment behavior and business usage. Finally, we confirm
our underlying story by studying the effects for farmers growing crops with multiple
harvests per year as well as for non-farmers—for both groups we should not expect to
find strong effects.

Electricity usage as a confounding factor Customers using the system for business
purposes also consume on average more electricity. Thus, our results might just mask
an increase in electricity consumption in the aftermath of shocks. For instance, cus-
tomers could start using their system more inside their home as the opportunity costs
of leisure time decline. Alternatively, a bad harvest could also induce customers to
search for extra work outside of the household, reducing their home electricity use.
To assess the importance of such confounding dynamics, we regress the average sea-
sonal electricity consumption over all days on which the system was not shut off on
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the shock and test whether our main estimation results persist when controlling for
electricity consumption and its interaction with the vegetation shock variable. Tables
2.A.4 and 2.A.5 in the Appendix display the estimation results. We find that agricul-
tural shocks actually decrease electricity consumption in the following harvest season
(columns 1 and 2 in Table 2.A.4), possibly reflecting that some farmers pursue other in-
come generating activities outside of the household. Yet, the estimated effect of shocks
on business usage remains stable once controlling for electricity consumption (column
3). This suggests that the increase in business days is not merely an artifact of changing
usage intensity in the aftermath of agricultural shocks. When focusing on repayment in
Table 2.A.5 instead, electricity consumption is negatively correlated with the number of
system-off days, indicating that customers who use their system more intensively are
less likely to run into delinquency in general. The inclusion of the electricity consump-
tion variable as a further control leaves the coefficients of the vegetation shock and its
interaction with business usage largely unaffected (columns 1 and 2). In column 3, we
additionally include an interaction between electricity usage and the vegetation shock
to control for changes in the intensity of solar panel usage behavior after vegetation
shocks. Our main coefficient of interest, the interaction between business usage and
vegetation shocks, remains statistically significant. This makes it more likely that we
are indeed measuring changes in business behavior, rather than general adjustments
of electricity consumption after vegetation shock events.

Customer and location characteristics as confounding factors Whether customers
decide to use their system for business purposes is likely affected by a number of cus-
tomer and location-specific characteristics. This being an endogenous choice renders
a causal interpretation of the mitigation effect difficult. Including customer fixed ef-
fects allows us to control for time-invariant customer characteristics, yet not for time-
varying factors driving this decision. To ensure that the shock-mitigating effects of
business usage do not simply capture the role of underlying factors that make farm-
ers generally more resilient to income shocks, we first interact our shock variable with
a number of customer characteristics measured at the time of the purchase (see Ta-
ble 2.A.6 in the Appendix). Controlling for interactions between the vegetation shock
and the customer’s gender, household size, an indicator for animal farmers, those with
a side-business, and wage-employed, as well as the value of farm output (captured
by reported yields of maize, the most commonly produced crop) does not change the
shock-mitigating effects of business usage. As a second check, we control for interac-
tions between the vegetation shock and additional locational characteristics (see Table
2.A.7 in the Appendix). A better access to infrastructure and credit affects the likeli-
hood of starting a business, yet also the extent to which an income shock can be mit-
igated. Controlling for interactions between our shock measure and an indicator for

80



2 Agricultural Shocks and Diversification

the presence of a mobile money agent, a bank, or a lending group within a 5 kilometer
radius around the customer’s location, or with the distance to the next town does not
change our baseline results. Therefore, our findings of income-loss mitigation do not
merely reflect that business users may have a better access to financial services in times
of vegetation stress.

Past business usage as a confounding factor Past business usage might make cur-
rent business usage also more likely, while at the same time, customers who are more
experienced in running a business might also be able to better cope with shocks. We
test if the mitigation effect is solely driven by past business experience in Table 2.A.15
in the Appendix. Indeed, we find that past business usage, measured as the proportion
of business days in the last season, is associated with a larger proportion of business
days in the current season (column 1). Customers already experienced in using the
solar panel system in the past thus are more likely to use the system for business pur-
poses today. Past experience however neither alters the effect of agricultural shocks on
current business usage (column 2) nor does it affect the repayment ability in the current
season, independently of the occurrence of a shock (columns 3 and 4). The insignifi-
cant interaction coefficient and the fact that the interaction between current business
usage and the vegetation shock remains statistically significant, indicates that it is not
business experience mitigating the vegetation shock. Rather, farmers who adjust their
usage behavior in the current season are the ones who can reduce the negative income
shock.

Measurement and identification: Is loan repayment indicative of cash constraints?
So far, we have interpreted the negative interaction coefficient between vegetation
shocks and business usage, when explaining system off-days, as an indicator for addi-
tional income being generated when the system is used for business purposes. How-
ever, such a result might also reflect differences in system valuation. When using the
system for business purposes, customers might arguably be more dependent on the
system and more willing to prioritize loan repayment to avoid system-off days. While
the valuation of the system is likely a function of the expected cash flow, it can also
have a psychological component, making the number of system-off days an imperfect
proxy for actual cash constraints. We therefore also study two alternative measures
for repayment behavior that are presumably less affected by system valuation but re-
flect cash availability more directly—namely, the average number of charged days dur-
ing the harvest season and the average payment amount translated to charged days.
These two variables capture the frequency and size of the loan repayments. We expect
cash constraints to result in generally smaller payment sums, which translate to lower
number of charged days and smaller average payments. Finally, we also use a more
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stringent measure for system-off days that places a larger emphasis on longer shut-
down-periods: the maximum period length during which the system is turned off (in
contrast to the total number of days) during the harvest season. Results are shown in
Figure 2.A.8 in the Appendix. Vegetation shocks lead to a significant decline in the
average number of paid days, and an increase in the number of days during which the
system is turned off; farmers using their system for business purposes, however, make
on average larger and less frequent payments and experience less system-off days in
the aftermath of a shock. These findings suggest that the better repayment behavior
when a system is used for business purposes in the aftermath of a shock can indeed to
a large extent be explained by cash availability.

Measurement and identification: Using rainfall shocks We test the sensitivity of
our results to how we measure vegetation shocks by focusing on deviations in rainfall
instead of deviations in the NDVI. As rainfall shocks reflect climatic variability only,
they are arguably more exogenous than the ward-level vegetation shocks. The reduced
form relationship between NDVI and rainfall shocks at the level of wards shows that
NDVI responds to rainfall shocks (see Table 2.A.10 in the Appendix). As rainfall varies
substantially less across regions than the NDVI, these estimations only include ward
and year but not district-year fixed effects. In the first column, rainfall shocks are
defined as the percentage deviation of the pre-period average seasonal rainfall and the
current season’s average rainfall. In column 2, we disaggregate the rainfall deviation
into negative and positive rainfall shocks. For both variables, a larger value indicates
a larger absolute deviation from the average. The negative rainfall shock is highly
correlated with our vegetation shock, which indicates that drought periods severely
affected plant health during our period of observation. Positive rainfall shocks in turn
do not lead to vegetation loss, indicating that floods were less detrimental.18 Table
2.A.11 in the Appendix replicates our previous analyses using negative rainfall shocks
(i.e. droughts) instead of the NDVI based vegetation shocks. While, we do not find that
rainfall shocks lead to an average increase in business usage (column 1), the effects
on repayment (column 2) and in the mitigation analysis (column 3) are qualitatively
very similar to our previous findings. Less-than-usual rainfall in a growing season
increases the number of days on which the customer’s system is shut off, but this effect
is successfully mitigated by increased business usage.

Measurement: Sensitivity to the seasonal calendar To identify the relevant vegeta-
tion shocks, in our analysis we focus on the main growing season in a year. However,

18We cannot build a viable instrumental variable strategy predicting NDVI variation by negative rainfall
shocks as in our fixed effects specifications, rainfall turns out to be a relatively weak instrument for
NDVI in the first stage.
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some of the crops planted follow different growing calendars, for which our results
may not hold.19 We use information from the loan-eligibility survey about the number
of seasons that farmers plant their crops per year to verify our results. In Table 2.A.12
in the Appendix, we split our sample between farmers whose main crop has only one
harvest season per year and farmers whose main crop is harvested several times per
year. The table shows that the effects of vegetation shocks are only statistically signif-
icant for crops that grow in one season (columns 1 and 2) and not for crops that grow
in more than one season (columns 3 and 4). This confirms that our methodology truly
captures the intended seasonality. Moreover, we make sure that our analysis is not
sensitive to the specification of bimodal seasons, for which we up to now relied only
on the main (longer) growing season. In the first three columns of Table 2.A.13 in the
appendix, we exclude regions with bimodal rainfall regimes altogether. The business
and mitigation outcome results are robust, while for the repayment outcome (column
2) the vegetation shock coefficient is less precisely measured and does not reach sta-
tistical significance. In the last three columns of the table, for all regions that have
bimodal seasons, we aggregate the vegetation shock measure over the short and the
long growing season. The business outcome and repayment results are robust to the
modification.

Measurement: Sensitivity to defining business usage In order to verify that the
business outcome results are not driven by how we select the cut-off to define a day
with business-like usage, we rerun our preferred specification using a series of alter-
native thresholds to identify days of business usage (see Table 2.A.8 in the Appendix).
The shock variable remains statistically significant and similar in size for similar cut-
offs, and turns insignificant for values that are either too low (50%) or too high (90%)
to distinguish business-days, resulting either in too many or too few business days.
Next, we use the same alternative business day cut-offs to verify that our mitigation
results are not sensitive to the choice of probability cut-off that we use to classify busi-
ness days in Table 2.A.9. The results remain stable throughout, while higher cut-offs
increase the coefficient-size of the interaction term.

Adjustment by non-farmers We expect that localized vegetation shocks lead to di-
rect income losses mainly among the local farmers. Although crop losses could also
affect the real income of rural consumers through their effects on prices, lower over-
all demand and available income (Acevedo et al., 2020), trade in agricultural products
across wards reduces the likelihood of highly localized price hikes. Table 2.A.16 in the
Appendix supports this expectation by showing no statistically significant responses

19In our sample, 90% of farmers indicate that they grow maize and for 75% maize is the main crop.

83



to vegetation shocks among non-farmers, confirming that non-farmers are less vulner-
able to localized crop loss, but also showing that our empirical strategy does not cap-
ture second-round general equilibrium effects.20 Therefore, our measure of agriculture
shocks indeed appear to capture shocks that are primarily relevant for farmers.

2.4.3 Dynamics and Heterogeneities

Our results demonstrate that vegetation shocks impair the ability of farmers to repay
their loans. This is in line with the literature that documents increasing in the incidence
of poverty due to weather shocks (Hallegatte et al., 2015; Pape and Wollburg, 2019; Fink
et al., 2020). In addition, we show that farmers make use of their solar panel system
for income diversification in the aftermath of agricultural shocks and that this can help
to mitigate the experienced income losses. To better understand the dynamics and po-
tential underlying mechanisms, we conduct a number of additional analyses. First,
we investigate whether farmers adjust their behavior already before the shock mate-
rializes, i.e. in anticipation of a harvest loss, and whether adjustments to shocks and
business usage in the past are transitory or if adjustments persist over time. We then
study to which extent our results depend on particular customer and location specific
characteristics; namely, whether only customers with sufficient financial resources can
make use of their system’s income generating possibilities in the aftermath of a shock,
whether it depends on the availability of alternative off-farm job opportunities and the
customer’s farming practices.

Dynamics: Anticipation So far, we have assumed that vegetation shocks that occur
during the growing season affect farmers when they generate income, that is during
the harvest season. However, if farmers anticipate a bad harvest during the growing
season, they could immediately reduce loan payments for their solar panel systems
(in order to save for more uncertain times in the future) and make use of alternative
income sources (e.g., with the help of their system). Table 2.A.14 in the appendix tests
whether vegetation shocks affect customers’ usage and repayment behavior already
during the growing season. On average, we see no changes in system usage during
the growing season while the shock occurs (column 1). Farmers thus seem not to ad-
just their usage behavior directly, but only in the next harvest season, when the income
shock materializes. This may be indicative of farmers continuing to work on the field
in an effort to save the harvest, rather than taking up alternative income generating ac-
tivities. That the income shock does not materialize before the harvest season is shown
in column 2; there is no statistically significant effect of vegetation shocks on the num-

20The same holds true if we focus on self-employed non-farmers only, who are arguably more affected by
demand shocks.
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ber of days the system is off in the growing season. This also indicates that the farmers
in our sample do not engage in precautionary savings. Further, the interaction be-
tween the vegetation shock and business usage during the growing season is also not
statistically significant (column 3). Finally, we find no indication that business usage
during the growing season can mitigate repayment difficulties in the harvest season in
the aftermath of a shock (column 4). In conclusion, even though farmers’ expectations
of their future income streams may be adjusted downwards when experiencing a veg-
etation shock, farmers only start using the system for small-scale business purposes
when the income shock is manifested (i.e. in the following harvest season).21

Dynamics: Transitory versus persistent adjustments and future shocks Do farmers
make use of the system for income-generation on a more permanent basis or do they
only use it as a transitory remedy until their income has stabilized? Figure 2.5 shows
that past shocks have no lasting impact on behavior in the current season. Farmers nei-
ther exhibit different repayment amounts (left panel) nor business usage (right panel)
after shocks in the last year (t-1) or two years ago (t-2). Therefore, small-scale business
activity relying on solar panels in the aftermath of shocks appears to be transitory, used
to stabilize customers’ income in the short run. In the long run, the opportunity costs of
no longer engaging in farming activities could be too large to permanently shift away
from agriculture and into running small-scale businesses. Finally, including addition-
ally shock coefficients for the next year (t+1) and in two years’ time (t+2) provides a
further placebo check, documenting no effects of future shocks on current repayment
or business usage.

Heterogeneities: The role of wealth In order to understand which customers suc-
ceed to rely on solar panels for income shock mitigation, we assess how the effects of
the vegetation shock vary with customer characteristics. Should only wealthier cus-
tomers be able to diversify their income, business use would not necessarily be driven
by necessity, as wealthier customers could both be able to start businesses and have a
lower risk of running into repayment trouble. By contrast, diversification after income
shocks can be vital for poor households if off-farm income generating opportunities
exist (Asfaw et al., 2019). We use two measures to proxy for a farmer’s wealth or in-
come. In panel (a) of Figure 2.6 we proxy the farmers’ income with the last realized
maize yield as indicated in the eligibility interview. The findings in the left graph
of panel (a) suggest that farmers with below median yields face longer system shut-
downs after income shocks. This could be indicative of these farmers having fewer
reserves and thus being more exposed to agricultural shocks. However, we do not

21We cannot rule out the possibility that farmers already started setting up the business in the growing
season, yet were only able to generate sufficient demand in the following harvest season.
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Figure 2.5: Adjustments to past and future shocks

Notes: This figure displays the coefficients of vegetation shocks in the growing season of the same year,
the past year, two years ago, one year ahead and two years ahead. The vegetation shock is a standard-
ized measure of the deviation of the average seasonal NDVI level from its long-term mean. All controls
from columns 3 and 6 of Table 2.2 are included. Standard errors are clustered on the level of districts
(ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01

find differential changes in business usage by farmers’ income. Conversely, panel (b)
shows that farmers who report to spend money on farming equipment are similarly
affected by the vegetation shock, but are less likely to respond to it by using their
panel for business purposes.Purchasing farming equipment, such as tractors, entails
large investment costs and is indicative of higher wealth. This finding could thus be
in line with more resource-constrained customers having a stronger need to generate
additional income in the aftermath of agricultural shocks (Jayachandran, 2006). Alter-
natively, it could indicate that farmers that already invested heavily in their farms, are
less willing to diversify into other businesses.

Heterogeneities: Remoteness and professionalization of farming Income diversi-
fication is more likely to be successful in areas where there are more off-farm income
generation opportunities (Chuang, 2019), whereas in remote rural areas it is more likely
to be used as a means for survival (Etea et al., 2019). In the absence of other off-farm
income-generating opportunities, solar electricity could provide a valuable source for
income diversification by powering small businesses especially in rural areas. While
we find no statistically significant differences in repayment behavior by remoteness,
customers are more likely to increase their business use if they live in more remote re-
gions (Panel (c) of Figure 2.6). This highlights one of the unique features of solar panels:
They allow individuals to offer services which are not available in the most remote ar-
eas, and thereby weaken dependency on off-farm employment opportunities. Panel
(d) of Figure 2.6 studies whether effects differ by the degree of professionalization and
resilience to agricultural shocks in the farming business, by differentiating farmers by
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Figure 2.6: Differences by individual and regional characteristics

(a) Maize yield (b) Purchases farming equipment

(c) Distance to next town (d) Uses irrigation

Notes: This figure displays coefficients of the vegetation shock interacted with indicator variables as
indicated in each sub-title. In each sub-graph, in the left panels, the outcome is the asinh number of
system-off days in the harvest days, and in the right panel the proportion of business days with an
electricity usage that results in a predicted business probability above 75% multiplied by factor 10. All
controls from columns 3 and 6 of Table 2.2 are included. Standard errors are clustered on the level of
districts (ADM2).

whether they employ irrigation techniques. As could be expected, vegetation shocks
have a larger effect on repayment of farmers who do not irrigate. However, we see no
differences in business usage.

Heterogeneities: The role of market saturation Lastly, one would expect that using
the system for business purposes is more profitable when solar panel saturation is low
and there is thus higher demand for electricity related services. Figure 2.A.9 in the
appendix investigates whether customers behave differently depending on how many
other individuals in the ward purchased a solar panel system. The results suggest that
farmers only increase business usage after vegetation shocks if they live in areas in
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which there are few other solar panel users of the same firm. However, as the share
of customers per ward is below 1% on average and we cannot observe solar panel
penetration from other companies, these results should be treated with caution.

These heterogeneity results highlight the unique features that make solar panels an
attractive asset in order to mitigate income losses. First, they enable off-farm diver-
sification in remote areas, where typically off-farm income generation is less widely
available (Chuang, 2019). Second, while asset constraints hinder off-farm income gen-
eration (Alobo Loison, 2015; Barrios et al., 2008), farmers who are not able to purchase
productive farming assets (equipment) are more likely to operate a solar-panel-run
business after agricultural shocks. In the absence of other assets, solar-panels can
be flexibly used to generate income with little additional investment needed. Never-
theless, even though the solar-panel company targets low-income households, not all
households will be able to afford an asset such as the solar panel. Third, and related to
the previous point, solar panels are a flexible asset that allows farmers to temporarily
diversify their income away from agriculture. We show that farmers adjust their busi-
ness behavior after shocks only in the short-run as a mean for temporary relief. There is
thus not the risk of farmers permanently moving out of agriculture and on-farm labor
shortages (Antwi-Agyei et al., 2018).

2.5 Conclusion

More than 600 million individuals in SSA still lack access to electricity (IEA, 2019).
Small-scale solar panels have the potential to supply clean energy especially to rural
areas, where connections to the electricity grid remain scarce and expansion is still
costly. This paper shows that farmers in rural areas can make use of such panels to
diversify their income and thereby mitigate the negative effects of vegetation shocks.
We leverage a detailed dataset with daily electricity usage behavior to predict the like-
lihood of business activities using supervised machine-learning methods. The paper
shows the advantages and opportunities that such methods entail to conduct rigorous
economic analyses especially on rural areas of low-income countries, in the absence
of survey data. Three findings emerge from our analysis: First, we show that vege-
tation shocks reduce farmers’ income. Second, farmers use their solar panel system
for business purposes in the aftermath of vegetation shocks. Third, using the system
for income generation enables farmers to cope with the negative consequences of such
shocks. Especially farmers who are less wealthy and live in more remote areas are
more likely to adjust the way they use their solar panel. Thus, solar panels offer those
farmers a new shock-coping option who have fewer other alternatives for diversifying
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their income.

With climatic shocks occurring more frequently and with larger magnitude, more eas-
ily accessible means for adaptation, both on- and off-farm, will be pertinent to secure
the livelihoods of farmers. Our findings suggest that solar panels should be further
promoted not only as a mean to energy access but also as a tool that can help farmers
to temporarily mitigate negative income losses due to agricultural shocks, in partic-
ular in remote areas where little alternative off-farm employment opportunities exist.
Complementary measures such as business training or safety nets are essential to en-
able farmers to take full advantage of the potential of solar panel technology. Notwith-
standing, once an expansion of the electricity grid or of solar panel systems makes
electricity more readily available to a large proportion of the population, providing
electricity related services becomes less profitable.22 The potential of solar panel sys-
tems for income diversification is thus by nature rather temporary. The technology
can nevertheless be an important bridge for farmers to cope with income shocks, be-
fore other developments open alternative opportunities. Moreover, they could help
farmers to develop business-related skills, which may benefit them in the long-run.

22In a similar vein, Burke et al. (2019) show that low rates of loan accessibility benefit farmers who get a
loan, but a higher saturation of loans at least partly eliminates these effects by diminishing the arbitrage
opportunities due to lower price fluctuations.
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2.A.2 Classifying Business Usage

The Extreme Gradient Boosting (XGBoost) algorithm

XGBoost is one of the most powerful machine learning classifiers for structured data
that utilizes a random forest algorithm for prediction. It optimizes a regularized objec-
tive function:

L( f (x)) =
n

∑
i=1

L(yi, f (xi)) + Ω( f (x)).

where (yi, xi), i = 1, . . . , n denote observations on a response variable y and feature
vector x. L(yi, f (xi)) is a loss function for prediction f (xi) and response yi. The regu-
larisation term is given by:

Ω( f (x)) = γT +
1
2

λ‖w‖2.

The number of terminal leaves is denoted with T. The vector w denotes the leaf
weights. γ > 0 and λ > 0 are the corresponding regularization parameters. f̂ (x) is
iteratively updated in iteration t to minimise the objective function via gradient-based
boosting:

f̂ (t)(x) = f̂ (t−1)(x) + ĝ(t)(x).

The random forest update ĝ(t)(x) is greedily determined in the t-th iteration of the
boosting procedure. A second order Taylor expansion to the loss function is used to
improve the speed of the optimization (Chen and Guestrin, 2016). We use the XGBoost
implementation in R by Bischl et al. (2016).

Hyperparameters for XGBoost

We oversample the minority class of business user days to train XGBoost on a balanced
data set of business and non-business user days. We train XGBoost on this oversam-
pled training data and apply extensive hyperparameter tuning to optimize the perfor-
mance of XGBoostm, relying the following parameterization. The parameters that are
selected based on the hyperparameter tuning are displayed in parentheses. XGBoost
uses stochastic boosting, so that a sample of the data is used to construct a tree. We
set the range for the sub-sample, which refers to the share of the observations to be
stochastically drown in each iteration, to 0.5 to 1 (0.701). Additionally, XGBoost sam-
ples the variables (features) that are used to construct a tree for which we specify the
range of 0.5 to 1 (0.94). Thus, the optimized model relies almost on all available fea-
tures. We select a range of 100 to 500 number of iterations for the number of boosting
iterations (232). We set the the learning rate η to 0.1. We specify a range of 3 to 12 for
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the maximum depth of a tree (12), which refers to the number of splits the tree con-
tains. We specify a range of 1 to 10 for the minimum number of observations in the
terminal node (3.24). For the k-fold cross-validation we set k to 5.

Feature generation

We select 84 explanatory features to implement the XGBoost classifier. The generation
of features reduces the dimensionality of the high-frequency usage data and enables
us to evaluate which features help to discriminate between private and business usage
customer-day observation. Note that similar features are also generated in Weisser
et al. (2021). All features are calculated for for small and big load separately and some
features also add average load:

1. Usage features:
daily mean and daily standard deviation of electricity usage (for average load,
small load and big load) [6 in total];

2. Counting features:
number of hours with low usage (below the 25th percentile), number of hours
with intensive usage (above the 75th percentile), number of hours with zero use
(for average load, small load and big load) [9 in total];

3. Within-day features::
usage calculated at 7 time intervals of the day (early morning 5–8 am, late morn-
ing 8–11 am, noon 11 am–2pm, afternoon 2–5 pm, early evening 5–8 pm, late
evening 8–11 pm, night 11 pm–5 am) (for average load, small load and big load)
[21 in total];

4. Features for usage changes over time:

a) Delta between the average usage of every two neighboring hours (only for
small load and big load) (excluding the hours from 0 am to 4 am) [38 in
total];

b) The difference between big load and small load calculated at the 7 time in-
tervals of the day that we outline above [7 in total];

c) Delta of cumulative usage at prime time (8pm–11 pm) and non-prime time
(11pm –8am) (for average load, small load and big load) [3 in total].
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2.A.3 Additional Figures

Figure 2.A.1: Process for generating and using daily business usage probabilities.

Data cleaning and consistency checks
Aggregation to reduce the size of big data set

Feature engineering

Generation of training and test sample
Oversampling of minority class business usage

Hyperparameter tuning for XGBoost
Training of XGBoost classifier

Out-of-sample classification to generate
daily probability of business usage

Determine optimal cut-off probability
for business and private users

Estimation regression model 1

Estimation regression model 2

Classification

Inference
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Figure 2.A.2: Customer locations

Notes: This figure displays the locations of all customers in the sample.

Figure 2.A.3: Customer repayment behavior

Notes: This figure displays the repayment schedule of two exemplary customers. Repayment differs
by the paid amount per charge (measured by the number of charged days the payment is buying) and
payment frequency.
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Figure 2.A.4: NDVI deviation of usual NDVI in 2017

Figure 2.A.5: Electricity consumption by business and private users during the survey
periods

Notes: This figure presents the distribution of electricity consumption by business and private users.
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Figure 2.A.6: Out-of-sample prediction of business probabilities

Notes: This figure presents the distribution of predicted business probabilities of the sample of 19,939
customers.

Figure 2.A.7: Electricity consumption by predicted business-days

Notes: This figure displays the average electricity consumption during predicted business and non-
business days for the sample of 19,939 customers.
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Figure 2.A.8: Alternative repayment and default measures

Notes: This figure displays the coefficients of vegetation shocks in the growing season and the
interaction between vegetation shocks in the growing season and business usage in the harvest season.
The regressions are specified as in Table 2.3, with alternating dependent variables (indicated in bold
on the y-axis). The dependents are the asinh average number of charged days, the asinh average
charged days per payment, and theasinh maximum consecutive system-off days, all during the harvest
season. Business usage is defined as the proportion of business days with an electricity usage that
results in a predicted business probability above 75% multiplied by factor 10. The vegetation shock is
a standardized measure of the deviation of the average seasonal NDVI level from its long-term mean.
All controls from columns 3 and 6 of Table 2.2 are included. Standard errors are clustered on the level
of districts (ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01

Figure 2.A.9: Differences by customer saturation

Notes: This figure displays coefficients of the vegetation shock interacted with quintiles of the distribu-
tion of the regional customer share. The outcome variable is the proportion of business days with an
electricity usage that results in a predicted business probability above 75% multiplied by factor 10. All
controls from columns 3 and 6 of Table 2.2 are included. Standard errors are clustered on the level of
districts (ADM2).
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2.A.4 Additional Tables

Table 2.A.1: Descriptives on borrower characteristics

Variable Median Mean SD Min Max Obs

Panel A: Sample description
Female 0.00 0.16 0.36 0.00 1.00 15277
Household size 4.00 4.41 1.95 1.00 30.00 20021
Distance to next town (km) 46.31 49.59 36.10 0.13 192.85 15153
Mobile money agent within 5km 1.00 0.63 0.48 0.00 1.00 15153
Bank agent within 5km 0.00 0.39 0.49 0.00 1.00 15153
Has side-business 1.00 0.56 0.50 0.00 1.00 15277
Is employed 0.00 0.10 0.30 0.00 1.00 15277
Maize yield (in bags) 35.00 44.96 52.58 0.00 2500.00 10474
Spends money on farming equipment 0.00 0.39 0.49 0.00 1.00 6809
Uses irrigation 0.00 0.22 0.41 0.00 1.00 6809

Panel B: Repayment data
Average system-off days 7.06 9.75 10.30 0.00 88.26 20040
Average charged days per payment 10.80 16.73 26.69 0.18 941.88 19858
System off at least one full day 1.00 0.64 0.48 0.00 1.00 20040
Max. consecutive days the system is turned off 2.30 7.89 10.65 0.00 30.00 20040
Customer defaulted 0.00 0.08 0.27 0.00 1.00 20040

Panel C: Usage data
Avrg. hourly electricity consumption (in Watt) 7.42 7.70 2.69 0.38 23.02 20040

in the morning 4.19 4.78 3.02 0.00 30.75 20040
in the afternoon 6.50 7.42 4.66 0.00 40.36 20040
in the late evening 15.43 16.07 5.92 0.00 62.32 20040
in the night 6.01 6.22 2.76 0.00 26.02 20040

Panel D: Vegetation data
Average pre-period NDVI (1995-2014) 0.31 0.31 0.05 0.07 0.51 19947
Average NDVI (2015-2018) 0.30 0.30 0.06 0.01 0.53 19947

Notes: Descriptive statistics are based on the sample of 20,040 farmers in rural areas who bought a system
between 01-2015 and 11-2018 and who took part in an eligibility interview. Variables are on the customer
level. Data are provided by the clean energy company.
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Table 2.A.2: Descriptives on survey respondent characteristics

Private users Business users Difference

Variable Mean SD Mean SD t-Stat.

Average business probability 0.13 0.08 0.43 0.19 -16.25
Avrg. hourly electricity consumption (in Watt) 7.32 2.74 8.54 2.83 -2.65
Customer is female (based on NAM) 0.20 0.40 0.21 0.41 -0.11
customer’s household size 3.45 1.40 3.50 1.34 -0.22
Maize yield 42.04 34.39 41.79 35.65 0.03
Distance to next town 57.41 42.47 46.29 34.38 1.03
Any mobile money agent within km 0.62 0.49 0.50 0.51 0.89
Any bank within km 0.27 0.45 0.22 0.43 0.44
Is an employee 0.21 0.41 0.15 0.36 0.94
Any animal farming 0.38 0.49 0.33 0.48 0.60
Has a business 0.59 0.49 0.65 0.48 -0.74
Is an employee 0.21 0.41 0.15 0.36 0.94
Usually spends money on equipment 0.36 0.48 0.27 0.47 0.54
Farmer irrigates 0.25 0.43 0.09 0.30 1.12
System off at least one full day 0.47 0.50 0.50 0.51 -0.40

Notes: This table presents differences of customer characteristics between 232 labelled private and
business users of the small survey.
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Table 2.A.3: Descriptives on small survey sample vs. main sample

Whole sample Small sample Difference

Variable Mean SD Mean SD t-Stat.

Panel A: Sample description
Female 0.16 0.36 0.20 0.40 -1.93
Household size 4.42 1.96 3.46 1.38 7.41
Distance to next town (km) 49.57 36.07 55.21 41.07 -1.49
Mobile money agent within 5km 0.63 0.48 0.59 0.49 0.75
Bank agent within 5km 0.39 0.49 0.26 0.44 2.40
Has side-business 0.56 0.50 0.60 0.49 -1.06
Is employed 0.10 0.30 0.19 0.40 -4.49
Maize yield (in bags) 44.95 52.71 41.98 34.51 0.58
Spends money on farming equipment 0.40 0.49 0.34 0.48 0.84
Uses irrigation 0.22 0.41 0.22 0.42 -0.00

Panel B: Repayment data:
Average system-off days 9.78 10.33 5.51 5.21 6.28
Average charged days per payment 16.78 26.74 10.82 9.96 3.40
System off at least one full day 0.64 0.48 0.47 0.50 5.28
Max. consecutive days the system is turned off 7.93 10.68 2.61 5.01 7.58
Customer defaulted 0.08 0.27 0.00 0.00 4.46

Panel C: Usage data:
Average business probability 0.22 0.14 0.19 0.17 2.65
Avrg. hourly electricity consumption (in Watt) 7.69 2.70 7.58 2.80 0.57

in the morning 4.78 3.02 4.66 3.04 0.59
in the afternoon 7.42 4.67 7.28 4.99 0.44
in the late evening 16.06 5.94 15.98 6.11 0.20
in the night 6.21 2.77 6.19 2.76 0.09

Panel D: Vegetation data:
Average pre-period NDVI (1995-2014) 0.31 0.05 0.31 0.05 -0.15
Average NDVI (2015-2018) 0.30 0.06 0.30 0.05 -0.75

Notes: This table presents differences of the main variables between 232 small-survey and 19,900
main sample customers (excluding those in the small-survey sample). Data are provided by the
clean energy company.
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Table 2.A.4: Agricultural shocks and electricity consumption

Outcome asinh Average electricity
consumption in harvest season

Proportion of business usage
days in harvest season

(1) (2) (3)

Vegetation shock in -0.006 -0.005 0.002∗∗

growing season (0.003) (0.003) (0.001)

Average electricity -0.001
consumption (0.007)

Observations 43207 43207 43207

Customer FE X X X
ADM2 × year FE X X X
Controls X X

Notes: Business days are defined as days with an electricity usage that results in a predicted business
probability above 75%. The vegetation shock is a standardized measure of the deviation of the average
seasonal NDVI level from its long-term mean. ADM2-year fixed effects are set at the district level.
Standard errors, in parentheses, are clustered on the level of districts (ADM2). Further controls include
the asinh harvest season length, the asinh number of weeks the customer had the solar panel system
during the harvest season and the average ward-level cloud cover during the harvest season. * p< 0.1,
** p< 0.05, *** p< 0.01

Table 2.A.5: The role of electricity use for repayment

Outcome: asinh System-off days in harvest season

(1) (2) (3)

Vegetation shock in 0.029∗∗ 0.043∗∗∗ -0.027
growing season (0.014) (0.015) (0.055)

Business usage -1.946∗∗∗ -1.950∗∗∗

(0.115) (0.115)

Average electricity -0.187∗∗∗ -0.187∗∗∗ -0.187∗∗∗

consumption (0.036) (0.033) (0.033)

Business usage × -0.271∗∗∗ -0.289∗∗∗

vegetation shock (0.076) (0.076)

Electricity consumption 0.027
× vegetation shock (0.020)

Observations 43207 43207 43207

Customer FE X X X
ADM2 × year FE X X X
Controls X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. Average electricity usage is the asinh
of the mean electricity usage during the season. The vegetation shock is a standardized measure of
the deviation of the average seasonal NDVI level from its long-term mean. The proportion of business
and high usage days, and the number of system-off days are measured during the first harvest season
that follows the growing season. ADM2-year fixed effects are set at the district level. Further controls
include the asinh harvest season length, the asinh number of weeks the customer had the solar panel
system during the harvest season and the average ward-level cloud cover during the harvest season.
Standard errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, ***
p< 0.01
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Table 2.A.6: Agricultural shocks and repayment: Differences by individual
characteristics

Outcome: asinh System-off days in harvest season

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

Vegetation shock in 0.023 0.051∗ 0.029 0.025 0.034∗ 0.049∗

growing season (0.019) (0.029) (0.020) (0.020) (0.019) (0.028)

Business usage -1.678∗∗∗ -1.986∗∗∗ -1.677∗∗∗ -1.678∗∗∗ -1.677∗∗∗ -1.831∗∗∗

(0.152) (0.126) (0.152) (0.152) (0.152) (0.181)

Business usage × -0.347∗∗∗ -0.261∗∗∗ -0.350∗∗∗ -0.348∗∗∗ -0.351∗∗∗ -0.432∗∗∗

vegetation shock (0.103) (0.076) (0.104) (0.105) (0.104) (0.128)

Observations 30059 43166 30059 30059 30059 18053

Customer FE X X X X X X
ADM2 × year FE X X X X X X
Controls X X X X X X
Shock × customer female X
Shock × household size X
Shock × animal-farmer X
Shock × side-business X
Shock × wage-employed X
Shock ×maize yield X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. The vegetation shock is a standardized
measure of the deviation of the average seasonal NDVI level from its long-term mean. The proportion
of business days and the number of system-off days are measured during the first harvest season that
follows the growing season. ADM2-year fixed effects are set at the district level. Further controls include
the asinh harvest season length, the asinh number of weeks the customer had the solar panel system
during the harvest season and the average ward-level cloud cover during the harvest season. Standard
errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 2.A.7: Agricultural shocks, business usage and repayment: Locational
characteristics

Outcome: asinh System off-days in harvest season

(1) (2) (3) (4)

Vegetation shock in 0.013 0.037 0.045 0.069
growing season (0.026) (0.024) (0.028) (0.043)

Business usage -2.092∗∗∗ -2.092∗∗∗ -2.092∗∗∗ -2.092∗∗∗

(0.148) (0.148) (0.148) (0.148)

Business usage × -0.294∗∗∗ -0.297∗∗∗ -0.296∗∗∗ -0.296∗∗∗

vegetation shock (0.079) (0.079) (0.080) (0.080)

Observations 34036 34036 34036 34036

Customer FE X X X X
ADM2 × year FE X X X X
Controls X X X X
Shock ×mobile money agent 5km X
Shock × bank 5km X
Shock × lending group 5km X
Shock × asinh distance next town X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. The vegetation shock is a standardized
measure of the deviation of the average seasonal NDVI level from its long-term mean. The proportion
of business days and the number of system-off days are measured during the first harvest season that
follows the growing season. ADM2-year fixed effects are set at the district level. Further controls include
the asinh harvest season length, the asinh number of weeks the customer had the solar panel system
during the harvest season and the average ward-level cloud cover during the harvest season. Standard
errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01

Table 2.A.8: Robustness: Using alternative cut-offs to identify business user-days

Outcome: Proportion of business usage days in harvest season

Cut-off: 50% 60% 70% 80% 90%

Vegetation shock in 0.002 0.002∗ 0.002∗∗ 0.002∗∗ 0.001
growing season (0.001) (0.001) (0.001) (0.001) (0.000)

Observations 43207 43207 43207 43207 43207

Customer FE X X X X X
ADM2 × year FE X X X X X
Controls X X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 50%, 65%, 70%, 80% and 90%, respectively.
The vegetation shock is a standardized measure of the deviation of the average seasonal NDVI level
from its long-term mean. The proportion of business days are measured during the first harvest season
that follows the growing season. ADM2-year fixed effects are set at the district level. Further controls
include the asinh harvest season length, the asinh number of weeks the customer had the solar panel
system during the harvest season and the average ward-level cloud cover during the harvest season.
Standard errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, ***
p< 0.01
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Table 2.A.9: Robustness: Using alternative cut-offs to identify business users

Outcome: asinh System off-days in harvest season

Business cut-off 50
percent

60
percent

70
percent

80
percent

90
percent

Vegetation shock in 0.051∗∗∗ 0.048∗∗∗ 0.046∗∗∗ 0.041∗∗∗ 0.035∗∗

growing season (0.015) (0.014) (0.014) (0.014) (0.014)

Business usage -1.636∗∗∗ -1.659∗∗∗ -1.793∗∗∗ -2.152∗∗∗ -2.485∗∗∗

(0.087) (0.102) (0.116) (0.134) (0.216)

Business usage × -0.170∗∗∗ -0.197∗∗∗ -0.258∗∗∗ -0.260∗∗∗ -0.310∗∗

vegetation shock (0.048) (0.057) (0.068) (0.093) (0.143)

Observations 43207 43207 43207 43207 43207

Customer FE X X X X X
ADM2 × year FE X X X X X
Controls X X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 50%, 60%, 70%, 80% and 90%, respectively.
The vegetation shock is a standardized measure of the deviation of the average seasonal NDVI level
from its long-term mean. The proportion of business days and the number of system-off days are mea-
sured during the first harvest season that follows the growing season. ADM2-year fixed effects are set
at the district level. Further controls include the asinh harvest season length, the asinh number of weeks
the customer had the solar panel system during the harvest season and the average ward-level cloud
cover during the harvest season. Standard errors, in parentheses, are clustered on the level of districts
(ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01

Table 2.A.10: Rainfall and Vegetation shocks shocks

Outcome: Vegetation shocks (NDVI)

(1) (2)

Rainfall shock 0.042
(0.044)

Negative rainfall shock 0.071∗∗

(0.036)

Positive rainfall shock 0.008
(0.031)

Average growing season -8.300∗∗∗ -8.084∗∗∗

cloud cover (1.153) (1.149)

Observations 9493 9493

ADM3 FE X X
Year FE X X

Notes: The vegetation and rainfall shocks are standardized measures of the long-term mean deviation
of the average seasonal NDVI/ rainfall from their. Larger values of the rainfall shock indicate less rain
in the observed season compared to the long-term mean. Estimations are run at the ward-season level.
Controls include the average ward-level cloud cover during the growing season, ward (ADM3) fixed
effects and year fixed effects. Standard errors, in parentheses, are clustered on the level of districts
(ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 2.A.11: The effect of rainfall shocks on repayment and business usage

Outcome Proportion of business usage
days in harvest season

asinh System-off days
in harvest season

(1) (2) (3)

Rainfall shock in -0.001 0.065∗∗∗ 0.069∗∗∗

growing season (0.001) (0.019) (0.019)

Business usage in -1.971∗∗∗

harvest season (0.126)

Business usage -0.130∗∗

× rainfall shock (0.057)

Observations 43207 43207 43207

Customer FE X X X
Year FE X X X
Controls X X X

Notes: Business days are defined as days with an electricity usage that results in a predicted business
probability above 75%. The vegetation shock is a standardized measure of the deviation of the average
seasonal NDVI level from its long-term mean. ADM2-year fixed effects are set at the district level.
Standard errors, in parentheses, are clustered on the level of districts (ADM2). Further controls include
the asinh harvest season length, the asinh number of weeks the customer had the solar panel system
during the harvest season and the average ward-level cloud cover during the harvest season. * p< 0.1,
** p< 0.05, *** p< 0.01

Table 2.A.12: Agricultural shocks, business usage and repayment: Number of seasons

Outcome: asinh System off-days in harvest season

One season More than one season

(1) (2) (3) (4)

Vegetation shock in 0.019 0.040∗ 0.017 0.017
growing season (0.023) (0.023) (0.036) (0.038)

Business usage -1.674∗∗∗ -1.922∗∗∗

(0.153) (0.344)

Business usage × -0.465∗∗∗ 0.063
vegetation shock (0.111) (0.267)

Observations 20036 20036 5488 5488

Customer FE X X X X
ADM2 × year FE X X X X
Controls X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. The vegetation shock is a standardized
measure of the deviation of the average seasonal NDVI level from its long-term mean. ADM2-year fixed
effects are set at the district level. Further controls include the asinh harvest season length, the asinh
number of weeks the customer had the solar panel system during the harvest season and the average
ward-level cloud cover during the harvest season. Standard errors, in parentheses, are clustered on the
level of districts (ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01

105



Table 2.A.13: Agricultural shocks, business usage and repayment: Varying bimodal
seasons

Excluding regions with
bimodal seasons

Vegetation shocks over
short and long bimodal seasons

Outcome: Business Repayment Business Repayment

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

Vegetation shock in 0.002∗ 0.024 0.035∗∗ 0.002∗ 0.032∗∗ 0.043∗∗

growing season (0.001) (0.015) (0.016) (0.001) (0.015) (0.017)

Business usage -1.824∗∗∗ -1.840∗∗∗ -1.928∗∗∗ -1.944∗∗∗

(0.130) (0.125) (0.128) (0.123)

Business usage × -0.272∗∗∗ -0.286∗∗∗

vegetation shock (0.078) (0.074)

Observations 37207 37207 37207 43207 43207 43207

Customer FE X X X X X X
ADM2 × year FE X X X X X X
Controls X X X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. Repayment is the number of asinh
System-off days in the harvest season. The vegetation shock is a standardized measure of the deviation
of the average seasonal NDVI level from its long-term mean. ADM2-year fixed effects are set at the
district level. Further controls include the asinh harvest season length, the asinh number of weeks the
customer had the solar panel system during the harvest season and the average ward-level cloud cover
during the harvest season. Standard errors, in parentheses, are clustered on the level of districts (ADM2).
* p< 0.1, ** p< 0.05, *** p< 0.01

Table 2.A.14: Repayment and business usage in growing season and anticipation
effects

Outcome: Proportion of business
days in growing season

asinh System-off days
in growing season

asinh System-off days
in harvest season

(1) (2) (3) (4)

Vegetation shock in 0.001 0.027 0.020 0.037∗∗

growing season (0.001) (0.020) (0.020) (0.016)

Business usage in -1.613∗∗∗ -0.207
growing season (0.194) (0.168)

Business usage 0.194∗∗ -0.109
× vegetation shock (0.089) (0.115)

Observations 33663 33663 33663 32245

Customer FE X X X X
ADM2 × year FE X X X X
Controls X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity
usage that results in a predicted business probability above 75%. The vegetation shock is a standardized
measure of the deviation of the average seasonal NDVI level from its long-term mean. ADM2-year
fixed effects are set at the district level. Further controls include the asinh harvest season length, the
asinh number of weeks the customer had the solar panel system and the average ward-level cloud cover
during the respective season. Standard errors, in parentheses, are clustered on the level of districts
(ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 2.A.15: Agricultural shocks, business usage and repayment: The role of past
business usage

Outcome Proportion of business usage
days in harvest season

asinh System off-days
in harvest season

(1) (2) (3) (4)

Vegetation shock in 0.002∗∗ 0.002∗∗ 0.046∗∗∗ 0.046∗∗∗

growing season (0.001) (0.001) (0.014) (0.014)

Business usage -1.971∗∗∗ -1.971∗∗∗

(0.125) (0.125)

Business usage × -0.327∗∗∗ -0.321∗∗∗

vegetation shock (0.083) (0.096)

Past business usage 0.049∗∗∗ 0.048∗∗∗ 0.491∗∗∗ 0.491∗∗∗

(0.016) (0.016) (0.117) (0.117)

Past business usage 0.003 -0.015
× vegetation shock (0.015) (0.101)

Observations 43207 43207 43207 43207

Customer FE X X X X
ADM2 × year FE X X X X
Controls X X X X

Notes: Business usage measures the proportion of days during the harvest season with an electricity us-
age that results in a predicted business probability above 75%. Past business usage is the same measure
for the last season. The vegetation shock is a standardized measure of the deviation of the average sea-
sonal NDVI level from its long-term mean. The proportion of business days and the respective outcome
are measured during the first harvest season that follows the growing season. Past business usage refers
to the last harvest season in the sample. ADM2-year fixed effects are set at the district level. Further
controls include the asinh harvest season length, the asinh number of weeks the customer had the solar
panel system during the harvest season and the average ward-level cloud cover during the harvest sea-
son. Standard errors, in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05,
*** p< 0.01

Table 2.A.16: Non-farmer business usage and repayment

Outcome in
harvest season

Proportion of
business use

days

asinh System
-off days

asinh Average
no. charged days

per payment

Vegetation shock in 0.000 -0.032 -0.019
growing season (0.003) (0.038) (0.030)

Observations 10555 10555 10139

Customer FE X X X
ADM2 × year FE X X X
Controls X X X

Notes: The sample consists of non-farmers only. Business usage measures the proportion of days during
the harvest season with an electricity usage that results in a predicted business probability above 75%.
The drought shock is a standardized measure of the deviation of the average seasonal NDVI level from
its long-term mean. ADM2-year fixed effects are set at the district level. Further controls include the
asinh harvest season length, the asinh number of weeks the customer had the solar panel system during
the harvest season and the average ward-level cloud cover during the harvest season. Standard errors,
in parentheses, are clustered on the level of districts (ADM2). * p< 0.1, ** p< 0.05, *** p< 0.01
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Chapter 3

Your Pain, My Gain? Estimating the
Trade Relocation Effects from Civil
Conflict

joint work with Tobias Korn

Abstract We derive a novel estimation approach to quantify three-party relocation
effects in a dyadic framework. Applied to the effects of civil conflicts on trade, we
find robust evidence that importers substitute away from exporters that are engaged
in conflict. This trade relocation persists after the resolution of a conflict. As a potential
explanation for the longevity of this effect, we provide evidence that trade relocation
increases the likelihood of the two countries signing a Preferential Trade Agreement,
which persistently decreases their bilateral trade costs. A heterogeneity analysis sug-
gests that trade relocation does not occur in the fuels sector, and that highly integrated
supply chains are less likely to relocate. We derive our estimation approach from the
structural gravity model of international trade, translating the triadic relationship be-
tween a conflict country and an exporter-importer pair into an estimable dyadic rela-
tionship. Our estimation approach can be adapted to either cover alternative unilateral
shocks, e.g. natural disasters, or to analyze other bilateral dependent variables, e.g. mi-
gration or FDI flows.

Keywords: Conflict and trade, trade diversion, gravity estimation, general equilibrium

JEL Classification: F14, D74, N41
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3.1 Introduction

In a globalized world, bilateral decisions do not happen in isolation. For instance, re-
alized trade flows are outcomes of competition, financial flows depend on expected
returns of different investment opportunities, and migration flows are shaped by dis-
tances and the attractiveness of alternative options. International trade theory sub-
sumes such effects under the term of multilateral resistances (Anderson and van Win-
coop, 2003); each importer’s and each exporter’s average access to all other trade part-
ners determine the value of bilateral trade. Hence, events that change the competi-
tiveness of any relevant third party can have significant effects on bilateral trade flows
between two countries. Estimating such indirect effects requires empirically isolating
meaningful events in third countries that are likely to influence the dyadic relation-
ship of two other countries. In this paper, we develop a novel strategy to estimate the
effect of third party events on bilateral outcomes and use it to estimate the trade reloca-
tion effects of civil conflicts. This estimation procedure can easily be adapted to other
unilateral shocks as well as alternative bilateral outcome variables.

Violent conflicts are known to displace people and heavily interrupt national produc-
tion chains (see, e.g., Blattman and Miguel, 2010; Verwimp et al., 2019). Similarly, evi-
dence abounds that civil conflicts significantly hurt countries’ exports (see, e.g., Martin
et al., 2008a; Novta and Pugacheva, 2021). In this paper, we estimate the trade reloca-
tion effects of such unilateral economic disruptions by investigating how civil conflicts
shift global trade networks. In essence, we analyze whether and under which cir-
cumstances importers divert their demand from a conflict country to another, peaceful
country. Our main results are based on Partial Equilibrium (PE) structural gravity es-
timations using bilateral trade data for over 150 countries during the period from 1995
to 2014. To augment the typical dyadic gravity specification by variation from a third
country, we define a “relocation propensity” variable that indicates whether a dyad is
likely to be subject to trade relocation from conflict in another country. This indicator
variable combines yearly information on the relationship between any conflict country
and the two countries in a given dyad. A given dyad is considered as likely to be af-
fected by trade relocation if (1) a conflict country used to be a relevant exporter for the
dyad’s importer, and (2) that dyad’s exporter offers a variety of goods similar to that
of the conflict country.

On average, we find bilateral trade to increase by up to 6% in response to civil con-
flict in another country. Our analysis further reveals a significant heterogeneity with
respect to the traded sector. We find that trade in agricultural, mineral, and manufac-
turing goods exhibit a trade relocation effect of up to 13%, whereas fuel exports do not
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respond at all. The fact that the international fuel trade does not react to civil conflict
reflects the dependence of importers on specific suppliers of fuel exports. This was
very well demonstrated recently by the European Union’s hesitation to stop oil and
gas imports from Russia in the light of Russia’s invasion of Ukraine.1 Similarly, oil
and gas exports are of special financial importance for belligerents on either side of a
conflict, who have an interest in maintaining fuel shipments.2 Second, in the agricul-
tural and manufacturing sectors, trade relocation only occurs if the prior value chain
integration via Foreign Direct Investment (FDI) was negligible. However, the effect is
the opposite in the minerals sector, where large amounts of FDI are associated with
higher trade relocation. This difference may be driven by the mining sector’s vulnera-
bility to civil conflict, as especially foreign-owned mines attract violence (Berman et al.,
2017). A final heterogeneity is the timing of the relocation decision. We find that in the
minerals and manufacturing sectors, relocation is stronger after long conflict spells.
This finding is in line with recent research in the business literature. Especially Multi-
national Enterprises (MNEs), who incorporate the threat of political tensions in their
location decision of FDI, must weigh the costs from staying versus the costs of relocat-
ing. Depending on their vulnerability to conflict and local advantages for production,
resuming production in a conflict zone can be the better option (Dai et al., 2017). For
some, the possibility to stay is even worth investments to promote peace (Oetzel and
Miklian, 2017).

Once a firm relocates its production sites or finds new providers of (intermediary)
goods in another country, it has economic incentives to lobby for better and cheaper
market access. Hence, trade relocation may persist after the end of a civil conflict if
trading costs remain decreased. In a recent study, Freund et al. (2021) provide case
study evidence for this argument for the automotive sector in response to Japan’s 2011
earthquake. In our generalized setting, we find that trade flows remain relocated for
up to nine years after the end of a civil conflict. This effect is mostly driven by the
manufacturing sector. As a possible channel to explain this result, we find that a civil
conflict in one country makes its main importers more likely to form Preferential Trade
Agreements (PTAs) with alternative exporters. This supports the intuition that the
persistent relocation is fostered by deeper market integration, and follows the idea of
endogenous RTA formation (see, e.g Egger et al., 2008). In the end, international mar-
kets find themselves in a new equilibrium (Allen and Donaldson, 2020). Our findings
suggest that civil conflicts can harm economic development in the long-run as trade
flows remain diverted away from the conflict country, underlining the view of civil

1https://www.economist.com/the-economist-explains/2022/02/26/if-the-supply-of-russian-gas-to-
europe-were-cut-off-could-lng-plug-the-gap (last accessed March 23, 2022).

2See https://www.economist.com/middle-east-and-africa/2014/11/01/a-sticky-problem as an exam-
ple (last accessed February 15, 2022).
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conflict as “development in reverse” (Collier et al., 2003).

Finally, we conduct a General Equilibrium (GE) analysis based on the recent civil war
episodes in Colombia, Ukraine, and Turkey as case studies.3 These case studies con-
firm our PE findings and indicate that importers who used to rely heavily on shipments
from the conflict countries switch to shipments from alternative exporters. What is
more, we estimate changes in overall national welfare measured by total consumption
expenditures in response to these conflicts. Here, we find that national welfare de-
creases for almost all countries involved, even for those exporters on the receiving end
of the relocated trade flows. This suggests that trade relocation cannot fully offset the
global loss in economic activity.

Our paper contributes to several strands of the literature. First, we contribute to the lit-
erature investigating trade relocation effects. Since Anderson and van Wincoop (2003)
pointed out the importance of multilateral resistance terms in the structural gravity
framework, it is widely accepted that international competition is a decisive determi-
nant of bilateral trade. The empirical trade literature provides various insights into
the trade relocation effects of PTAs. Several papers provide evidence that PTAs in-
crease trade flows between signees (“trade creation”) while decreasing trade between
any signee and non-signees (“trade diversion”). Among others, Dai et al. (2014) and
Cheong et al. (2015) analyze how PTAs shift international trade flows by focusing on
dyads in which one country joined a PTA and the other did not. We go one step fur-
ther and measure trade relocation in a triadic relationship. That is, we estimate the
effect of country A’s economic shock on bilateral trade between countries B and C.
The empirical specification we develop allows to include unilateral shocks that occur
outside an observed dyad. While we apply this strategy to civil conflict as a shock
and bilateral trade as an outcome variable, the same specification can be applied to
alternative bilateral dependent variables like migration or financial flows, as well as
to different unilateral shocks such as climate shocks (Jones and Olken, 2010), resource
windfalls (Bahar and Santos, 2018), taxes and regulations (Grubert and Mutti, 1991;
Emran, 2005), or currency devaluations (Krugman and Taylor, 1978; Rose, 2018).

Second, we add to the evidence of how civil wars affect the international economy.
Recent findings emphasize that civil wars depress the quantity and prices of exported
goods (Ksoll et al., 2018; Ahsan and Iqbal, 2020). These effects are not bound to the
conflict country but often spill over to neighboring countries (Qureshi, 2013; De Sousa
et al., 2018). Especially in the case of transnational terrorism, protective countermea-
sures persistently complicate the exchange of goods, multiplying the direct effects of

3We selected these case studies as they constitute the most significant spikes in violence according to
UCDP data which have clear start and/or end points during our period of observation.
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violence (Mirza and Verdier, 2014). Similarly, international wars as well as non-violent
disputes between countries reduce bilateral trade (Fuchs and Klann, 2013; Garfinkel
et al., 2020a). These effects further persist when conflict erodes trust between parties
(Rohner et al., 2013). However, improved trade relationships can decrease the likeli-
hood that international wars break out as gains from trade increase the opportunity-
costs of starting a war (Martin et al., 2008a,b, 2012; Garfinkel et al., 2020b). Trade re-
strictions and competition can even foster political violence (Amodio et al., 2020). We
extend this line of the literature by considering the general equilibrium effects of civil
conflict. As international markets are tightly linked, civil conflicts are hardly a unilat-
eral or bilateral phenomenon. By providing evidence that civil wars can affect trade
flows between other, peaceful countries and provoke shifts in the international equi-
librium, we consider new economic consequences from political violence.

Finally, our findings add to the discussion about the persistence of the economic con-
sequences of civil violence. According to economic theory, an economic shock should
affect nations only in the short-run, while their economy rapidly recovers after the con-
flict is resolved (Barro and Sala-i-Martin, 1992; Mankiw et al., 1992; Blattman, 2012).
These theoretical considerations receive support from several empirical findings (see,
e.g., Davis and Weinstein, 2002; Brakman et al., 2004; Miguel and Roland, 2011). How-
ever, recent micro-level evidence points toward a persistent effect of civil conflict on
affected individuals (Akresh et al., 2012; Justino and Verwimp, 2013; Brück et al., 2019;
Tur-Prats and Valencia Caicedo, 2020). We contribute to this literature by pointing out
that general equilibrium effects can cause the effects of civil conflict to persist. Our
findings suggest that temporary trade relocation fosters market integration via PTAs,
which in turn leads to persistent trade diversion away from the (former) conflict coun-
try.

The rest of the paper is structured as follows. In the next section, we derive our empir-
ical specifications from the structural gravity model of international trade and intro-
duce our dataset. Afterwards, section 3 discusses our main results. Section 4 presents
several extensions to our main estimations. Finally, we will discuss a number of ro-
bustness checks in section 5, before section 6 concludes.

3.2 Estimation and Data

Our analysis follows the structural gravity model of international trade derived in An-
derson and van Wincoop (2003) and Anderson (1979), based on Armington (1969). We
follow Anderson et al. (2018b) and describe the exports of a variety of goods in sector
s from country i to country j in year t with the equation:
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Xijs,t =
Yis,tEjs,t

YWs,t
·
[

tij,t

Πis,tPjs,t

]1−σ

(3.2.1)

Exports Xijs,t are positively related to the product of the exporter’s level of production
Yis,t and the importer’s consumption expenditures Ejs,t, relative to total world output
YWs,t in that sector. Trade flows further depend on the bilateral “iceberg costs” of trade,
denoted by tij,t. This term covers, among other things, the distance between two coun-
tries or the amount of tariffs paid on shipments. With the elasticity of substitution
across varieties σ > 1, bilateral exports Xijs,t are negatively linked to the trade costs
tij,t. Finally, bilateral trade depends on the multilateral resistances faced by the ex-
porter and importer, respectively. The outward multilateral resistance Πis describes
the exporter’s average (inverse) market access to all potential importers. The inward
multilateral resistance Pjs similarly describes the importer’s average (inverse) market
access to all potential exporters. Both these variables can be thought of as the compe-
tition on international markets in sector s that either i or j face with any other country
to trade with country j or i, respectively.

We follow Head and Mayer (2014) in transforming equation 3.2.1 into an estimating
equation and include exporter-sector-year fixed effects πis,t, importer-sector-year fixed
effects λjs,t, and sector-dyad fixed effects µijs. We further decompose the iceberg trade
costs into a time-varying and a time-invariant component: tij,t = t̄ij + τij,t. Conditional
on the fixed effects, the time-varying component τij,t is the only remaining variation in
equation 3.2.1 that affects bilateral trade between countries i and j. We control for bi-
lateral trade agreements and sanctions, which are two important components of τij,t as
recently advocated in the literature (see, e.g., Dai et al., 2014; Felbermayr et al., 2019b).
Finally, we add an indicator TRijs,t to identify dyad-sector-year observations that are
likely to be affected by trade relocation effects. We arrive at the estimating equation:

Xijs,t = exp
[
πis,t + λjs,t + µijs + β · TRijs,t + γ · Zij,t

]
+ ηijs,t (3.2.2)

where Zij,t is a vector of dyadic control variables, including bilateral trade agreements
and sanctions, and ηijs,t accounts for the remaining variation in Xijs,t that is not ex-
plained by the fixed effects and independent variables. The challenge is to incorporate
civil conflicts that take place in a third country k in the variable TRijs,t. In theory, we
expect a civil war in country k to enter bilateral trade between countries i and j via the
multilateral resistance terms Pjs or Πis in Equation 3.2.1. Since multilateral resistance
terms are not observable, we develop a quantifiable proxy measure for the relocation
propensity, which can be derived via Pjs,t or Πis,t based on the structural gravity model
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of international trade (see Appendix 3.A.4 for the formal derivation). We arrive at the
following estimation equation for the trade relocation effect from conflict in country k
on the dyad ijs:

Xijs,t = exp

[
πis,t + λjs,t + µijs + β ·∑

k

(
Rjks,t−2 × Sik,t−2 × Ck,t−1

)
+ γ · Zij,t

]
+ ηijs,t.

(3.2.3)

Our coefficient of interest β indicates how bilateral trade between countries i and j in
sector s reacts to conflict in another country k. We approximate relocation propensity as
an interaction of three variables: (i) the conflict status of any country k 6= i, j, denoted
by Ck,t−1, (ii) the relevance of country k as an exporter for country j in sector s, Rjks,t−2,
and (iii) the similarity between exporters i and k, Sik,t−2. Note that we lag conflict by
one year and the relevance and similarity conditions by two years to (i) leave time
for trade relocation effects to materialize and (ii) use country characteristics before the
conflict in country k.4

The relevance characteristic Rjks,t−2 indicates whether country j used to import rela-
tively large amounts from country k in sector s prior to the conflict. We start by defin-
ing Rjks,t−2 broadly, indicating whether country k was among the top 7 exporters to
country j in sector s.5 Other measures, for instance top 5 or 10 exporters, are used as
robustness tests. For an indicator of similarity Sik,t−2, we leverage different variables
to identify whether two countries i and k were exporters of similar goods before the
conflict broke out in country k. All variables are based on disaggregated export data
for 61 sectors (SITC classification). First, we construct clusters of countries with similar
export structures. We apply a K-Means clustering algorithm as developed by Hartigan
and Wong (1979), which allocates countries according to their similarity in produc-
tion to a pre-defined number of clusters. For our preferred specifications, we divide
all exporting countries in a given year into 15 or 20 different clusters. Our method is
similar to the process applied by Kim et al. (2020), who assign trade-dyads to clusters
according to the similarity in the sectoral composition of their trade flows. As this
method of assigning export clusters inherits some degree of randomness, and there
is no clear candidate for a “perfect” number of clusters, we test for robustness across
different cluster sizes. Figure 3.1 below illustrates the allocation of clusters for the year
2005, where the indicator of similarity equals 1 for countries in the same cluster. To
test whether our similarity measure is robust to other specifications, we additionally
construct an export similarity index following Benedictis and Tajoli (2007a,b), which

4As a robustness test, we also examine trade flows in the same year as the conflict takes place.
5In our sample, the top 7 exporters are on average responsible for the first quartile (25%) of a country’s
imports.
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mirrors the correlation between sectoral exports across countries.

Figure 3.1: Export similarity clusters

Notes: This graph shows the distribution of export clusters based on a K-Means clustering algorithm
with 15 random centers in the year 2005. The algorithm randomly picks 15 countries as centers and
then assigns all remaining countries to the center with the most similar export structure. Similarity is
computed based on export-data for 61 sectors.

We then determine relocation propensity via the triple interaction of the indicators for
relevance Rjks,t−2, similarity Sik,t−2, and conflict Ck,t−1. In other words, whenever all
three indicator variables take the value of one for any country k, our relocation propen-
sity variable takes the value of one for the ijs dyad.6 We hence identify a positive
relocation propensity as the specific case that conflict country k was a significant trad-
ing partner of importing country j in sector s in the past, and this same country k used
to offer a similar variety of goods to exporter i.

A causal interpretation of our results requires the unexplained variation captured by
the error term ηijs,t to be uncorrelated with our relocation propensity variable, con-
ditional on our control variables and fixed effects. We hence must rule out that un-
observed, non-random characteristics captured by ηijs,t are associated with a higher
likelihood that our relocation propensity variable takes the value of one. For this, it
is important to note that none of the three ingredients to our relocation propensity
variable is dyad-year-specific. First, the incidence of civil conflict in country k, Ck,t−1,
is an event observed by all dyads in a given year t and hence controlled for by year
fixed effects. Second, the relevance characteristic Rjks,t−2 is specific to a dyad’s im-
porter only and hence does not vary across an importer’s export partners in a given
year. Hence, importer-sector-year fixed effects account for all characteristics that make

6Note that this constitutes the extensive margin, coding a dyad as subject to trade relocation if they are
affected by at least one conflict. In the Appendix, we provide results for the intensive margin, using
the number of identified relocation possibilities as the explanatory variable. While the results are very
similar, we prefer the extensive margin due to the easier interpretation of the results.
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an importer more likely to experience trade relocation from a given conflict country
k. The same argumentation holds for the similarity condition Sik,t−2 at the exporter
side, which is controlled for by exporter-sector-year fixed effects. Finally, character-
istics that are specific to a given dyad and might increase its average propensity that
both Rjks,t−2 and Sik,t−2 are one is accounted for by dyad fixed effects. A potential bias
in our estimates hence requires the presence of unobserved characteristics that vary
at the dyad-sector-year level and correlate with the interaction of our relevance and
similarity conditions. One potential caveat could be, for example, that our results are
mainly driven by one of the two variables, while the other only generates minimal
identifying variation. In Appendix 3.A.7, we therefore provide an in-depth discussion
of the determinants and variation of both the relevance and similarity conditions and
demonstrate that both variables exhibit sufficient variation. Furthermore, we provide
several robustness checks below which demonstrate that both conditions are required
together to estimate a significant relocation effect. Another caveat could be that dur-
ing years when a conflict is active in a country that is relevant to a dyad’s importer
and similar to its exporter, the dyad’s preferences for trading with each other system-
atically increase for reasons other than the civil conflict in the third country. One such
possibility could be that importers apply bilateral sanctions to countries that are linked
to the conflict country k, but strategically spare countries they identified as potential
export substitutions for k. Here, it is reassuring that controlling for various types of
sanctions leaves our results qualitatively unchanged. Our results are further not sen-
sitive to controlling for pre-existing observable trade preferences in the form of PTAs.
The non-sensitivity of our results to the inclusion of these bilateral, time-varying con-
trol variables makes us confident that the likelihood that unobserved characteristics
are correlated with our trade relocation variable is low. Finally, we view reverse cau-
sation as an unlikely threat to our identification. Reverse causation would require that
bilateral trade flows between two countries are significantly linked to the likelihood
that a civil conflict emerged in another country that is relevant to the dyad’s importer
and similar to its exporter two years prior. While there is evidence that the US staged
coups to increase trade with conflict countries (Berger et al., 2013), we are not aware
of any evidence or anecdotes that governments stage civil wars in third countries to
increase exports to or imports from a specific other, non-conflict country.

Our empirical analysis draws from various data sources related to civil conflict and
international trade. For our main analysis, we include trade data for the manufacturing
and primary sectors. Addressing the primary sector separately is important as civil
conflicts predominantly erupt in resource-abundant countries (Ross, 2015).7

7The relationship between natural-resource abundance and the likelihood of conflict depends on sev-
eral factors, such as political stability, inequality, or type of resources (Basedau and Lay, 2009;
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Manufacturing data come from the Comtrade dataset, which includes bilateral trade
flows between 1980 and 2018 of approximately 180 countries.8 As a measure for trade
in primary goods, we use commodity trade data from CEPII’s BACI dataset, which
consists of yearly bilateral trade-flows at the 6-digit HS level. According to recent
advancements in the international trade literature, bilateral trade flows alone are not
sufficient for a reliable empirical analysis. As Yotov (2021) shows, international trade
flows need to be complemented with intra-national trade data to obtain unbiased and
consistent estimates within the gravity framework. Unfortunately, the availability of
consistent internal production data is still limited. Therefore, we combine several data
sources to maximize the coverage across countries, sectors, and years. We follow the
literature in computing internal trade flows (Baier et al., 2019). For the manufactur-
ing sector, we compute internal trade as the difference between total manufacturing
production and total manufacturing exports. To quantify total manufacturing produc-
tion, we draw on data from the INDSTAT database. We proceed similarly to compute
internal trade flows in the primary sector. Here, we use commodity production data
from Fally and Sayre (2018). The authors combine production data of minerals, agri-
cultural commodities and fuels from the British Geological Survey, the FAO and the
Global Trade Analysis Project (GTAP). Based on these data, we compute internal trade
flows for about 200 countries and across 169 commodities between 1995 and 2014. We
complement our dataset with information on PTAs from CEPII’s Gravity database.9

To identify civil conflict, we use the UCDP/PRIO Armed Conflict Dataset version 19.1
(Sundberg and Melander, 2013). We follow the established definition and code a coun-
try to experience a civil war in a given year if it has experienced violent events between
government troops and a non-governmental entity, and if the number of battle deaths
exceeded the threshold of 25 casualties. Our main dataset comprises 179 countries over
the years 1995–2014. Table 3.A.1 reports descriptive statistics of our main variables.

3.3 Main Results

Table 3.1 presents our main results, which are obtained by estimating equation 3.2.3.
Panel A provides results based on 15 clusters for the similarity definition and Panel
B on 20 clusters. The results in column 1 are based on estimations across all sectors
within a respective dyad, which include exporter-sector-year, importer-sector-year and

Brunnschweiler and Bulte, 2009; Bazzi and Blattman, 2014; Farzanegan et al., 2018).
8Trade values are primarily measured through imports, as these are usually more precisely computed.
We complement missing import data with exports between the same dyad and year to maximize cover-
age.

9The PTA variable is based on the RTA-IS dataset of the World Trade Organization (WTO) and is con-
structed out of information on Partial Scope Agreements (PSA), Free Trade Agreements (FTA), Customs
Unions (CU) and Economic Integration Agreements (EIA).
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exporter-importer-sector fixed effects and control for bilateral trade agreements and
sanctions on the exporter side. We find a statistically significant and positive trade
relocation effect. On average, civil conflict increases trade between two other countries
by 6%.10 In columns 2-5, we investigate relocation effects by sector. Notably, we do
not find any evidence of trade relocation in the fuels sector (Column 4). This finding
is intuitive as fuel exports commonly do not decrease during civil conflict in the first
place. As we discuss in more detail in Appendix 3.A.6, we find that civil conflicts
depress exports in all sectors but in fuels, which confirms prior empirical and anecdotal
evidence that warring parties have a joint interest of keeping up oil exports to finance
their war efforts (Bazzi and Blattman, 2014). In the three other sectors, civil conflict in
country k has a robust and significant effect on exports from country i to j, increasing
bilateral shipments between 7% (manufacturing) and 13% (mining and agriculture).

Table 3.1: Trade relocation main results - conflict in top 7 trading partner countries

Dependent: Exports from country i to country j

Pooled Agricult. Minerals Fuels Manufact.

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

Panel A: 15 clusters

Conflict in 0.06∗∗∗ 0.12∗∗∗ 0.13∗∗∗ -0.02 0.07∗∗

country k (0.02) (0.03) (0.03) (0.03) (0.03)

Panel B: 20 clusters

Conflict in 0.05∗∗ 0.13∗∗∗ 0.10∗∗∗ -0.02 0.07∗∗

country k (0.02) (0.04) (0.03) (0.03) (0.03)

Observations 1269742 366662 322631 89446 491003
Exporter × sector × year X X X X X

Importer × sector × year X X X X X

Exp. × Imp. × sector X X X X X

PTA X X X X X

Sanctions X X X X X

Notes: This table reports estimates of the effects of conflict in country k on exports from country i to coun-
try j, pooled over all sectors in column 1 and disaggregated by sectors in columns 2-5. The explanatory
variables take a value of 1 if (i) country k had a conflict in the previous year, (ii) country k was a top-7
exporter for country j in the pre-conflict-year and (iii) country k and country i were similar exporters in
the pre-conflict-year. Similarity is measured by being in the same exporter-cluster, with a total number
of 15 clusters in Panel A and 20 clusters in Panel B. We estimate all specifications with the PPML estima-
tor and include exporter-sector-year, importer-sector-year and exporter-importer-sector fixed effects.
Standard errors in parentheses are clustered at the dyad-sector level, * p< 0.1, ** p< 0.05, *** p< 0.01

10The results are basically identical if we do not control for PTAs or sanctions (not shown for brevity).
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We conclude from these findings that outside the fuels sector, civil conflicts provoke
sizeable trade relocation effects. Next, we investigate how long these effects persist.
Do trade flows return back to normal when the conflict is resolved?

Considering the various micro-economic mechanisms that play out when trade flows
relocate from one country to another, there is reason to expect that a temporary re-
location can become persistent. As soon as retailers or producers of country j start
importing their goods from country i instead of country k, they establish new connec-
tions and trade networks with exporting firms in country i. Companies in countries i
and j integrate their supply chains and establish international branches via FDI. These
newly established connections may, in turn, induce national governments to sign new
trade agreements with each other. This re-drawing of international cooperation may
persistently decrease bilateral trade costs. According to the dynamic equilibrium the-
ory, a one-time shock can hence alter allocations and bilateral preferences such that
economies end up converging to a new long-run equilibrium (Allen and Donaldson,
2020). In our case, this means that new supply chains and trade agreements tend to
stay in place when a conflict ends, and trade relationships are unlikely to return to
pre-conflict levels once country k resolves its conflict. Such a restructuring of interna-
tional trade flows can hence exacerbate the conflict trap by pushing countries into the
fringe of international trade, which is one explanation why conflict-ridden countries
lack economic development in the long-run (Collier et al., 2003).

We analyze relocation persistence by estimating specifications similar to those pre-
sented in equation 3.2.3. Instead of an indicator variable for country k being at war,
we code how many years back exporter k’s civil war ended. Moreover, to consistently
define the similarity and relevance conditions over time, we use the values from the
year prior to conflict onset in country k. Only for cases with very long conflict spells,
we use the values from five years before the conflict ended, as going too far back would
mask changes in countries’ production structures that are unrelated to conflict.11 We
depict our results in Figure 3.2.

Panel (a) displays estimates for shipments from the beneficiary exporter i to importer
j considering all sectors. The specifications include the same fixed effects and control
variables as our main results in Table 3.1. We find that still up to nine years after the
end of a conflict, bilateral shipments from i to j are significantly bigger than before the
conflict. This effect is mainly driven by the manufacturing sector. Whereas the confi-
dence intervals for the pooled sample are rather wide and do not always exclude zero,
the persistence estimates for the manufacturing sector only, displayed in Panel (b),
hint at a statistically significant increased bilateral trade value of almost one percent

11Take as an example Bangladesh, which was at conflict in most years during the 1990s and early 2000s, but
at the same time underwent a period of large industrialization and globalization. Using its pre-conflict
production portfolio to identify similar exporters in 2010 or later would likely not give a realistic picture.
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Figure 3.2: Relocation persistence

(a) Trade relocation (pooled) (b) Trade relocation (manufacturing)

Notes: This figure shows the coefficients and confidence intervals from regressing exports from country i
to country j to various lags of our relocation propensity variable. Results in Panel (a) stem from regress-
ing trade in all sectors on conflict in country k that ended in year t-τ, as in column 1 of Table 3.1. Panel
(b) provides similar results specifically for the manufacturing sector as in column 5 of Table 3.1. The
dashed vertical lines represent the baseline estimates from columns 1 and 5 of Table 3.1, respectively.
The light and dark blue lines depict 95% and 90% confidence intervals, respectively.

for most lags.12 For t− 3, our estimate is however insignificant and even tilts towards
the negative. One possible explanation for the insignificant result in t − 3 might be
our coding of peace. For a country to be coded peaceful for t − τ years, we require
the absence of violent activity in the country for τ years. Many salient conflicts follow
an on-off nature, with violent attacks in some years, and no attacks in others (Walter,
2004). Such on-off conflicts will be part of our coding for rather short periods of peace
of up to three years, but not for longer periods. What is more, we discuss in the next
section that manufacturing trade relocates rather slowly after conflict onset. Therefore,
on-off conflicts are less likely to cause trade relocation in the first place, which adds
noise to our short-run persistence estimates.

Persistent trade relocation can come about as countries i and j persistently decrease
their bilateral trade costs. Theoretically, during k’s civil war, the two countries have
an incentive to tighten their trade relationships, something we can observe via the for-
mation of new trade agreements. We construct sector-specific relocation propensity
measures as in our main analysis and run bilateral OLS regressions with an indicator
variable for newly established PTAs as the dependent variable. We report the results in
Table 3.2, where we multiply the coefficients by 100 to ease display. We find a signifi-
cant increase in the likelihood of entering a PTA if countries experience trade relocation

12We do not find a statistically significant effect of relocation persistence in the other sectors (not shown).
As the time frame of our data is relatively short, the occurrence of long time-spells after conflicts is
however limited.
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Table 3.2: Linear probability model: Forming new Prefrential Trade Agreements

Dependent: Likelihood of PTA between country i and country j (0-100)

Agricult. Minerals Fuels Manufact.

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

Conflict in 0.23 0.23 0.36∗∗ 0.35∗∗ -0.06 -0.06 1.15∗∗∗ 1.15∗∗∗

country k (0.17) (0.17) (0.18) (0.18) (0.21) (0.21) (0.25) (0.25)

Observations 546129 546129 490379 490379 356116 356116 519129 519129
Exporter × year X X X X X X X X
Importer × year X X X X X X X X
Exp. × imp. X X X X X X X X
Controls X X X X

Notes: This table reports results from Linear Probability Models with the likelihood that country i and
country j enter a trade agreement as the dependent variable. The explanatory variables is constructed
as in Table 3.1, with the top-7 exporters defining relevance, and using 20 clusters to define similarity.
All estimations include exporter-year, importer-year and exporter-importer fixed effects. We control
for prior trade agreements and bilateral sanctions. Standard errors, in parentheses, are clustered at the
exporter-importer level, * p< 0.1, ** p< 0.05, *** p< 0.01

in the minerals or manufacturing sector. If relevant exporters of manufacturing goods
suffer from civil war, the chances to sign a PTA with another, similar exporter increases
by up to 1.15%, with a similar increase of around 0.36% for mineral exporters. These
effects are sizeable compared to an average likelihood of given dyad trading under a
PTA in a given year of around 12.5%. For the agricultural and fuels sectors, we do not
find significant evidence that trade relocation fosters market integration.

3.4 Extensions

To better grasp the mechanisms that lead to (persistent) trade relocation, we consider
various extensions to our baseline estimates.

First, we investigate conflict duration. In Table 3.3, we extend our main specification
by an indicator variable for trade relocation propensity from a conflict that already
lasted more than ten years. The results reveal a noticeable difference across sectors.
For minerals and manufacturing, we see that trade relocation occurs especially after
long conflict periods, while the opposite is true for the agricultural sector. We interpret
this as evidence that in the former two sectors, firms try to keep their supply chains
intact during short periods of violence. Only when violence persists, firms move their
production facilities to other countries. This finding is further in line with our result
that trade relocation only fosters market integration via PTAs in the manufacturing and
minerals sectors. It is fair to assume that firms optimizing their supply chains would
lobby for cheaper access to alternative trading partners before relocating their supply
chains. In agriculture, shifting supply chains may well be cheaper and easier than in
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the other sectors.

Table 3.3: Relocation heterogeneity: Conflict duration

Dependent: Sectoral exports from country i to country j

Agricult. Minerals Fuels Manufact.

Conflict in 0.11∗∗ 0.02 0.03 0.04
country k (0.05) (0.03) (0.03) (0.03)

Conflict is longer 0.04 0.17∗∗∗ -0.26∗∗∗ 0.11∗∗

than 10 years (0.04) (0.04) (0.10) (0.05)

Observations 366662 322631 89446 491003
Exporter × year X X X X
Importer × year X X X X
Exp. × Imp. X X X X
Controls X X X X

Notes: This table reports PPML results from regressing bilateral exports on relocation propensity. The
explanatory variable ”Conflict in country k” is constructed as in Table 3.1, with the top-7 exporters defin-
ing relevance, and using 20 clusters to define similarity. We add another relocation propensity indicator
for relocation from conflicts that lasted more than 10 years. If there are multiple conflict countries k, we
use the shortest duration. All estimations include exporter-year, importer-year and exporter-importer
fixed effects. We control for trade agreements and bilateral sanctions. Standard errors, in parentheses,
are clustered at the exporter-importer level, * p< 0.1, ** p< 0.05, *** p< 0.01

In Table 3.4, we analyze whether trade relocation varies conditional on the importance
of country k as an FDI destination for firms from importer j. We would expect that
substantial amounts of capital invested in conflict country k would reduce the incen-
tive to switch trade partners. We define country k as an important FDI destination if
it received more than 10% of importer j’s total FDI prior to the civil conflict. In odd
columns, we report trade relocation estimates for important FDI-destinations, while
even columns focus on trade relocation away from countries without a significant
share of FDI. In the agricultural and manufacturing sectors, we find the expected effect
that only less relevant FDI destinations cause trade relocation. In the minerals sector,
we find the opposite result; if conflict country k received significant FDI inflows from
firms in country j, imports are more likely to relocate to another exporter i. This result
might hint at the vulnerability of mining-sector FDI to civil conflict. Recent evidence
suggests that natural resource mines are preferred targets of violent groups (Berman
et al., 2017). The destruction of foreign-held capital together with a more insecure en-
vironment for (new) investments might hence encourage firms to divert both FDI and
imports to other countries. Furthermore, investments in the mining sector are more
mobile. Whereas agricultural and manufacturing FDI usually involves acquiring land
and building plants, mining-FDI often focuses on mining equipment which can easily
be moved across borders.
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Table 3.4: Relocation heterogeneity: FDI destination

Dependent: Sectoral exports from country i to country j

Agricult. Minerals Fuels Manufact.

Sign. FDI (j to k): No Yes No Yes No Yes No Yes

Conflict in 0.08∗∗∗ 0.05 0.02 0.25∗∗∗ -0.01 -0.13 0.06∗∗∗ -0.03
country k (0.02) (0.05) (0.02) (0.09) (0.03) (0.12) (0.02) (0.03)

Observations 212285 189594 188137 167925 49705 43403 277556 226926
Exporter × year X X X X X X X X
Importer × year X X X X X X X X
Exporter × Importer X X X X X X X X
Controls X X X X X X X X

Notes: This table reports OLS estimates of the effects of conflict in country k on exports from country i
to country j. The explanatory variables is constructed as in Table 3.1, with the top-7 exporters defining
relevance, and 20 clusters defining similarity. To analyze the heterogeneity w.r.t FDI, we interact the ex-
planatory variable with a dummy indicating that importer j has at least 10% of its FDI value in country
k. This interaction variable takes the value of 1 in odd columns and 0 in even columns. All estima-
tions include exporter-time, importer-time and exporter-importer fixed effects. Controls are indicators
for trade agreements and bilateral sanctions on the exporter side. Standard errors, in parentheses, are
clustered at the exporter-importer level, * p< 0.1, ** p< 0.05, *** p< 0.01

In Table 3.A.2 in the Appendix, we test for heterogeneity with respect to the charac-
teristics of traded goods. In Panel A, we distinguish between exports of commodities
that are common (exported by several countries) or rare (exported by only a handful
of countries) in the agricultural and minerals sectors.13 In the minerals sector, trade
relocation is only observable for very common commodities. In the agricultural sector,
no coefficient is statistically significant, possibly due to a lack of variation in our inde-
pendent variable as (very) common agricultural commodities are exported by almost
all countries.

In Panel B, we differentiate between intermediate and final goods. In the agriculture
and mining sectors, we only find significant evidence for trade relocation among inter-
mediate goods. For final goods, our estimates yield relatively precise zeroes. Likely,
global value chains that rely on agricultural and mining commodities have the capacity
and/or economic interest to pursue a quick substitution of export partners. For man-
ufacturing goods on the other hand, we estimate a large and highly significant trade
relocation effect for final goods, but an insignificant effect for intermediate goods. A
likely explanation for this finding is that the final process in the manufacturing sup-
ply chain, which mainly consists of assembling ready-made parts, can more easily be
offshored if civil conflict mandates relocation.

Finally, we conduct general equilibrium welfare computations for three case studies.
We look at the recent peaks of civil violence in Colombia, Ukraine and Turkey, and esti-

13Restricted data availability in the manufacturing sector does not allow to make the same comparison for
this sector.
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mate (i) changes in worldwide bilateral trade flows and (ii) changes in countries’ over-
all welfare. We discuss the general equilibrium analysis in more detail in Appendix
3.A.8. Based on the methodology discussed in Baier et al. (2019), we first estimate how
civil conflict affected the conflict country’s overall exports, and then use this estimate to
compute hypothetical trade flows in case the respective conflict never happened. De-
riving overall consumption from (hypothetical) internal and international trade flows,
we further receive a proxy for countries’ overall welfare levels. A comparison of actual
to hypothetical trade flows and welfare levels then sketches the general equilibrium
effects of the respective conflict.

The estimated welfare changes help us interpret the global effects of civil conflict. As
depicted in Figure 3.A.1, for basically every country in our sample, welfare levels are
smaller relative to the hypothetical scenario where a given conflict had not occurred.
While it is of little surprise that the conflict countries themselves as well as their main
importers experience the largest welfare reductions, even those countries that experi-
ence bilateral export increases thanks to trade relocation are overall worse off. Indeed,
we only estimate a slight welfare increase for Macao in response to the civil conflict
in Colombia. Apparently, trade relocation can only partially offset the welfare losses
countries encounter due to increased trading costs with the conflict country. Hence,
even though trade relocation helps mitigate some of the global loss in trade and wel-
fare due to civil wars, all members of the world economy are individually worse off
compared to a world at peace.

3.5 Robustness

We estimate various alternative specifications to test our results for robustness. A first
concern of our estimation approach is our selection of cut-offs to code our relevance
and similarity conditions. Figure 3.3 provides results for our main specification using
alternative thresholds to classify relevant and similar exporters, respectively. Panel (a)
to the left varies the number of export partners we classify as relevant for a dyad’s
importer. This exercise suggests that our results are sensitive to the cut-off we choose
to classify exporters as relevant. Only when we consider anything between the top
seven and ten trade partners as relevant, we find significant trade relocation effects.14

This finding fits the intuition behind our estimation approach. If we consider a too
small number of trade-partners, we miss out on relevant relocation cases. This, in
turn, results in only a very small number of dyads we code as subject to trade reloca-

14A disaggregation into sectors in Figure 3.A.4 in the Appendix shows that a smaller number of trade-
partners in the agricultural sector yields stronger results than in the minerals and manufacturing sectors.
The coefficients for the fuels sector remain statistically insignificant, regardless of the number of trade-
partners.
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tion, while many potential relocation cases end up in our control group, biasing the
results towards zero. Similarly, a too broad classification of relevant trade-partners
adds numerous cases which we would code as subject to trade relocation even though
the actual propensity for trade relocation is very low. According to our raw data, trade
partners that are ranked tenth or higher are responsible for less than one percent of a
country’s overall imports, on average. This again biases our results towards zero as
cases where no trade relocation is to be expected end up in our treatment group. In
Panel (b) to the right, we conduct a similar robustness test and vary the number of
clusters we use to code exporters as similar. Similarly as above, for a very broad cate-
gorization into e.g. only two clusters or very narrow classification into fifty clusters or
more, our results turn insignificant.15 Hence, our results are much less sensitive to the
number of clusters we select to code our similarity condition. This resembles the fact
that the variation in the similarity classification is rather low across intermediate num-
bers of clusters. For example, countries that rely mostly on agricultural production
will almost always end up together in the same cluster, no matter whether the world
is divided into five or forty production clusters. Still, another concern inherent to our
estimation approach is that a single cluster might drive our results. To check for this
possibility, we conduct leave-one-out regressions, where we repeat our main estima-
tions but drop one cluster at a time. As we show in Figure 3.A.3 in the Appendix, our
results are basically identical regardless of which countries we drop from our sample.

Two further robustness checks specifically concern our coding of exporter similarity.
First, instead of clusters we construct a similarity index following Benedictis and Tajoli
(2007a). This index measures the correlation of sectoral export values between two
countries relative to other countries. We define countries i and k as similar if their ex-
port similarity is higher than 0.5, where 1 refers to identical and 0 to non-overlapping
export patterns. Second, we change the input to our cluster calculations to allow for
importer-specific considerations of which exporters they would treat as similar. Here,
we classify all available exporters for each importer separately and include additional
variables as inputs to the cluster algorithm. In addition to sectoral production shares,
we also include various dyadic determinants of trade costs. Among other things, these
are bilateral distance, common official language, and colonial heritage. Arguably, if
importers search for substitution possibilities in response to a civil war in one of their
main export origins, these cost factors may be as relevant as a country’s production ca-
pabilities to make a trade relocation decision. We present the results of both alternative
specifications in Table 3.A.5. Our main results remain qualitatively unchanged.

Next, we want to rule out the possibility that instead of the interaction of the similarity

15The agricultural sector is the least sensitive to the number of clusters, while for the minerals and man-
ufacturing sectors the estimated coefficient is more often insignificant (Figure 3.A.5 in the Appendix).
Again, the coefficients for the fuels sector remain statistically insignificant throughout.
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Figure 3.3: Alternative relevance and similarity cut-Offs

(a) Alternating number of trade-partners (b) Alternating number of clusters

Notes: This figure displays the coefficients of our diversion propensity as defined in Table 3.1 with
alternating numbers of trade-partners (20 clusters) in the left panel and alternating number of clusters (7
trade-partners) in the right panel. All estimations are run with the PPML estimator and include exporter-
sector-time, importer-sector-time and exporter-importer-sector fixed effects. Controls are indicators for
trade agreements and bilateral sanctions on the exporter side. Standard errors are clustered on the
exporter-importer-sector level. The light and dark blue lines depict 95% and 90% confidence intervals,
respectively.

and relevance conditions, one of these conditions alone produces our results. Theoret-
ically, our identification approach might mechanically single-out much-trading dyads
or countries exporting specific goods via the relevance or similarity classification, re-
spectively. While each indicator variable alone is controlled for by our fixed effects,
there remains the possibility that due to missing variation in either one of the two
conditions, the other may alone drive the effects. As our results are less sensitive to
the number of clusters as shown in Figure 3.3 above, one concern could be that the
condition of similarity is redundant. To check whether indeed the interaction of both
variables is generating our results, we invert either the similarity or the relevance clas-
sification and repeat our main estimations. Table 3.A.6 reports the results. In Panel A,
we use the seven least important trade-partners to importer j, while still using the orig-
inal similarity classification between conflict country k and exporter i based on twenty
clusters. We find no evidence that conflict in less-important trade partners leads to
trade relocation. In Panel B, we retain the original relevance classification of the top
seven trading partners, but turn around our similarity classification to include all ex-
porters with an exporter similarity index below 0.1. Again, we do not find significant
trade relocation effects. Overall, we conclude from this falsification test that our iden-
tification approach indeed captures trade relocation propensity, as both relationships
to the conflict country, i.e. the exporter’s similarity as well as the importer’s relevance,
are needed together to produce our main results.
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Finally, Table 3.A.7 presents additional results in which we slightly change our main
specification. In Panel A, in addition to our standard relocation propensity variable, we
include a similar indicator for relocation propensity based on large conflicts with more
than 1000 battle deaths. Our results mostly stem from small conflicts. The coefficients
for our main indicator variable considering all conflicts together remains robustly pos-
itive, whereas the indicator variable based on big conflicts yields insignificant or even
negative coefficients. These results should be treated with caution though, as the num-
ber of large conflicts in our sample is relatively small. In Panel B, we use the number of
conflict countries that fulfill the relevance and similarity conditions instead of an indi-
cator that the conditions are fulfilled for any country to estimate the intensive margin
of trade relocation. The coefficients are almost identical to our main results, only in
the minerals sector the effect is more precisely estimated. This may be a hint that in
this sector, import demand is more likely to spill over from several conflict countries
to some specific (peaceful) exporters. In Panel C, we estimate trade-flows in the same
year as the conflict in country k. The weaker results for the minerals and manufactur-
ing sectors indicate that trade-flows need some time to adjust. Looking at international
instead of domestic wars, Panel D reports no statistically significant effects. This is
most likely driven by the very small number of international wars during our sample
period.

3.6 Conclusion

This paper introduces a novel estimation approach for trade relocation effects that
result from economic shocks in third countries. According to the structural gravity
model of international trade, unilateral economic shocks affect bilateral trade between
other countries via changes to the overall competition on international markets (An-
derson and van Wincoop, 2003). In the short-run, a reduced competitiveness of one
country can thus increase trade between other countries. If such short-run trade in-
creases market integration, e.g. via signing PTAs, bilateral trade costs remain lower
than before the shock, which in turn provokes a persistent relocation of international
trade.

We apply the estimation approach to civil conflicts, which have been shown to signif-
icantly depress countries’ export capacity (Novta and Pugacheva, 2021). On average,
we find that dyads increase bilateral trade flows by 6% in response to civil conflict in
a third country. The agricultural, manufacturing and minerals sectors exhibit a trade
diversion effect of up to 13%, whereas we find no trade diversion in the fuels sector.
What is more, we find that in the manufacturing sector trade relocation persists still
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nine years after the end of a civil conflict due to reduced bilateral trade costs via PTAs.
Hence, civil conflicts can induce long-term economic losses for affected countries as
international markets end up in a new equilibrium.

This paper is the first to study the short- and medium-run trade relocation effects of
unilateral shocks like civil conflicts. Our results add to prior findings that civil conflicts
depress the international trade flows of conflict countries (Martin et al., 2008a) and
their neighbors (Qureshi, 2013). Our findings are furthermore relevant for the design
of post-conflict recovery policies. After a country resolves its internal disputes, it faces
a different network of international trade with increased competition due to persis-
tent shifts in the trade relationships of former trading partners. To reintegrate the now
peaceful country back into international markets and support post-conflict recovery,
improving the terms of trade, e.g. via the quick resolution of (temporary) preferential
tariff margins, may constitute valuable policy measures. Similarly, conflict-countries
themselves may prioritize foreign policy to improve bilateral trade and hence spur the
recovery of local production capacities.

Our estimation approach can easily be adapted to other settings. To analyze reloca-
tion effects, we construct a relocation propensity indicator variable, which translates
the triadic relationship between a conflict country and any trading dyad into a dyadic
observation. Besides civil conflicts, the approach can be applied to any other unilateral
shock that can significantly alter a country’s international competitiveness. Moreover,
our estimation approach can be adapted to other bilateral outcome variables like mi-
gration or FDI by formulating similarity and relevance conditions that apply to the
outcome variable of interest.
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3.A.2 Additional Tables

Table 3.A.1: Descriptive statistics
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Table 3.A.2: Trade relocation heterogeneity: Commodity characteristics

Dependent: Sectoral exports from country i to country j

Panel A: Agriculture Minerals

Very common Common Rare Very common Common Rare

Conflict in 0.02 0.06 -0.08 0.06∗∗∗ -0.03 0.27
country k (0.02) (0.04) (0.09) (0.02) (0.05) (0.31)

Observations 324148 303658 80708 289851 216409 17951

Panel B: Agriculture Mining Manufacturing

Final
goods

Inter-
mediates

Final
goods

Inter-
mediates

Final
goods

Inter-
mediates

Conflict in 0.01 0.09∗∗ -0.03 0.08∗∗∗ 0.17∗∗∗ 0.02
country k (0.03) (0.04) (0.19) (0.03) (0.06) (0.09)

Observations 312996 313568 45709 322052 111595 111664
Exporter × year X X X X X X
Importer × year X X X X X X
Exp. × Imp. X X X X X X
Controls X X X X X X

Notes: This table reports estimates of the effects of conflict in country k on exports from country i to
country j. In Panel A, the agriculture and minerals sector are disaggregated into ’very common’ (top
10% traded commodities), ’common’ (middle 80% traded commodities) and ’rare’ (least 10% traded
commodities). In Panel B exports from the agriculture, minerals and manufacturing sectors are dis-
aggregated into into intermediate and final goods based on the BEC classification. The explanatory
variables is constructed as in Table 3.1, with the top-7 exporters defining relevance, and 20 clusters
defining similarity. All estimations include exporter-time, importer-time and exporter-importer fixed
effects. Controls are indicators for trade agreements and bilateral sanctions on the exporter side. Stan-
dard errors, in parentheses, are clustered at the exporter-importer level, * p< 0.1, ** p< 0.05, *** p<
0.01
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Table 3.A.3: Trade relocation heterogeneity: Market share of conflict country

Dependent: Sectoral exports from country i to country j

Agricult. Minerals Fuels Manufact.

Country k has above
5% market share:

No Yes No Yes No Yes No Yes

Conflict in 0.14∗∗∗ -0.00 0.11∗∗∗ -0.06 0.01 -0.20∗∗ 0.08∗∗ -0.02
country k (0.04) (0.05) (0.03) (0.08) (0.03) (0.09) (0.03) (0.03)

Observations 366662 366662 322631 322631 89446 89446 491003 491003
Exporter × year X X X X X X X X
Importer × year X X X X X X X X
Exp. × Imp. X X X X X X X X
Controls X X X X X X X X

Notes: This table reports estimates of the effects of conflict in country k on exports from country i to
country j. The explanatory variables is constructed as in Table 3.1, with the top-7 exporters defining
relevance, and 20 clusters defining similarity. To analyze the heterogeneity w.r.t the market share, we
interact the explanatory variable with a dummy indicating that country k has a market share of at least
5% in the respective sector. This interaction variable takes the value of 0 in odd columns and 1 in even
columns. All estimations are run with the PPML estimator and include exporter-time, importer-time
and exporter-importer fixed effects. Controls are indicators for trade agreements and bilateral sanctions
on the exporter side. Standard errors, in parentheses, are clustered at the importer-exporter level, * p<
0.1, ** p< 0.05, *** p< 0.01

Table 3.A.4: PE results for GE computation

Exports from country i to j

(1) (2) (3)

Peace × International 0.687∗∗∗ 0.410∗∗∗ 0.888∗∗∗

(0.149) (0.139) (0.127)

N 150719 150719 150719
Country Colombia Ukraine Turkey
FTA-Control X X X

Standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
Results from PPML Regressions.
All Regressions control for PTAs and include the typical fixed effects.
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Table 3.A.5: Trade relocation robustness: Alternative similarity and relevance
definitions

Dependent: Exports from country i to country j

Agricult. Minerals Fuels Manufact.

Panel A: Export similarity >0.5

Conflict in 0.08∗∗ 0.06∗∗ -0.06∗∗ 0.06∗∗

country k (0.03) (0.03) (0.03) (0.02)

Panel B: Dyadic clusters

Conflict in 0.04∗∗ 0.06∗∗∗ 0.01 0.09∗∗∗

country k (0.02) (0.01) (0.03) (0.02)

Observations 366662 322631 89446 491003
Exporter × year X X X X
Importer × year X X X X
Exporter × Importer X X X X
Controls X X X X

Notes: This table reports estimates of the effects of conflict in country k on exports from country i to coun-
try j, disaggregated by sectors. The explanatory variables is constructed as in Table 3.1, with similarity
being defined as the two countries having an abvove 0.5 similarity index, as defined by Benedictis and
Tajoli (2007a,b) in Panel A, and the two countries being in the same dyadic cluster in Panel B, and rele-
vance as the top-7 exporter countries. All estimations are run with the PPML estimator and include the
trade exporter-time, importer-time and exporter-importer fixed effects. Controls are indicators for trade
agreements and bilateral sanctions on the exporter side. Standard errors, in parentheses, are clustered
on the exporter-importer level, * p< 0.1, ** p< 0.05, *** p< 0.01

Table 3.A.6: Trade relocation robustness: Wrong similarity and relevance conditions

Dependent: Sectoral exports from country i to country j

Agricult. Minerals Fuels Manufact.

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

Panel A: 20 clusters, bottom 7 or non-trading partner countries

Conflict in 0.02 0.02 0.00 0.00 0.04 0.04 -0.07∗ -0.07∗

country k (0.02) (0.02) (0.02) (0.02) (0.03) (0.03) (0.04) (0.04)

Panel B: Dissimilar countries (<10% similarity)

Conflict in 0.02 0.02 -0.04∗∗ -0.04∗∗ -0.01 -0.01 -0.12∗∗∗ -0.12∗∗∗

country k (0.02) (0.02) (0.02) (0.02) (0.04) (0.04) (0.03) (0.03)

Observations 366662 366662 322631 322631 89446 89446 491003 491003
Exporter × year X X X X X X X X
Importer × year X X X X X X X X
Exp. × Imp. X X X X X X X X
Controls X X X X X X X X

Notes: This table reports a placebo study to the previous estimations. It shows effects of conflict in
country k on exports from country i to country j. The explanatory variables is constructed as in Table
3.1, but, in Panel A, relevance is measured with the 7 countries with smalles (or zero) exports, and,
in Panel B, the similarity is measured with a below 0.1 similarity index, as defined by Benedictis and
Tajoli (2007a,b). All estimations are run with the PPML estimator and include the trade exporter-time,
importer-time and exporter-importer fixed effects. Controls are indicators for trade agreements and
bilateral sanctions on the exporter side. Standard errors, in parentheses, are clustered on the exporter-
importer level, * p< 0.1, ** p< 0.05, *** p< 0.01
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Table 3.A.7: Trade relocation: Various robustness checks

Dependent: Sectoral exports from country i to country j

Agricult. Minerals Fuels Manufact.

Panel A: Large conflicts

Any conflict in 0.14∗∗∗ 0.12∗∗∗ -0.02 0.07∗∗

country k (0.04) (0.03) (0.03) (0.03)

Big conflict in -0.07∗ -0.20∗∗ 0.02 -0.13
country k (0.04) (0.08) (0.07) (0.12)

Panel B: Intensive margin

Number of 0.11∗∗∗ 0.12∗∗∗ -0.00 0.08∗∗

country k conflicts (0.04) (0.03) (0.02) (0.03)

Panel C: Conflict in same year

Conflict in 0.13∗∗∗ 0.01 -0.02 0.06∗

country k (0.03) (0.02) (0.03) (0.03)

Panel D: International wars

International 0.02 -0.01 -0.03 0.00
conflict in country k (0.03) (0.01) (0.02) (0.01)

Observations 366662 322631 89446 491003
Exporter × year X X X X
Importer × year X X X X
Exporter × Importer X X X X
Controls X X X X

Notes: This table reports estimates of the effects of conflict in country k on exports from country i to
country j, disaggregated by sectors. In Panel A, the explanatory variables are indicator variables which
counts the occurrences of (i) country k having had any conflict or large conflicts in the previous year,
(ii) country k being a top-7 exporter for country j in the pre-conflict-year and (iii) country k and country
i being similar exporters in the pre-conflict-year. In Panel B, the explanatory variables is a continuous
variable which counts the occurrences of our diversion propensity indicator for each exporter-importer
pair. In Panel C, the explanatory variable is an indicator variable but with conflict measured in the same
year as exports. Panel D uses international instead of internal wars. Throughout, similarity is measured
by being in the same exporter-cluster, with a total number of 20 clusters. All estimations are run with the
PPML estimator and include exporter-time, importer-time and exporter-importer fixed effects. Controls
are indicators for trade agreements and bilateral sanctions on the exporter side. Standard errors, in
parentheses, are clustered on the exporter-importer level, * p< 0.1, ** p< 0.05, *** p< 0.01

135



3.A.3 Additional Figures

Figure 3.A.1: GE Results: Welfare changes

(a) Welfare changes, conflict in Colombia

(b) Welfare changes, conflict in Ukraine

(c) Welfare changes, conflict in Turkey

Notes: The graphs report the estimated welfare changes in the general equilibrium due to the civil wars
in Colombia (Panel a), Ukraine (Panel b), and Turkey (Panel c). Each panel reports the 15 countries for
whom our estimations reported the largest welfare changes. All estimates are derived based on a PE
Regression of exports on peace, comparing the estimated trade flows during peace time to the actual
trade flows during the civil war. See Table 3.A.4 for the respective PE results.
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Figure 3.A.2: Distribution of market power

Notes: This figure shows the cumulative distribution functions for the market share measures computed
based on commodity-level bilateral trade data. We compute for each exporter-commodity-year obser-
vation the market share a given observation occupies in the year’s total market for a given commodity.
The red line indicates the threshold used in Table 3.A.3 to identify market leading countries in exports
of a specific commodity. Hence, all observations on the right hand side of the red line constitute market
leaders in our heterogeneity regressions. The light and dark blue lines depict 95% and 90% confidence
intervals, respectively.

Figure 3.A.3: Leave-one-out

Notes: This figure displays the coefficients of relocation propensity as defined in Table 3.1 with similarity
based on 20 clusters and relevance on the top 7 trade-partners. Each coefficient represents a regression
leaving out one cluster. All estimations are run with the PPML estimator and include exporter-sector-
time, importer-sector-time and exporter-importer-sector fixed effects. Controls are indicators for trade
agreements and bilateral sanctions on the exporter side. Standard errors are clustered on the exporter-
importer-sector level.
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Figure 3.A.4: Number of trade-partners - Sector disaggregation

(a) Agriculture (b) Minerals

(c) Fuels (d) Manufacturing

Notes: This figure displays the coefficients of relocation propensity as defined in Table 3.1 with similarity
based on 20 clusters and relevance on a varying number trade-partners. All estimations are run with the
PPML estimator and include exporter-sector-time, importer-sector-time and exporter-importer-sector
fixed effects. Controls are indicators for trade agreements and bilateral sanctions on the exporter side.
Standard errors are clustered on the exporter-importer-sector level. The light and dark blue lines depict
95% and 90% confidence intervals, respectively.
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Figure 3.A.5: Number of clusters - Sector disaggregation

(a) Agriculture (b) Minerals

(c) Fuels (d) Manufacturing

Notes: This figure displays the coefficients of relocation propensity as defined in Table 3.1 with similarity
based on a varying number of clusters and relevance on the top 7 trade-partners. All estimations are run
with the PPML estimator and include exporter-sector-time, importer-sector-time and exporter-importer-
sector fixed effects. Controls are indicators for trade agreements and bilateral sanctions on the exporter
side. Standard errors are clustered on the exporter-importer-sector level. The light and dark blue lines
depict 95% and 90% confidence intervals, respectively.
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3.A.4 Derivation of Relocation Estimation

We leverage a measure of relocation propensity to derive an estimating equation for
trade relocation considering the inward multilateral resistance Pjs,t.16 Following An-
derson et al. (2018b), we can define Pjs,t as:

Pjs,t = ∑
k

tkj,t

Πks,t
·
[

Yks,t

YWs,t

] 1
1−σ

(3.A.1)

According to equation 3.A.1, importer j’s inward multilateral resistance corresponds
to its average access to exports from all other countries k. Theoretically, civil conflict
in any other country k can enter equation 3.A.1 either via Yks,t, if war and destruction
decrease country k’s overall production in sector s, or via tkj,t, if civil violence leads to
a tightened security situation and therefore increases bilateral shipping costs. W.l.o.g.,
we assume that civil conflict works via a decrease in overall production Yks,t, while the
same argumentation holds for tkj,t. Then, we can rewrite the production of each coun-
try k to incorporate a potential conflict-shock as Yks,t = Ȳks,t · (1− ∆Y

ks,t), where ∆Y
ks,t

denotes the share of production lost due to civil conflict and Ȳks,t represents the level of
production absent conflict. Next, note that this general way of specifying Pjs,t allocates
the same weight to any exporter k affecting the dyad ij – i.e. a given shock ∆Y

ks,t affects
the inward multilateral resistance by the same amount across all countries k and for
all export partners i. We however argue that two bilateral relationships, first between
importer j and conflict country k, and second between the two exporters i and k, must
be taken into account. While the standard gravity equation suggests that a change in
Pjs might lead to trade relocation from any conflict country k to any other non-conflict
country i in sector s, we argue that the realized trade relocation actually depends on the
relocation propensity inherent to the (sector-specific) triad ijk, which we pin down to
two important bilateral characteristics underlying (i) the kj-dyad and (ii) the ik-dyad.
To see this, we augment equation 3.A.1 to represent the exporter-specific inward re-
sistance by adding two weight matrices that indicate the relationships between k and
j, and k and i, respectively, while also including the conflict shock to country k’s pro-
duction in sector s. Both weight matrices are lagged by one period to focus on the
country characteristics before conflict emerged in country k (and potentially altered its
characteristics). We arrive at the equation:

Pijs,t = ∑
k

tkj,t

Πks,t
·
[

W R
jks,t−1 ·WS

ik,t−1 ·
Ȳk,t · (1− ∆Y

k,t)

YW,t

] 1
1−σ

(3.A.2)

16Note that the same argument holds from the importer side via the outward multilateral resistance

Π1−σ
is = ∑l

Els
YWs
·
[

tils
Pls

]1−σ
.

140



3 Your Pain, My Gain?

The first weight matrix W R
jks,t−1 refers to the relevance of each country k as an exporter

for importer j.17. We expect that the realized trade relocation effect is larger if there
is a bigger trade value to be relocated, i.e. if dyad kj used to trade a lot in sector s
before the conflict emerged in country k. Note that for each (sector-specific) importer
j, only the j’th row of the matrix W R

jks,t−1 will affect Pijs,t, which essentially reduces
the weight matrix to the js-specific weight vector wR

j̄ks,t−1. The second weight matrix

WS
iks,t−1 denotes each country k’s similarity to a dyad’s exporter i, which is not sector-

specific. We argue that not all countries are equally suited to “fill in” the gap left by
the diminished exports from country k to country j. In theory, we usually assume
that countries trade with each other because of the specific varieties of goods that each
exporter i has to offer (Armington, 1969). Hence, as country k can provide less of its
varieties, country j will turn to country i only if it offers a variety of goods similar to
those of conflict country k. Therefore, the relocation propensity arguably depends on
exporter i exhibiting a similar export composition as conflict country k. Note here that
the variation brought in from the weight matrix WS

ik,t−1 is the same for all importers j
and hence does not affect Pijs,t differentially across importers. For simplicity, assume
that the elements of both matrices only take the values 0 and 1, where 1 indicates that
country k is relevant for importer j or similar to exporter i, respectively. Then, rewriting
3.A.2 to represent the remaining variation P̂ in P when the importer-sector-year and
exporter-sector-year fixed effects of the gravity equation are accounted for yields:

P̂ijs,t = ∑
k

(
wR

j̄ks,t−1 ·W
S
ik,t−1 · Ȳk,t · (1− ∆Y

k,t)
) 1

1−σ (3.A.3)

equation 3.A.3 demonstrates two things. First, by specifying the gravity equation with
the correct fixed effects as outlined in Head and Mayer (2014), the triple-interaction of
the (i) conflict-shock to a country k, (ii) the similarity condition for countries i and k,
and (iii) the relevance condition for countries j and k in sector s is the only variation left
in the multilateral resistance term. Second, it follows from the negative income shock
to country k, −∆Y

k,t, and the elasticity of substitution σ > 1, that a conflict-shock to any

country k increases importer j’s inward multilateral resistance P (i.e.
dP̂ijs,t

d∆Y
k,t

> 0). Finally,

we can separate the general part of the inward multilateral resistance P̄js,t, which can
be accounted for by fixed effects, from the remaining variation outlined in equation
3.A.3 and insert both into equation 3.2.1 to arrive at:

Xijs,t =
Yis,tEjs,t

YWs,t
·
[

tij,t

Πis,t · P̄js,t · P̂ijs,t

]1−σ

(3.A.4)

17A typical element of matrix W R
jks,t−1 would be

Xkjs
Ejs

, which denotes the share of imports from country k
in country j’s overall consumption expenditures.
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Proceeding as above by adding fixed effects and taking logs, we arrive at our main
estimating specification:

Xijs,t = exp

[
πis,t + λjs,t + µijs + β2 ·∑

k

(
Rjks,t−2 × Sik,t−2 × Ck,t−1

)
+ γ · Zij,t

]
+ ηijs,t

(3.A.5)

3.A.5 Construction of GE Dataset

Our GE estimates require a symmetric dataset which also includes internal trade flows
of all sample countries. We calculate internal trade flows by subtracting a country’s ex-
ports from its total production. In the next step, we construct a symmetric dataset. This
is, we require bi-directional trade flows between all available exporters and importers
in the sample as well as non-negative internal trade flows for each country and in ev-
ery year. Due to differing data availability across years, we restrict our sample to the
manufacturing sector and the years 1992-2016. Additionally, we reduce the number of
countries to 68 importers and exporters. As a decision rule for our sample construction,
we decided to only keep years or countries whose numbers of observations amount to
at least 80% of the year and 80% of the importer/exporter with the most observations,
respectively. Our results remain unchanged for stricter and looser restrictions.

3.A.6 Direct Effects

A prerequisite for finding significant trade relocation effects of civil conflicts is that
conflict countries decrease their amount of exports. Prior findings emphasize that
civil wars depress international trade (see, e.g., Bayer and Rupert, 2004; Long, 2008;
Qureshi, 2013). To replicate these findings with our data and adapt the empirical strat-
egy to the gravity framework of international trade, we follow Head and Mayer (2014)
and extend equation 3.2.1 accordingly. When we include the usual fixed effects, the
effect of civil conflict in a country i on that same country’s exports cannot directly
be estimated as the variable is collinear with the exporter-year fixed effects πis,t. We
therefore follow Yotov et al. (2016a) and include intranational trade flows along with
bilateral trade flows in our dataset.18 This allows estimating the effect of a unilateral
shock like civil conflict on bilateral trade by interacting the variable of interest with an
indicator variable for international trade flows (Beverelli et al., 2018). We arrive at an
estimating equation of the form:

18Yotov (2021) provides an extensive overview of the benefits of adding intranational trade in bilateral
trade estimations.
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Xijs,t = exp
[
πis,t + λjs,t + µijs + β1 · (Ci,t × Iijs) + gamma · Zij,t

]
+ ηijs,t (3.A.6)

where ηijs,t accounts for the remaining variation in Xijs,t not explained by the fixed
effects and control variables. The variable Ci,t indicates the presence of civil conflict
in country i at year t, and Iijs indicates international trade flows (i.e. that i 6= j). This
form of the gravity specification affects the interpretation of the coefficient β1. Here,
β1 constitutes the elasticity of exports from origin i to destination j in sector s relative
to internal consumption of country i to civil conflict emerging in country i.

Table 3.A.8: Direct effects: Internal conflicts hurt exports

Dependent: Total exports from country i

All sectors Agri
culture

Minerals Fuels Manuf
acturing

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

Conflict (t-1) -0.05 -0.06∗∗ -0.07∗ -0.10∗∗ 0.07 -0.06∗

× international trade (0.03) (0.03) (0.04) (0.04) (0.12) (0.03)

Conflict (t-2) -0.07∗∗ -0.08∗∗ 0.02 0.06 -0.09 -0.09∗∗∗

× international trade (0.03) (0.03) (0.04) (0.04) (0.12) (0.04)

Observations 1290234 1290234 354750 314425 88550 532509
Exporter × sector × year X X X X X X
Importer × sector × year X X X X X X
Exp. × imp. × sector X X X X X X
Controls X X X X X

Notes: This table reports estimates of the effects of civil conflict on a country’s exports. We interact a
dummy variable for lagged civil conflict with an indicator variable for international trade flows. Co-
efficients must hence be interpreted as change in exports relative to a country’s internal trade. All
estimations are run with the PPML estimator, exporter-sector-time, importer-sector-time and exporter-
importer-sector fixed effects. Controls are indicators for trade agreements and bilateral sanctions on the
exporter side. Standard errors are clustered at the exporter-importer-sector level, * p< 0.1, ** p< 0.05,
*** p< 0.01

We use the Pseudo-Poisson Maximum Likelihood (PPML) estimator as suggested by
Santos Silva and Tenreyro (2006). To account for differences in the duration and ve-
locity of the effect, we lag civil conflict by one as well as two years. The results are
presented in Table 3.A.8 and confirm our priors based on the literature. Columns (1) &
(2) consider trade data across all four sectors and include sector fixed effects to account
for sector-specific shocks. Column (1) does not include any bilateral control variables,
while we control for bilateral trade agreements and sanctions starting from column
(2). Without control variables, we only find a significantly negative effect of conflict on
bilateral exports if conflict is lagged by two years, whereas both lags are statistically
significant when the bilateral control variables are included. On average, a conflict
country’s exports decrease by around 6% and 8% relative to the country’s internal con-
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sumption one and two years after civil conflict, respectively.19 In columns (3)–(6), we
test for heterogeneity across sectors by restricting the sample to trade flows from the
respective sector.20 Overall, the effect of civil conflict on international trade is quite
heterogeneous. Agricultural exports only suffer slightly one year after conflict with an
effect that is barely statistically significant. Exports of mineral goods, however, are sig-
nificantly reduced by around 10% one year after conflict, whereas the second lag is not
statistically different from zero. For manufacturing exports, we find significant reduc-
tions for both lags of the conflict variable. Interestingly, fuel exports do not appear to
decline at all during civil conflict. This could, on the one hand, indicate that importers
are so dependent on fuel imports that trade-flows continue even in the presence of civil
unrest. On the other hand, fuel exports are an important financing tool for civil wars
(Bazzi and Blattman, 2014; Andersen et al., 2017). Therefore, the government as well
as the rebels are eager to maintain fuel exports during conflict. Hence, our results sug-
gest that, on average, ongoing civil conflicts depress national exports relative to internal
consumption.21 This effect is most immediate in the minerals sector and longer lasting
in manufacturing trade, while it does not seem to occur in the fuels sector. Note how-
ever that all these estimates likely constitute lower-bound estimates of the actual effect,
since we estimate reductions in international trade relative to internal trade. Hence, as
internal trade is likely to also be negatively affected by civil conflict, our results mirror
the additional deterioration of international trade flows with respect to the themselves
as well internal trade flows.

19According to the formula (eβ − 1)× 100%.
20Note that the gravity equation is separable by sectors as outlined in Yotov et al. (2016a) and hence

equation 3.A.6 can be applied separately by sector.
21Note again that the interaction term in equation 3.A.6 mandates this interpretation.
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3.A.7 Relocation Propensity

Figure 3.A.6 gives some intuition to the distribution of our relocation propensity vari-
able. The two maps report the geographic distribution of the likelihood to appear as
exporter i or importer j in a relocation dyad. The odds of being affected as an importer,
i.e. having a relevant trade partner starting a civil war, are distributed quite homo-
geneously across the globe. While East Africa and the Middle East stick out with a
slightly higher propensity and Europe appears only rarely affected, the overall propen-
sity is fairly equally distributed across all regions. The likelihood that in at least one
of a country’s trading sectors a relevant exporter starts a civil war for most countries
lies close to 5 percent. The picture is different when looking at the likelihood of being
an affected exporter, i.e. the odds that a country with a similar export structure starts
a civil war. Here, Brazil and Australia stick out with a very high likelihood of around
20 percent, followed by South Africa, Argentina, Indonesia, Eastern Europe and Scan-
dinavia. On the other hand, the USA and several other countries, especially in Africa,
Asia and Central Europe, are almost never coded as exporters benefiting from trade
relocation.

In Figure 3.A.7, we further investigate the determinants of the similarity and relevance
characteristics. Here, we regress the likelihood that a country is a similar exporter
(Panel (a)) or a relevant importer (Panel (b)) to a conflict country k on the common
gravity variables. As is to be expected, these variables only play little role for the
similarity characteristic. Among the bilateral variables, only inverse distance and an
indicator for common legal origins are significantly positive, which likely mirrors local
clusters of resources or similar production techniques based on the legal environment.
Furthermore, conflict countries have on average a lower GDP, while beneficiary ex-
porters are more likely to be WTO members. For the relevance characteristic however,
most gravity variables turn out highly significant and with the expected sign. Impor-
tant trade partners of a conflict country are on average closer and have the same official
language or colonial history. Similarly, higher economic masses of both countries j and
k as well as an existing Regional Trade Agreement between the two are significant de-
terminants of the relevance characteristic. This emphasizes that, as is to be expected by
construction, the relevance characteristic we identify is strongly related to the classical
determinants of bilateral trade.
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Figure 3.A.6: Geographic distribution of diversion propensity

(a) Exporter i

(b) Importer j

Notes: This figure shows a country’s likelihood to appear as an exporter i or importer j in a dyad with
positive trade relocation propensity. Panel (a) shows the geographic distribution of the likelihood to
be an exporter affected by trade relocation, while panel (b) plots the same distribution for importers.
The different shades display the share of a country’s observations that it is coded as having a positive
relocation propensity. For example, in panel (a) a share of 0.1 means that 10 percent of a country’s export
observation across all sample years and all importers are coded as being an exporter profiting from trade
relocation due to civil conflict in some country k.
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Figure 3.A.7: Explaining propensity of being i or j

(a) Being similar exporter i

(b) Being relevant importer j

Notes: This figure reports the results from regression the status of being a similar exporter i (Panel a) or a
relevant importer j (Panel b) for conflict country k on the most common gravity variables All regressions
include importer, exporter, and year fixed effects. Standard errors are clustered at the dyad level. Lines
depict 95% Confidence Intervals.
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3.A.8 General Equilibrium

We analyse three case studies in a General Equilibrium (GE) framework. These case
studies allow us to focus on specific conflicts and accurately trace the relocation effects.
As recent examples of significant violent episodes, we focus on (i) the peak of clashes
between the FARC rebels and AUC paramilitary forces in Colombia in the 1990s and
until 2005, (ii) the Ukrainian civil war from 2014 to present, and (iii) the violent 1990s
in Turkey where the PKK fought for local independence. The case studies were se-
lected based on the significance of the respective conflict shocks (at least two years of
violence with more than 1000 battle deaths) among a handful of countries where inter-
national and internal trade data were available during and before or after the conflict
period. For these three cases, we proceed in two steps. First, we construct an indicator
variable for each case that takes the value of one for all dyads that include the respec-
tive conflict country as an exporter during years of peace. We then regress trade on
the interaction of this variable with an indicator variable for international trade flows
including country-year and dyad fixed effects similar to equation 3.A.6. From this, we
receive an estimate for the effect of peace on the respective country’s exports relative
to its internal consumption of self-produced goods.22

Second, we use the respective estimates and compute hypothetical trade changes in
the general equilibrium during a conflict-year. Following Baier et al. (2019), we apply
a one sector Armington-CES model, assuming a constant trade elasticity of θ = 4.23

This computation generates counterfactual trade flows for all sample countries in case
the civil war in either Colombia, Ukraine or Turkey had not happened. Finally, the
comparison of hypothetical to actual trade flows provides an estimate for the effect
of one country’s civil war on its and all other countries’ trade. These computations
require a symmetric dataset; i.e. trade flows must be provided for all potential dyads
in the sample in every year and always in both directions. Further, for all countries,
information on positive internal trade flows must be included in every year. We follow
Baier et al. (2019) to adjust our main dataset accordingly.24 In the end, we receive a
dataset that contains 81 countries and covers the years 1993–2015.

22The results are equivalent when estimating the effect of conflict and then computing hypothetical trade
flows during a peace year. However, when comparing the hypothetical conflict scenario to the actual
peace outcomes, the resulting diversion estimates would have to be inverted to show the trade diversion
effects from conflict as opposed to the trade diversion effects from peace. To present the unchanged
results, we hence estimate the effect of peace instead of conflict for our GE computations.

23We run these computations via the “ge_gravity” Stata Command provided by Thomas Zylkin and dis-
cussed in Baier, Yotov and Zylkin (2019).

24Appendix 3.A.5 provides more details on the dataset construction.
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Figure 3.A.8: GE results: Trade diversion

(a) Trade changes, conflict in Colombia

(b) Trade changes, conflict in Ukraine

(c) Trade changes, conflict in Turkey

Notes: The graphs report the estimated trade changes in the general equilibrium due to the civil wars
in Colombia (Panel a), Ukraine (Panel b), and Turkey (Panel c). See Table 3.A.4 for the respective PE
results.

Figure 3.A.8 presents the results of the GE analyses for our three case studies. Each
panel of Figure 3.A.8 reports, for each of the four importers most affected by trade di-
version, the export changes for the three origins with the largest export changes. In
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the case of Colombia, for example, primarily its neighbors Ecuador, Panama and Peru
increased imports from various countries by up to three percent. The picture of the
beneficiary exporters for Colombia is quite homogeneous. To all four destinations,
Argentina increased its shipments the most, closely followed by Brazil and Uruguay.
The effects of the civil wars in Ukraine and Turkey had a larger geographic reach, as
both countries are important exporters for Northern African and Middle Eastern coun-
tries. During the civil war in Ukraine, mainly other regional exporters increased their
shipments to the former destinations of Ukrainian exports. Kazakhstan, Slovenia, and
Finland register the largest export increases to Egypt, Moldova and Jordan. In response
to the civil war in Turkey, Jordan, Albania, Kuwait and Algeria registered the largest
trade diversion effects. Here however, the group of affected origins is more heteroge-
neous. Jordan, Kuwait and Algeria mainly turned towards Ukraine, Iran and Bulgaria
to substitute for Turkish shipments. Albania, on the other hand, instead increased its
shipments rather from large but non-regional suppliers, i.e. Argentina, Brazil, and
India.

Trade diversion does however not totally mitigate the welfare loss from civil conflict.
In Figure 3.A.1, we report the estimated international welfare changes in response to
the civil conflicts in Colombia, Ukraine and Turkey. We mostly find negative welfare
changes, with the biggest losses borne by the conflict-countries as well as the importers
mainly affected. Indeed, even the benefiting exporters bear welfare losses, meaning
that their increase in exports could not offset the loss of imports from and exports to
the conflict countries. Overall, this emphasizes that, even though trade diversion can
mitigate the effects of conflict, global welfare still decreases.
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