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Abstract

This paper studies how structural transformation affects deforestation in Sub-Saharan Africa
using data from 1429 sub-national units in 28 countries. The relationship between non-agricultural
growth and deforestation is a priori ambiguous: while rising urban demand for agricultural goods
may increase deforestation, migration of farmers to cities can reduce it, particularly in Africa where
deforestation is driven by smallholders. We first provide evidence of these opposing migration
and internal trade mechanisms using a shift-share approach, before building and estimating
a three-sector spatial equilibrium model. Analysis of counterfactuals from the model reveal
meaningful heterogeneity. While agricultural and non-agricultural productivity changes increased
non-agricultural employment in almost all countries, their impact on deforestation changes sign

depending on the spatial distribution of productivity changes, migration and trade flows.
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1 Introduction

Since the turn of the century, Africa has been the continent with the highest amount of deforestation,
losing an average of 4 million hectares of forest every year (FAO, 2020), raising concerns about
climate change, biodiversity losses and reduced ecosystem services (Pendrill et al., 2022). During this
same period, many Sub-Saharan African countries underwent structural transformations, with steep
declines in the share of labor in agriculture.! Did structural change cause deforestation in Africa?
This seems plausible — rising incomes increase the demand for agricultural products, while increases
in agricultural productivity lead to greater export competitiveness, both potentially driving up demand
for agricultural land. On the other hand, unlike in other continents, deforestation in Africa is primarily
linked with small-scale agriculture that produces food for local consumers (Curtis et al., 2018). This
raises the possibility that structural change may decrease pressure on forests as a result of workers
emigrating towards growing urban centers. Indeed, unlike in the rest of the world, African countries
that saw higher rates of urban population growth had lower rates of deforestation (Figure 1).

In this paper, we investigate the effects of structural transformation on deforestation in Sub-Saharan
Africa, using data on 1429 administrative units from 28 countries. We begin by providing motivational
reduced form evidence that non-agricultural employment growth can reduce deforestation through
migration out of rural areas (migration channel) but can also increase it through increased demand for
agricultural products (internal trade channel). To do this, we construct two shift-share instruments,
where shares are either based on historic migration patterns (migration shift-share) or based on market
access (trade shift-share) between each origin and each destination, and shifts are the non-agricultural
employment growth in the destination. These two shift-shares are far from perfectly correlated across
origins (correlation of 0.3). We find evidence that deforestation was lower in origins exposed to
structural change via migration and higher in those exposed via internal trade.

We provide three additional pieces of evidence to support our interpretation of these results as
reflecting migration and internal trade. First, we show that the results are virtually unchanged when we
control for local growth in non-agricultural employment. This suggests that our results are not driven
by a correlation between economic shocks at destination and at origin, but by the transmission of the
destination shock to the origin via migration and trade flows. Second, we split the sample equally
between units where cash crops represent a higher vs lower share of harvested area. Since cash crops
are not primarily for domestic consumption but tend to be exported, we do not expect them to respond
as strongly to migration or internal trade. Indeed we show that our results are entirely driven by units
with a lower share of cash crops. Finally, we split the sample between countries that have a higher vs
lower share of agricultural imports in their GDP. If countries import their food, then structural change

may move consumption across space as workers go from the agricultural to the non-agricultural

'For instance, the share of labor in agriculture fell from 55% to 30% in Ghana, and from 83% to 65% in Tanzania
between 2000 and 2020 (ILO, 2021).
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sector without affecting deforestation. Indeed, we find that our results are concentrated in countries
that import fewer agricultural goods. Overall, our shift-share results lends credence to the idea that
structural transformation can have positive or negative effect on agricultural land use and deforestation
depending on the geography of migration and trade links.

To answer these questions and better understand how structural change impacts deforestation, we
therefore build and estimate a spatial equilibrium model with internal migration and trade. Our model
features costly movement of workers and goods as well as heterogeneity in land-productivity and in
workers’ location tastes. In each location, there are numerous plots of land which can be used for
agriculture or left under forest. Opening the land to agriculture requires the payment of a fixed cost,
which corresponds to a land conversion investment.

We then use this model to provide counterfactual analysis and estimate the impacts of historic
productivity changes in both agriculture and non-agricultural sectors. We find that productivity
growth accounts for most of the structural transformation observed between 2000 and 2010, with
both agricultural and non-agricultural productivity playing important roles, though their relative
importance varies substantially across countries. Overall, productivity growth increased deforestation,
accounting for roughly 10 percent of observed forest loss, but this average effect conceals substantial
cross-country heterogeneity, with negative net effects in many countries.

What explains this heterogeneity? One key factor is openness to international trade - agricultural
productivity increases tend to increase deforestation in more open countries, but decrease deforestation
in those that are closed, with non-agricultural productivity shocks having the opposite effect. This is,
however, only part of the story, with another key factor being the location of the productivity shocks
within the country relative to internal trade and migration flows. Indeed, following the intuition given
by our reduced form analysis, we show that non-agricultural productivity shocks reduce deforestation
if they take place in areas with relatively high migration flows from forested areas.

Our work is the first to study the effect of structural transformation on deforestation through its
spatial equilibrium effects via internal migration and trade. It represents an important addition to
the literature on deforestation in tropical countries. Early literature on the economics of tropical
deforestation uses cross-country regressions to investigate economic and institutional factors behind
deforestation (see Barbier and Burgess, 2001, for a review). The recent literature exploits advances
in the measurement of deforestation using satellite data and new empirical strategies to get at the
causal effect of determinants of deforestation (see Balboni et al., 2023, for a recent review).> The
literature has highlighted the importance of international trade (Ferreira, 2004; Leblois et al., 2017;
Abman and Lundberg, 2020; Hoang and Kanemoto, 2021) and market access through changes in

2 A burgeoning literature investigates institutional and political factors, such as property rights (Fetzer and Marden,
2017; Wren-Lewis et al., 2020), political incentives (Burgess et al., 2012; Balboni et al., 2021), or anti-poverty pro-
grams (Ferraro and Simorangkir, 2020), and evaluates the effectiveness of payments for ecosystem services (Jack and
Jayachandran, 2019; Souza-Rodrigues, 2019).
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road infrastructures (Pfaff, 1999; Andersen, 2002; Pfaff et al., 2007; Asher et al., 2020; Kaczan,
2020; Gollin and Wolfersberger, 2023). Another strand of the literature has addressed the effects of
population forces (Angelsen, 1999) and demand for fuelwood and wood products induced by rising
incomes (Foster and Rosenzweig, 2003; Baland et al., 2013) on deforestation. Most of the empirical
literature focuses on the local impacts of population and income growth, which tend to be negative
(Geist, 2017; Seto et al., 2012; Simkin et al., 2022). Fewer papers look at the deforestation impacts of
migration to urban centers on the sending rural locations. Angelsen et al. (2020) find mixed impacts
of international migration on deforestation in sending communities in case studies in Guatemala.
And Brewer et al. (2022), who find that labor loss and the inflow of remittances from rural urban
migration translates into reduced tree cover loss in Uganda. Our reduced form results based on on
a set of countries that includes Uganda confirm and generalize Brewer et al. (2022) findings.? Our
contribution is to investigate migration and trade together as determinants of deforestation in the
process of structural transformation, and to embed them in a spatial equilibrium model which allows
us to quantify their net effect in equilibrium.

Our paper also contributes to the literature on internal trade and migration in developing countries,
which increasingly employs new quantitative spatial models (Redding and Rossi-Hansberg, 2017).
While several papers have developed spatial equilibrium frameworks to study agriculture (e.g., Sotelo,
2020; Pellegrina, 2022), or aggregate productivity (Tombe, 2015; Bryan and Morten, 2019), their
focus is on economic rather than environmental outcomes.* Several recent papers use spatial models
of trade and migration to study deforestation, but not focusing on structural change (Dominguez-Iino,
2021; Araujo et al., 2023; Gollin and Wolfersberger, 2024; Restrepo and Leite-Mariante, 2023). One
exception is Farrokhi et al. (2023), who develop a spatial dynamic framework to study global defor-
estation. They study the effect of international trade on deforestation, including population growth
and structural change. They show that decreasing agricultural trade costs can reduce deforestation if
cheaper agricultural products increase demand for non-agricultural goods, which generates structural
change. The focus of their analysis is on international trade and sectoral reallocation, rather than
internal trade and migration, but their take away resonates with ours: structural change in developing
countries can help curb deforestation.

The paper is structured as follows. Section 2 describes our data we use. Section 3 presents a shift-
share strategy, whose results are presented in Section 4. Section 5 develops a model of deforestation

and structural transformation. Finally, Section 6 quantifies the model and presents counterfactuals.

3 Also related, Madhok et al. (2022) analyze the impact of rural-urban migration on agriculture in rural areas in India.
They use a shift-share instrument which is similar to the one we use to identify trade effects, they do not use data on
migration patterns and do not consider deforestation as an outcome.

A related strand of the literature uses spatial models with trade and/or migration to quantify the effects of climate
change on productivity (Desmet and Rossi-Hansberg, 2015; Costinot et al., 2016; Burzynski et al., 2022; Conte, 2022)
Another estimates the effect of structural transformation on pollution (Grossman and Krueger, 1995; Herrendorf et al.,
2014).
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2 Data

Our study combines data on deforestation, agriculture, migration, and urbanization. For deforestation
and agriculture, we rely on satellite sources which have global coverage. For migration however we
need to use census data, which limits our geographical coverage. We first describe the definition of

our sample, before presenting each data source in turn.

2.1 Sample

Our sample consists of the countries in sub-Saharan Africa for which we were able to collect
migration information in the 1990s and 2000s. Of the 53 countries in Africa, 27 have census data
on Integrated Public Use Microdata Series-International (IPUMS-I), and 23 have migration history
(either birth location or previous location). For each of these countries, we use the most disaggregated
administrative unit available in [PUMS-I for which there is previous location data. We also obtained
census data for two additional countries (Angola and Madagascar) from the countries’ statistical
institutes, as well as aggregate tables of two census of Gabon. For two countries (Ethiopia and
Nigeria), we use data from the nationally representative LSMS surveys.

Figure 2 shows the countries that we include in our sample, superimposed on a map of tree cover
and deforestation in Sub-Saharan Africa based on Hansen et al. (2013) data (see below). Our sample
includes West-African countries, East-African countries, and Southern African countries. Taken
together, these countries make up for 43.8% of total forest cover in Sub-Saharan Africa in 2000, and
59.7% of deforestation between 2001 and 2020. Figure 2 also displays the administrative units we use
in the analysis. We use admin 2 level data for 17 countries and admin 1 level data for the remaining
eleven countries. Appendix Table A.1 shows the number of units and the administrative level for each

country. Together this yields a total of 1429 administrative units in our main sample.

2.2 Satellite data on land use

Deforestation We construct our measure of forest loss using the Hansen et al. (2013) global forest
cover change dataset. The data divides the world into 30m x 30m pixels and reports, for each pixel, the
share of area covered by tree canopy in 2000, as well as the year in which the tree cover loss occurred,
defined as a clearing of at least half of the tree cover within a pixel. Once a pixel is classified as having
experienced loss, it is masked from further updates in the loss year, so subsequent dynamics such as
regrowth are not recorded. To help disentangle tree cover in forested regions from tree plantations for
commercial purposes, we consider that pixels with tree canopy cover of 30% or more are likely to

be forested. Then, we measure the area of tree cover lost across forested pixels located within each
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administrative unit each year and define the share of administrative unit o that was deforested as

To—1
, forestloss,
Deforestation, = E P p—
otal area
t=T1+1 °

Where 7} and 75 are the years of the first and second census, respectively. area, is the total area of
the spatially harmonized administrative unit. We exclude from our analysis any administrative unit

that had no forest cover at the start of the period.

Crop Land To document the extent to which forest cover change is driven by changes in agricultural
activities, we estimated the variation of cropland area for each administrative unit over time. The
estimates were produced using a global consistent map of 30m spatial resolution that identifies
the pixels with cropland over 4-year periods: 2000-2003, 2004-2007, 2008-2011, 2012-2015, and
2016-2019. Pixels are considered as cropland if a growing crop was detected during any of year of
the 4 year epoch (see Potapov et al., 2022). Use of 4-year long interval increased the number of
clear-sky satellite observations and the accuracy of cropland detection. Incidentally, area not used to
grow crops for human consumption, forage or bio-fuel for more than 4 years are not considered as
cropland. When the years do not align exactly with the census year, we use the year that is closest to

each census and define the change in the log share of area that is cropped (A log S4) as:

Alog $4 = log (area cr0pped07t2> log (area croppedovtl>

total area, total area,

Area cropped is measured in hectares. To avoid losing units with no area cropped in one round, we
replace zeros with 1 acre (0.01 hectares). This leaves areas with no cropped land in either period

unchanged.

Deforestation in Tropical Moist Forests While the Global Forest Change dataset produced by
Hansen et al. (2013) has the advantage of being global, this inevitably leads to inaccuracies when
compared to datasets focused on particular forest types. We therefore also use data on deforestation of
Tropical Moist Forests produced by Vancutsem et al. (2021). While some forested areas in our data
do not fall into this categorization, tropical moist forests represent the most important kind of forest in
our countries of interest. The advantage of using this dataset is that this captures deforestation often
missed by Hansen et al. (2013), in particular deforestation which occurs through a gradual degradation
process (Vancutsem et al., 2021). Such a gradual process is likely to be particularly important when

areas are deforested due to the gradual spread of small-scale agriculture.
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2.3 Census data on Employment and Migration

Migration We use census data to measure immigration in each location d as the number of individ-
uals aged 15-65 who migrated into d during the period. There are several difficulties with creating
a consistent measure of migration flows which we address. First, individual migration history is
asked differently across countries.” Our aim is to estimate migration in the ten years preceding, but
not including, the census year. We exclude migrants in the previous year, when possible, to abstract
from seasonal and temporary migration flows. Second, international migrants are only observed in
their destination country. That is, we do not observe the location within the sending country from
which they came. Hence, our observed count of emigrants from any location is weakly less than
the true number of emigrants. We adjust for this in the receiving location by including international
migrants in our count of immigrants, but not in any origin-destination pair, i.e. Y Mo < My.
Third, the geo-political boundaries of administrative units are changing over time. We use spatially
harmonized geographical units from IPUMS-I as our unit of analysis. While this reduces the number
of observations, it prevents us from mislabeling people who change location because a border was
redrawn as migrants.

We construct the annual emigration rate from origin administrative unit o as

Ty pa

o — 1 Et:Tl EdEC\o Mgy
0 = — —
N T

where C' denotes the set of destinations within the country, N?* is the prime-aged population in o

in the first census and m”j, is the total number of prime-aged migrants from o into d in year ¢. The
years T} and T, do not correspond to the census years but the years of the window that we have for

migration.

Non-agricultural employment We use data on employment from the census, where available, to
compute the growth in non-agricultural employment, computed as the difference between the number
of non-agricultural workers between the first and the second census divided by the number of years
between the two censuses.

As an alternative measure of non-agricultural growth, we use measures of annual night time
light intensity produced using satellite imagery from the Defense Meteorological Satellite Program
(DMSP). The images acquired have been processed for the general public by the National Oceanic
and Atmospheric Administration (NOAA) with records dating from 1992 to 2013. The data contains
annual average nightlight intensity with normalized values ranging from 0, indicating no light, to
63 digital number (DN). They capture nocturnal lighting from human activity for grid pixels of

approximately 1 kilometer squared area at the equator. For each unit of analysis, i.e. administrative

3See Appendix Section C for details on how migration is measured in each country.
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unit, we measure the share (ntla) of the area of the unit that was lit (DN > 0) in each given year.

3 Shift-Share Strategy

The aim of our empirical strategy is to capture the effect of urbanization on deforestation through
two channels, migration and trade. For the migration channel, we use a shift-share based on previous
migration patterns, similar to the “Card” instrument in the migration literature (Card, 2001; Jaeger
et al., 2018; Imbert et al., 2022). For the trade channel, we use another shift-share based on inverse

distance, similar to the “market access”” measures in trade (Donaldson and Hornbeck, 2016).

3.1 Migration Shift-Share

Let o and d € C be the generic indices for origin and destination administrative units in country C'.

We define the migration shift-share (Bartik) instrument as

nona
py= Y Meier DN ()
el otal area, Ny 1" (To — T1)
Here we can see that the ‘shifts’ are the annualized growth rates in non-agricultural employment, i.e.
AN;" is the change in non-agricultural employment at destination between the first and second
census, which is divided by the baseline employment N;7"9? and the time between the two censuses
T5 — T7. The ‘shares’ composed of the total number of migrants out of origin o into destination d,
Moq4—1, divided by the origin land area total area,. The shares are normalized by the land area to
estimate the change in population density, which is the relevant variable when thinking about change
in land use shares. Because the shares do not sum to one, we include as a control the sum of the
migration shares W
Mod t—1
W= dEZC’\o total area,

Since the units do not have a direct interpretation, we standardize both the migration shift-share and

the sum of the shares.

3.2 Trade Shift-Share

We define a similar set of shift-share instruments using inverse distance weights. These instruments
capture the effects of trade. We define the distance shift-share using non-agricultural employment as
shifts:

nonag

1
° Pl dyq total area, Ng’?f‘ig (To — 1)

2)
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Where (d,q) is the travel distance in km between the centroids of o and d. The shares are made
up of the inverse of this distance multiplied by the destination population (to approximate ‘market
access’) and, as with the migration share, divided by the land area at origin. In this way, we estimate
the intensity of demand from trade on a given area - this reflects the fact that a similar demand for
agricultural goods will have a much larger effect on land use on a small region than on a large one. To

control for the fact that the shares do not sum to one, we additionally define the sum of the distance

Z Nd t—1
dod total area, area,

As a robustness check, we also compute a trade shift-share where the distance d,; is computed as the

weights W4 as

travel duration (in minutes) between o and d. Since their units do not have a direct interpretation, we
standardize all the trade shift-share and the sums of the trade shares.

While most of our analysis focuses on within country migration and trade, we investigate the
robustness of our shift-share analysis to considering cross-country. For the pairs of countries which
provide information on the origin of international migrants, we impute migration probabilities between
pairs of units across countries to construct an international migration shift-share.® We also compute

travel distance between all the units in our sample to construct an international trade shift-share.

3.3 Estimating Equation

Our main estimating equation is the following:
Yo = 6mB;n + Bng + Xo + €0 (3)

where y, is the outcome in administrative unit o (deforestation or change in land use). We include
in the estimation only administrative units with positive forest cover at baseline (764 out of 847).
B! is the migration shift-share, Bff the trade shift-share, X is a vector of controls which includes
the sum of migration shares 1™, and the sum of trade shares W¢. These controls are important for
identification, since origins which are better connected to the rest of the country in terms of migration
(high W™) or in terms of trade (high W), may be on different trends. We also include country fixed
effects in X, to account for national economic and policy shocks and use robust standard errors.

In order to interpret /3, as the effect migration and [3; as the effect of trade, it is crucial to include
both instruments simultaneously. Most papers in the economics literature use either the migration
shift-share or the distance shift-share but not both. Since migration patterns follow gravity, and

hence are affected by distance, sometime the distance shift-share is even used to capture the effect of

6Since the origin of international migrants is not known at the level of the administrative unit, we allocate migrants
from country A to country B following the allocation of migrants from country B within country A. This imputation can
be justified in two ways: migration is often circular, and follow ethnic proximity across international borders.
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migration, when reliable information on migration shares is not available (Madhok et al., 2022). Hence
our claim of identification is that conditional on the migration shift-share, the distance shift-share will
capture the effect of trade.

Also crucial for identification is the assumption that the destination shifts in the shift shares are
exogenous to deforestation trends at origin (Borusyak et al., 2022). We believe that this assumption is
reasonable, since the shift we use is the change in non-agricultural employment in another part of
the country. We check the robustness of our results to controlling for the local shift, i.e. the change
in non-agricultural employment at origin. Unfortunately, the forest cover data does not include the

decade prior to the decade when we observe migration, which prevents us to test for pre-trends.

4 Shift-Share Results

This section presents empirical results on the effects of structural change on deforestation through
migration and trade channels.

We first follow specification (3) and regress various variables on the migration and the distance
shift shares at the origin level. Table 1 presents the results. In Column (1), we present something
like a ‘“first stage’ test of our migration shift-share instrument. The dependent variable here is the
total emigration out of the origin region divided by the land area - in other words, the reduction in
population density due to emigration. Reassuringly, the coefficient on the migration shift-share is
significantly positive, suggesting we can interpret this coefficient as proxying for emigration. On
the other hand, the coefficient on the trade shift-share is negative, which makes sense: if there is
increased demand for agricultural goods from a place, wages should rise and emigration go down.
Unfortunately, we do not have any comparable information on internal trade to test an equivalent first
stage for this instrument.

‘We then move on to outcome variables. In column 2, the outcome is then the share of area
deforested from Hansen et al. (2013). In column 3 the outcome is the deforestation of tropical moist
forests, and in column 4 it is the change in crop land. In each of these columns, there is a negative
coefficient on the migration shift-share term and a positive one on the trade shift-share term. The
coefficients are all strongly significant (at the 1% level), except the effect of the migration shift share
on the change in crop land, which is significant at the 10% level. These results suggest that agriculture
is a main driver of deforestation, so that when agricultural land use decreases forest cover increases and
vice versa. They also provide supportive evidence for our hypothesis, that growing non-agricultural
employment in one location increases forest cover in areas with which it has migration links, but
decreases it in areas that are geographically closer, i.e. from which it is likely to import food.

One potential issue with our shift-share specification is the spatial correlation of non-agricultural

employment growth, so that we may confound the effect of the destination-level shocks with that of
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correlated origin-level ones. To alleviate this concern, we control for local shocks to non-agricultural
employment: the results shown in Appendix Table A.4 are very similar to our main estimates. We
provide two additional robustness checks. We show that our results are similar if we consider structural
change not only in the same country but also in other countries which could be migration or export
destinations (Appendix Table A.5). We also show that are results are qualitatively similar if we use
travel duration rather than distance as a share for the trade shift share (Appendix Table A.6).

A potential concern for this analysis is that our distance shift-share may not be capturing any
trade effect if the agricultural goods are being exported. To test this, we divide the sample between
administrative units that are above/below the median share of harvested area that is devoted to cash
crops in 2000 according to the GAEZ/FAO data. Since cash crops are primarily exported, we expect
our results to be strongest in the below-median-cash-crop units. The results in Table 3 confirm this
prediction: in units with a low share of cash crops (Panel A) migration links to a booming non-
agricultural center reduce deforestation and agricultural land, while geographic proximity increases
them. The effects are much more muted, and mostly insignificant in units with a high share of cash
crops (Panel B).

Finally, we divide the sample by countries that are above/below the median level of food imports
as a share of gross domestic product between 2001 and 2020 according to the World Development
Indicators (World Bank). Under our hypothesis, if a country primarily imports its food, then migration
will shift the location of consumption across space, as workers migrate to urban centers and engage in
non-agricultural work, but it will not affect deforestation. As shown in Appendix Table ??, our results
are entirely driven by countries that import fewer agricultural goods.

Overall, our shift-share results point to ambiguous effects of structural change, measured by
non-agricultural employment growth on deforestation and agriculture. We find evidence that structural
change reduces deforestation and agricultural land use in places that are likely to send migrants to
growing non-agricultural centers, but might increase them in places that are likely to export food to
these centers. These effects are suggestive, but can not deliver any quantitative conclusions, because
they do not capture equilibrium effects, i.e. effects in other locations that are connected with origin
and destination through migration and trade. For this, the next sections will develop and quantify a

spatial equilibrium model.

5 The Model

In this section, we develop a model of structural transformation and deforestation. To fully capture
the complex interactions described above, we develop a quantitative spatial model of migration and
trade. Our model is inspired by frameworks developed by Sotelo (2020), for agricultural trade, and by
Bryan and Morten (2019), for migration.
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5.1 Model Set-up

Environment The economy is composed of a measure of individuals of size IV and a discrete set of
locations with generic index i, 7 € {1, ..., D}. Each location is endowed with a fixed land area, L;,
which captures the heterogeneity in size of administrative units. Some land is forested (L) and some
land is cleared already (L¢). Land is composed of a continuum of plots w € L;. Each plot is endowed
with agricultural productivity Z}(w) ~ F(6, A;) and clearings cost Z?(w) ~ F(0, AY), where F(-, )
are Frechet distributions. These assumptions imply that the distribution of both costs and agricultural

productivity may vary across locations.

Technology There are three types of technology: agriculture (A), manufacturing (M), and services
(S). Agricultural production combines land L(w) € [0, 1] and labor (V) via a CES technology. Output
on plot w is:

Qi (w) = (N () (Z @) L(w)) ~* ©

where a4 € (0, 1). The non-agricultural sectors take labor as the sole input to production to produce

the manufacturing good (QM) and the services (Q7) via a decreasing returns to scale technology:
Q= ZF(N{)™, ke {M,S} 5)

where oy, € (0,1) and ZF is TFP in sector k, location i. We allow the different sectors to have deferent

labor demand elasticities.

Trade Shipping agricultural goods between locations is subject to iceberg costs: for one unit of
agricultural good from ¢ to arrive in j, 7;; > 1 units must be shipped. We assume that costs are
symmetric, 7;; = 7;; and that 7;; = 1. The manufacturing good is traded is not subject to trade costs,

while services are consumed locally and are not traded.

Preferences Individuals are endowed with a birth location ¢, and a vector of idiosyncratic preferences
for location-sector pairs {(;x }. Individuals choose a location j and a sector k € {A, M, S} in which
they supply one unit of labor inelastically to maximize their utility of consumption ¢, given sector-

location amenities (b;;) and migration costs (d;;):
U; = max {Cirbjrcirdy; '} (6)

Where the cost of migrating from ¢ to j §;; > 1. As with trade costs, we assume that migration costs
are symmetric, (6;; = ¢;;) and there is no cost to not migrating (é;; = 1). The idiosyncratic taste

shocks {(;;} are distributed via a nested generalized extreme value distribution. In the upper nest,
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individuals choose between locations with elasticity «, and in the lower nest they choose between
sectors with elasticity . We assume that bj4 = b;, and bjp24 = 6j’?bj, where Bj’? is the non-monetary
penalty from working outside of agriculture in location j.

Individuals have non-homothetic preferences over consumption of the agricultural and manufac-
turing goods and services. Following Comin et al. (2021), we define the utility of consumption for an

individual in location 7, working in sector k, (c;;) via the implicit function:

o=1 e o1
A\ © M\ ° s\ °
G G G
<&i> + (@) <gi) + (©) (;%) =1 )

Where ¢}, cM, and c5, are the composite agricultural good, the manufacturing good, and services,

Q=
Q=
Q=

(Q24)

respectively, for an individual located in ¢ and working in sector k. The parameter o governs the
elasticity of substitution across broad consumption categories. The parameters ¢, k € {A, M, S},
control the degree of non-homotheticity in preferences: when €, = 1, preferences are homothetic in
good k, while deviations from unity imply that expenditure shares on that good vary with real income.
Finally, €2, is a good-specific scale parameter.

As in Comin et al. (2021) we use the manufacturing good as base good, and set {2, = £, = 1:

o—1 o—1 o—1
A E M\ © s v
Cik Cik Cik
0 s =1 8
Qﬁ) *(%) 8 Qﬁ) ®

We assume o,c4,¢cg,€24, and (g are all strictly positive for each i. If ¢4 # 1 oreg # 1,

Q=
Q=

(Q24)

preferences are non-homothetic. When 4 < 1 and €5 > 1, the consumption shares of agricultural
goods and services decline and increase, respectively, as income increases relative to the manufacturing
good. These preferences also nest the CES case whene4 = €5 = 1, thus we assume further that at least
one of these parameters differs from unity. This preference structure allows that the preference weights
on each good may vary across locations and as structural transformation occurs. The composite

agricultural good is a CES aggregator of agricultural goods from different origins (c;‘; 1)

n
n—1

n—1
C]A = Z(Cf;k) K

i

Where 1 > 0 governs the elasticity of substitution between origins.

Total income for an individual living in 7 and working in sector £ is:

R; + 11} + 117
N;j

Vjk = Wik +
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Where wjy, is the wage in sector k, R; are land rents, and Hé-w and Hf are profits in the manufacturing

and services sectors, respectively, which are both redistributed lump-sum to local residents.

5.2 Equilibrium

Production A plot is cleared whenever it is profitable to do so:
PN @) (Z21w) T — wiaN (@) > A)(w)

Under the distributional assumptions on land productivity and clearing costs, integrating over w yields
the share of forest plots converted to agriculture in i:
0
(Aivs)

() + (M)’ ®

Where ¢; = (@apiw; ) ez and & A =a% (1 — a,)=*4) Equation (9) states that the share of
forested land used for agriculture is increasing in the average local land productivity, and decreasing
in the average local land clearing cost. The parameter § measures the heterogeneity in costs and
productivity across plots within a location. A higher value of # implies greater dispersion in costs and
productivity across space. While the cost of clearing a plot of land is fixed, whether it is profitable to
do so depends on the productivity of that plot as well as the price of agricultural goods from ¢ and the
local wage. Higher values of # mean that agricultural production will be more sensitive to changes in

prices. Total labor demand in agriculture in region ¢ is:

NA=_24 (W\i) (S%LerLic). (10)

A 7
1 —as \ wia

Equation (10) states that the measure of workers engaged in agriculture is higher in locations with a
6—1
comparative advantage for agriculture (1;A;) and a larger amount of cropland S; ° LI + L. Total

agricultural production in ¢ is thus:

1 Ry
Qf = Ai%(siﬂ Lf+L$). (11
—Qa P

Then land rents are given by:

Ri= (1= aa)pQf = p" A2 (1 - (1 8)°7" ) LT (12)
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Consumption In equilibrium, the quantity of agricultural goods that an individual living in location
7 and working in sector k£ buys from location ¢ is given by:
¢ =7, () P e (13)
1
Where efk is expenditure on agricultural goods in j and PjA = [Zz (T,-jpf‘)lfn] " s the agricultural
price index in j. Iceberg costs imply that the price of a crop produced in ¢ and consumed in j is
p;‘} = Tz-jp;“. Since the manufacturing good is freely traded, we have pf‘j” = pM for all 7, j. We use
manufacturing as numeraire and set p™ = 1
Let e;;. denote individual expenditures on all goods of individual living in location ¢ and working
in sector k. Likewise, /14, p5, denote the expenditure shares for agriculture and services, respectively.
The expenditure share on manufacturing is defined residually as pY = 1 — puZ — 5. Appendix B.2
expresses equilibrium expenditure shares as a function of prices of each good and price indices for
each location ¢ and sector of employment % denoted with Pj;. It also expresses price indices as a
function of prices and expenditure shares. A fixed point problem determines equilibrium expenditure

shares and price indices for given prices.

Sector Choice We first consider the choice of sector £ by an individual born in ¢ conditional
on migrating to a given location j. The indirect utility of working in sector £ € {A, M, S} is
Viik = bjr/0i; X vjr/Pjx X k. Using the properties of the extreme value distribution, the fraction of

workers in j that work in agriculture is:

(U]A/ A)”
vja/ Pia)? + (B} vjn ) Pine)? + (B7v55/ Pis)?

(14)

njA:(

Migration We next consider the choice of migrating to j for an individual born in . The migration
(V)"

Zj’ (V;'j’)

where Vi; = b;/8;;((vja/Pja) + (BMvjne/Pina) + (B vj5/ Pis)” ) is the expected indirect utility

from migrating to j .

rate from 7 to j is:

(15)

mi]’ =

Equilibrium Deﬁnition An equilibrium in this economy is given by prices {w;, p2*,p?} Vi and
quantities (¢, M ¢?, S;, QA QM, QY NA, NM NS N;,m;;)Vi,j such that

1,]7]’]7 (3]

* Labor markets clear in each location i € £ and sector k € {A, M, S}: Nj = nj,N;

* In each location j markets clear for
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— Agricultural goods: QiA => o iV

J
— Services: Q7 = ¢ N;

— Manufacturing by Walras’ Law
* Labor supply is consistent with migration decisions ) _, my;N; = N;

* Non-agricultural profits Hj»” , Hf and land rents (R;) are consistent with profit maximization in
each sector (4) and (5)

. . . . : N — Nk . M 3
Consumption is consistent with the budget constraint, e; N; = >, w;x Nj' + R; + 1I;* + 117.

6 Quantification

We now turn to answer our main question of interest, i.e. what the net effect of structural transformation
on deforestation is. For this, we quantify the model using data from 2000 and 2010.” We use the
estimated model to conduct a set of counterfactual exercises that isolate the contribution of structural

transformation to deforestation.

6.1 Calibration

To quantify the model, we use data from the year 2000 or 2010. When the data is taken directly from
censuses, we choose the census closest to the respective year.

Data on agricultural output, Q;“, comes from GAEZ (Fischer et al., 2021). To calibrate our
productivity parameter in agriculture, A;, we use the data on potential yields from the same source,
under low-inputs and rain-fed irrigation.® As in Porteous (2024), to account for potential measurement
errors or multiple harvests, we consider a region-level scaling factor where we have A; = aiZZT{GAEZ}.
The parameter Zi{GAEZ} represents the average value of potential yields in region ¢, and to obtain A;,
we calibrate a; by inverting the equation of agricultural output, given by (11).

Population data, /V,, is calculated from the gridded population of the world (CIESIN, 2018). The
amount of under forest cover, LI, is obtained from the data of Hansen (Hansen et al., 2013). To
estimate the value of output in manufacturing and services, we exploit data on national GDP in
those two sectors and divide it across admin units using nightlights, making an adjustment based on
the number of people working outside of agriculture for places where there are minimal nightlights

(Elvidge et al., 2022).

"We choose these years since they are those where we have estimates of agricultural production and yields at the grid
cell level.

8We followed Adamopoulos and Restuccia (2022) and computed the potential agricultural yield across 22 major
crops, valuing the yield with international prices from the year 2000 and weighting each crop based on its share of local
land use in 2000.
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We show in appendix that bilateral migration costs can be recovered from migration rates as in
Bryan and Morten (2019):

1
5y = (—m"jmﬂ) " (16)
MM
We construct bilateral trade costs 7;; using travel-time between each pair of locations, mapped into

iceberg trade costs using the transport-cost elasticity estimated by Sotelo (2020).

Finally, we calibrate a set of parameters that are held fixed across all specifications. Table 4
summarizes these parameters and their sources. We take the shape parameter governing land-use
allocation, €, from Sotelo (2020), and the elasticity of substitution across agricultural varieties, 7,
from Costinot et al. (2016). Sectoral labor shares, «;, are taken from Gollin (2002) and Dinh and
Clarke (2012). We borrow the elasticity of migration, x, from Bryan and Morten (2019). From Comin

et al. (2021), we take our parameter o as well as €4 and €g.

6.2 Estimation

The remaining model parameters are estimated through a sequence of nested fixed-point loops. Each
loop targets a distinct set of equilibrium conditions and empirical moments covering goods markets,

labor markets, land use, and migration. The procedure from the inner to the outer loop is as follows:

Inner loop The inner loop solves the fixed point problem and derives equilibrium expenditure shares p*

and price indices P, for given agricultural and services prices P/* and P?7.

Price loop The price loop estimates prices P! and P, productivity terms (A;, ZM, and Z?), land clearing
costs AY, and sector-specific amenities 3F. It takes as given the wage w;, quantity produced in

each sector (Q¥, employment in each sector N¥, and land use (L{

, LF and S;). More precisely,
we iterate on P/ and P to find a solution that clears each market. Within each iteration, we
set A; to match Q2 ; ZM, Z¥ to match QM and Q7 ; A? to match S; by inverting equation (9) ;

(¥ to match NF (k € {M, S}). Every iteration of the price loop solves the inner loop.

Wage loop To solve for the set of wages w;, we then iterate on w; in order to ensure total labor demand
equals labor supply in each location for each sector, still taking employment in each sector N}

as given. Within each iteration, we run the price loop to ensure goods markets clear.

2 loop We then iterate on €2 to match the total share of expenditure on agricultural goods at the national

level. Within each iteration, we run the wage loop to ensure goods and labor markets clear.

7r loop We then iterate on 7z to match total agricultural exports to the rest of the world. Within each

iteration, we run the €2 loop so that goods and labor markets clear.
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Migration loop Finally, this loop estimates amenities b; that rationalize observed migration flows from the

nearest census given migration costs calibrated from (16)

Three key parameters estimated by this model are productivity in the agricultural sector, A;,
productivity in manufacturing, Z, and productivity in services, Z;. Estimated growth in productivity
in these sectors for each country is presented in Figure 3. We can see that, for most countries,
productivity increased in both sectors. However, there exists an important variation across countries:
for some countries, productivity declined in at least one sector (Gabon, Ivory Coast, Madagascar,
Zambia and Zimbabwe). In the next section, we will then explore how these estimated productivity

changes impacted structural change and deforestation.

6.3 Validation with external data sources

In order to test how well our model performs, we compare the estimated average consumption in
each location to that measured in households surveys, where we have them. Such a test is fairly
demanding, because household surveys measure consumption noisily and are not generally designed
to be representative at the level at which we undertake our analysis. Moreover, our model excludes
various factors that are going to be important in consumption, such as government transfers (including
public sector employment), remittances, etc. Nonetheless, we believe the exercise is valuable in
testing whether to a first approximation we are predicting which areas are relaively better off than
others.

In Figure 4, we plot relative real adult-equivalent consumption as estimated using the model and
household surveys. We take the LSMS survey closest to 2010 is used for eight countries: Ethiopia,
Ghana, Malawi, Mali, Nigeria, South Africa, Tanzania, and Uganda, and this is compared to our
estimates for 2010. While the fit is not perfect, with the model estimating greater dispersion in
consumption than in the survey data, there is a clear and significant positive correlation between the
two measures.

Additionally, we also compare our estimated international trade cost 77 to an estimate we obtain
from international trade data.’ This is plotted in Figure 5. Here we see that our estimation technique
generally does a good job at predicting which countries have relatively higher trade costs. While our
estimates are on average lower than we obtain from the trade value data, this likely stems from some
extreme values that come from this data, with trade costs of over 5 likely an exaggeration of the true

cost.

9To construct the benchmark data for 75, we use CEPII’s data on Trade Unit Values, which report bilateral unit values
(USD/ton) by year—exporter—importer—product, separately as declared by exporters (FOB) and by importers (CIF). We
focus on agricultural products (HS chapters 01-24) and compute, for each exporting country, the ratio of total CIF to total
FOB unit values in each year. Our benchmark 7 is then defined as the average of this ratio over the period 2000-2005.

Page 17



6.4 Effects of productivity growth on deforestation

Within our model, we consider structural transformation as mainly stemming from increases in
productivity. Increases in productivity will increase consumption, which, due to non-homothetic
preferences, will push relative demand towards non-agricultural goods and services, encouraging
movement out of the agricultural sector. Of course, the overall effect will also depend heavily on the
source of the productivity changes - if agricultural productivity increases, this may draw people into
the sector, mitigating structural change. Alternatively, increases in agricultural productivity may free
up labor and hence generate further structural change. In what follows, we therefore aim to isolate the
impacts of changes in productivity changes in both the agricultural and the non-agricultural sectors,
as well as all sectors together.

Rather than choose arbitrary values of productivity growth for our counterfactuals, we exploit
the fact that we have estimated our model on two years worth of data, namely 2000 and 2010. In
the following counterfactuals, we therefore compare outcomes in 2010 to model estimates of what
would have happened if productivity hadn’t changed over the period - i.e. if productivity had stayed
at the 2000 levels. Note that this means that the counterfactual productivity growths considered are
substantially different across country and across sector, as shown in Figure 3. The advantages of this
strategy are that we consider meaningful counterfactuals and can answer the question how much of
observed deforestation over the period can be explained by these productivity changes. In the figures
that follow, to avoid clutter we remove countries with relatively small areas of forest cover, but we
also show the results for the 28 countries as a whole.

In Figure 6 we first consider the role of productivity changes in explaining the structural change
that has occurred over the period. In particular, we consider changes in the share of workers who work
outside of agriculture, both in our counterfactuals and the actual change over the period. Consistent
with our approach, we find that overall the productivity changes explain most of the structural
transformation over the period. Both increases in agricultural and non-agricutlural productivity are
important factors in driving this change, though the relative share varies importantly by country. In
general, we see that increases in non-agricultural productivity growth lead to an increase in structural
change (Nigeria is an exception), but the impact of agricultural productivity growth on structural
transformation is more varied. For instance, while Ghana and Ethiopia saw substantial increases in
agricultural productivity, this led to an important structural transformation in Ethiopia but almost no
change in sectoral employment in Ghana.

With these varied effects of productivity changes on structural transformation in mind, we now
turn to looking at the impact on deforestation. In Figure 7, we can note that the overall effect of the
productivity changes on the 28 countries in our sample is positive - i.e. deforestation would have been
about 0.3 percentage points lower had there been no structural change, which accounts for around

10 % of the deforestation that took place over the period. This overall small positive effect, however,
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contains important heterogeneities. Countries that saw increases in agricultural productivity saw a
very mixed picture in terms of impacts on deforestation, with an increase in deforestation of almost 2
percentage points in South Africa to a similarly substantial reduction in deforestation in Nigeria.!? The
impacts of non-agricultural productivity changes are also varied. Almost all countries increased their
non-agricultural productivity over the period, and this most often led to an increase in deforestation,
but this is not the case in South Africa, Kenya, or Ghana.

What explains this heterogeneity? Looking first at the impacts of agricultural productivity, an
important factor is the extent to which the agricultural sector is oriented towards international trade.
We see large increases in deforestation in South Africa, an important agricultural exporter, while
almost no impact on deforestation in Nigeria, which is relatively closed, despite Nigeria experiencing
a much larger increase in agricultural productivity. Figure 10a confirms this relationship for those
countries that saw increases in agricultural productivity during the period. This is consistent with non-
homothetic demand for agriculture leading to a limited domestic demand for agricultural production.
In open economies, an increase in agricultural productivity pulls workers towards agriculture to exploit
the comparative advantage, slowing structural change and increasing deforestation. In more closed
economies, on the other hand, agricultural production doesn’t increase so much, and the increase in
agricultural productivity is partly used to free up workers to move to other sectors and land to be
used as forest. When it comes to non-agricultural productivity increases, international trade plays
a similar role, as shown in Figure 10b. Countries that export agriculture take advantage of gains in
non-ag productivity to move resources out of agriculture and reduce deforestation, while those that
are more closed have less ability to adapt, since importing food is very costly. Overall, this variation
as a function of agricultural export orientation is consistent with the heterogeneity in effects in the
reduced form by the share of cash crops.

Openness to international trade is clearly not the whole story, however, and doesn’t explain, for
instance, why Ghana saw a decrease in deforestation as a result of non-agricultural productivity
increases, while Mozambique saw an increase. To understand this difference, we need to dig into
the spatial distribution of productivity changes, and how this relates to forests. In Figure 9 we map
the distributions of manufacturing and mining productivity gains and forest cover in 2000 for these
two countries. In Ghana, we observe that manufacturing and mining productivity gains were highest
in the north of the country, wheras the main forested area is in the South. In Mozambique, while
manufacturing and mining productivity gains were also concentrated in the north, this is also an area
of the country with a substantial amount of forest cover. This explains an important difference in
impacts because the productivity growth leads to an increase in demand for local agricultural goods
(since internal trade is costly).

To formally test this idea, we first construct measures of how much each region is ‘exposed’ to

0Note that three of the other countries that saw a reduction in deforestation as a result of agricultural productivity
changes, notably Gabon, Ivory Coast, and Zambia, were those where agricultural productivity fell.
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forests in two different ways - firstly through migration, and secondly through trade. To construct
the migration measure for a region j, we consider at baseline the share of immigrants which come
from region i - i.e. M;;/ >, M,;, where M;; is the number of people who migrated from ¢ to j - and
multiply this by the share of forested land in region i, i.e. LF/(LF + LY). We then do the same
for trade, where weights are instead the consumption shares - i.e. ¢;;/ Y . ¢;;. We then construct the

difference, which we label the ‘relative forest exposure’, I'E;, and is hence defined as follows:

M. Cix LE
FE; = B Y L 17
’ ; (Zz Mij Zz Cij) (Lf + LZC) a7

This variable then theoretically takes a value between —1 and 1, which higher values meaning that a
region’s exposure to forest mainly comes through migration, and a lower number meaning that it’s
exposure mainly comes through trade.

Armed with this geographical exposure measure, we then run two new counterfactuals where in
each we consider what would happen if a single location in each country increased it’s non-agricultural
productivty by 50 %, and all other parameters stayed the same. In the first counterfactual, we pick
the unit with the highest level of relative forest exposure, ['E; in each country, while in the second
counterfactual we pick the region with the lowest. Since in each counterfactual we are shocking one
unit in each country, variation in the impacts of the two shocks cannot stem from changes in openness
to international trade. While both counterfactuals lead to a notable increase in non-agricultural
employment, the impacts on deforestation are very different. When we shock those places that are
most exposed to forests through migration, we see an overall decrease in deforestation, but, if we
shock those places that are mainly exposed through trade, we see an increase in deforestation. This
therefore demonstrates that the geographic location of non-agricultural productivity shocks is a crucial
determinant of their impacts on deforestation.

Another way of considering the role of migration in explaining the impact of structural change on
deforestation is to run a regression similar to our reduced-form estimation in Section 3. From Table 5,
we can see that, consistent with our reduced form analysis, migration reduces deforestation while
demand for agricultural products increases it. To explore the role of migration in general equilibrium,
we undertake a counterfactual with productivity changes as before, except that we don’t allow for
migration to adapt to these productivity changes. In other words, we keep non-agricultural productivity
at it’s 2000 level as before, but we assume that people still move to wherever we find them in 2010. In
this way, we can separate out the impacts of productivity changes that come through migration, and
those that come through other channels.

The results of this analysis for changes in non-agricultural productivity are displayed in Figure 10.
We can see that, in most countries, there is more structural change and less deforestation when we

allow for productivity to have impacts on migration. This is consistent with our theoretical hypothesis
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and reduced form results, with people moving away from forested areas towards the most productive
cities. It should be noted, however, that the general equilibrium impacts of migration on deforestation
are most substantial in those countries open to international trade such as South Africa and Ivory
Coast. In relatively closed countries, migration has a limited effect since the food to feed these people
must still be grown within the country, and hence forests will still be cut down even if people have

moved relatively far away.

7 Conclusion

The overall impact of structural change on deforestation in sub-Saharan Africa is theoretically
ambiguous. More employment in sectors with higher productivity than agriculture will increase
domestic demand for agricultural products, thereby increasing the return to clearing land. At the same
time, migration from rural areas to urban ones will decrease the return to land clearance. In this paper,
we have found that both mechanisms play a significant role, with the dominant mechanism varying
across countries.

Our results lead to important policy conclusions. In general, increases in agricultural productivity
are likely to put forests least at risk when they occur in relatively closed economies, while increases
in non-agricultural productivity are likely to be most beneficial for forests when they take place in
parts of the country that are relatively far from forested areas. Hence, when pursuing the dual aims
of protecting forests and increasing structural change, policy makers should consider the spatial
distribution of where prodcutviity gains should be encouraged.

A number of important caveats should be kept in mind when interpreting our results. Crucially,
we are only measuring one of the environmental impacts of structural transformation, and of course
issues are likely to arise due to pollution and pressure on other natural resources. Our continent-wide
approach also prevents us from looking at heterogeneity in the value of forests or the costs of tree-cover
loss. As better data becomes available, an important avenue of future research will be to improve

measures of trade-costs and environmental degradation.
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Figures and Tables

Figure 1: Deforestation and Urban Growth since 2000
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Notes: Along the x-axis is the change in the percentage of the population living in urban areas between 2001 and 2020 as
defined by the World Development Indicators. The y-axis displays the percent of the total land area that was deforested
during the same period using deforestation data form Hansen et al. (2013). The figure excludes countries with less than
2% forest cover in 2000 and winsorizes the deforestation share at the 5 and 95 percent levels.
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Figure 2: Tree Cover and Deforestation in Sub-Saharan Africa and in our Sample
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Notes: The map represents in green tree cover in 2000, in red tree cover loss between 2001 and 2020, and in blue the
boundaries of the countries that meet the data requirement for the study.
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Figure 3: Estimated Productivity Changes, 2000 to 2010
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Notes: This figure plots the changes in productivity in agriculture (A;), manufacturing (Z) and services (Z7) in each
country, with values below 1 representing a decrease and values above 1 an increase. The changes are calculated by
estimating the structural model first with data from the year 2000 values and then with data from 2010. Averages are taken
across districts weighted by baseline production in the respective sector.
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Figure 4: Comparing estimated to surveyed real consumption
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Notes: This figure plots real consumption as estimated in the model against real adult-equivalent consumption as measured
using household surveys. We plot one point for each region, along with a line of best fit weighted by population and
include a 95 % confidence interval. The LSMS survey closest to 2010 is used for eight countries: Ethiopia, Ghana, Malawi,
Mali, Nigeria, South Africa, Tanzania, and Uganda, and this is compared to our estimates for 2010. We take the mean
consumption in each geographical unit and divide by the mean across units.
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Figure 5: Comparing estimated international trade costs from trade data to that estimated by the
model.
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Notes: This figure plots international trade costs from trade data to that estimated by the model. We plot one point for
each country, along with a line of best fit and include a 95 % confidence interval.
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Figure 6: Counterfactual rates of structural transformation

T T T

T
-5 0 5 10 15

I CTF: Agricultural Productivity I CTF: Non-agricultural Productivity
I CTF: Both sectors' productivity Actual change
Notes:

Page 32



Figure 7: Counterfactual rates of deforestation
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Figure 8: Impacts of productivity changes on deforestation by trade openness
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Figure 9: Manufacturing growth and forest cover dynamics in Ghana and Mozambique
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Figure 10: Impacts of non-agricultural productivity growth with and without migration
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Table 1: Effect of Non-Agricultural Employment Growth on Deforestation via Migration
and Trade

W 2) (3) @)
Emigration over = Share of area Share of area A share
land area deforested  deforested (TMF) cropland
B,, 0.732%* -0.042*** -0.026*** -0.060**
(0.235) (0.012) (0.010) (0.030)
B, -0.702** 0.093*** 0.069*** 0.087**
(0.279) (0.023) (0.020) (0.037)
Observations 662 770 587 754
Outcome Mean in % 49 .19 .06 1

The unit of observation is an administrative unit. The sample in column 2 includes all units with non-zero
forest coverage in 2000 within the 17 countries of our sample with two censuses. In column 1, the sample is
reduced since we cannot compute the emigration rate in Gabon or Ghana, while in column 4 we do not have
data on the change in cropland share for Cameroon or Mauritius. In column 3, we only include regions that
have non-zero tropical moist forest cover at baseline. All regressions are weighted by baseline forest cover.
Robust standard errors in parenthesis. Regressions include the sum of migration shares across all destinations
and the sum of trade shares across all destinations for each origin as controls. All models include country
fixed effects. *p < .1,"" p < .05,""* p < .01
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Table 2: Effect of Non-Agricultural Employment Growth on Deforestation via
Migration and Trade depending on the importance of Cash Crops locally

() (2) (3) 4)
Emigration over  Share of area Share of area A share
land area deforested  deforested (TMF) cropland

Panel A: Low Cash Crop share

B,, 1.176 -0.062*** -0.039* -0.082**
(0.724) (0.018) (0.020) (0.037)

B, -0.930 0.081** 0.070* 0.101
0.921) (0.038) (0.042) (0.064)

Observations 294 381 275 434

Panel B: High Cash Crop share

B,, 0.720*** -0.025** -0.018* 0.021
(0.171) (0.012) (0.009) (0.111)

B, -1.440 0.064** 0.052*** 0.008
(0.960) (0.029) (0.020) (0.104)

Observations 368 380 303 315

The unit of observation is an administrative unit. The sample includes all 744 units with
non-zero forest coverage in 2001 within the 17 countries of our sample. Panel A includes
administrative units with below median share of cash crops per cultivated area; Panel B includes
units with above median share of cash crops per cultivated area.In column 1, the sample is
reduced since we cannot compute the emigration rate in Gabon or Ghana, while in column 4
we do not have data on the change in cropland share for Cameroon or Mauritius. In column 3,
we only include regions that have non-zero tropical moist forest cover at baseline. Regressions
weighted by baseline tree cover. Robust standard errors in parenthesis. Regressions include
the sum of migration shares across all destinations and the sum of trade shares across all
destinations for each origin as controls. Both shift shares and the sum of shares are standardized.
All models include country fixed effects. *p < .1,"* p < .05,""* p < .01
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Table 3: Effect of Non-Agricultural Employment Growth on Deforestation via
Migration and Trade depending on Agricultural Imports

O @) (3) @)
Emigration over  Share of area Share of area A share
land area deforested  deforested (TMF) cropland

Panel A: Low Agricultural Imports

B, -0.108 -0.294 -0.533** -0.012
(2.137) (0.314) (0.245) (0.980)

B, -5.399*** 1.148*** 0.799** 0.181
(1.288) (0.347) (0.278) (0.670)

Observations 348 357 287 277

Panel B: High Agricultural Imports

B,, 9.108* -0.422** -0.004 -0.093
(5.197) (0.194) (0.066) (0.240)

B, -14.471 0.722** -0.052 -0.340
(13.163) (0.357) (0.178) (0.478)

Observations 314 413 291 413

The unit of observation is an administrative unit. The sample includes all 764 units with non-
zero forest coverage in 2001 within the 17 countries of our sample. Panel A includes countries
with below median agricultural trade openness, measured as (agricultural exports + agricultural
imports)/agricultural production ; Panel B includes units with above median share of agricultural
trade openness. In column 1, the sample is reduced since we cannot compute the emigration rate
in Gabon or Ghana, while in column 4 we do not have data on the change in cropland share for
Cameroon or Mauritius. In column 3, we only include regions that have non-zero tropical moist
forest cover at baseline. Regressions weighted by baseline tree cover. Robust standard errors in
parenthesis. Regressions include the sum of migration shares across all destinations and the sum of
trade shares across all destinations for each origin as controls. All models include country fixed
effects. *p < .1,"* p < .05,""* p < .01
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Table 4: Parameters from the literature

Parameter Value Source

0 1.7 Sotelo (2020)

n 5.4 Costinot et al. (2016)

a4, Qg 0.7 Gollin (2002)

Qg 0.34  Dinh and Clarke (2012)
K 32 Bryan and Morten (2019)
o 0.48  Comin et al. (2021)

€4 0.2 Comin et al. (2021)

€g 1.37  Comin et al. (2021)

Table 5: Partial equilibrium impacts of migration and trade on

deforestation from the model counterfactuals

Share of area deforested

(1) (2)

A Emigration -0.017** -0.013***
(N per Ha) (0.003) (0.003)
A Exports 0.016* 0.013*
(std) (0.008) (0.007)
A Local 0.000
manuf. productivity (0.000)
A Local 0.000***
agricultural productivity (0.000)
Observations 1324 1324

Results for all countries. Regressions weighted by tree cover . Robust standard
errors in parenthesis. B,, is the migration shift-share, and B, is the trade
shift share. The shift is non-agricultural productivity, the migration shares and
the trade shares are defined as in the reduced form. Regressions that include
the migration shift-share also include the sum of migration shares for that
origin across all destinations. Regressions that include the trade shift-share also
include the sum of the trade shares. All models include country fixed effects.

p <. 1,%p < .05 p < .01
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A Figures & Tables

Table A.1: Sample Administrative Unit level

Country Administrative Number Census Year
Unit Level of Units First Second

Angola 2 161 2014

Benin 2 77 2002 2013
Botswana 1 21 2001 2011
Burkina Faso 2 45 1996 2006
Cameroon 2 39 1987 2005
Ethiopia 1 11 2014

Gabon 1 9 1993 2013
Ghana 2 102 2000 2010
Guinea 1 33 1996 2014
Ivory Coast 2 50 1998

Kenya 2 35 1999 2009
Lesotho 1 10 1996 2006
Madagascar 2 114 2018

Malawi 1 26 2008

Mali 2 47 1998 2009
Mauritius 1 10 2000 2011
Mozambique 2 137 1997 2007
Nigeria 1 37 2012

Rwanda 2 30 2012

Senegal 2 27 2002 2013
Sierra Leone 2 126 2004 2015
South Africa 2 18 2001 2011
Sudan 1 25 2008

Tanzania 1 23 2002 2012
Togo 2 37 2010

Uganda 1 36 2002 2014
Zambia 2 55 2000 2010
Zimbabwe 2 88 2012

Notes: The table reports the administrative unit level used in our analysis and
the total number of units in the country at that level. The first and second census
years are those that we used in the analysis. Although data is available at the
admin 2 level for Mauritius, we use admin level 1 because most of the migration
at the admin 2 level is occurring between districts within Port Louis, so the more
aggregated data on the island is more representative of the type of migration that
we are interested in.
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Table A.2: Descriptive statistics for the main outcome variables of the reduced form

analysis (Sample of countries with two censuses)

Emigration over  Share of area Share of area A share
Country land area deforested  deforested (TMF) cropland N
BEN 3.73 0.64 0.21 -0.94 71
BWA 0.87 0.00 . 0.04 17
CMR 3.53 0.74 0.34 . 38
GAB 0.68 0.12 0.00 9
GHA . 4.34 1.22 0.39 99
GIN 3.29 245 1.09 0.11 33
KEN 34.27 1.09 0.51 2.79 35
LSO 3.76 0.00 . -0.52 10
MLI 1.03 0.02 0.00 0.96 20
MOZ 1.61 2.10 0.01 0.51 137
MUS 30.97 1.10 0.96 0.00 9
SEN 7.25 0.34 0.22 0.17 19
SLE 9.79 10.00 5.49 0.06 124
TZA 7.72 1.80 0.08 1.78 23
UGA 8.69 2.74 3.03 6.86 36
ZAF 2.59 1.66 . 0.14 18
ZMB 2.11 1.34 0.03 0.62 55
All Countries 4.88 1.85 0.54 1.01 753

Notes: The table reports the average of the outcomes considered in the reduced form analysis for the
sample of countries with two censuses. Gabon only reports migration since birth, hence we cannot compute

migration between the two censuses. Ghana has missing migration information in the second census.
Botswana, Lesotho and South Africa are not in the tropical zone.
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Table A.3: Annual Migration by Measure and Census

census population migration migration

measure outcome year (millions) (thousands) rate
() 2) 3)

Benin
Duration: 1992 - 2001 migration shares 2002 3.425 57.94 1.69
Duration: 2003 - 2012 emigration 2013 5.131 63.26 1.23
Birth none 2002 3214 110.86 3.45
Birth none 2013 4.864 154.55 3.18
Botswana
5 years: 1996 - 2001 migration shares 2001 0.986 51.33 5.21
5 years: 2006 - 2011 emigration 2011 1.267 66.84 5.28
Birth none 2001 0.986 49.61 5.03
Birth none 2011 1.267 64.82 5.12
Burkina Faso
1 year: 1996 - 1997 none 1996 5.382 369.33 6.86
1 year: 2005 - 2006 emigration 2006 7.120 191.41 2.69
Birth migration shares 1996 5.382 172.30 3.20
Birth none 2006 7.120 220.11 3.09
Ghana
Syears: 1996 - 2000  migration shares 2000 10.211 139.47 1.37
Guinea
Duration: 1986 - 1995 migration shares 1996 3.698 103.16 2.79
Duration: 2004 - 2013  emigration 2014 5.445 83.35 1.53
Birth none 1996 3.698 132.47 3.58
Birth none 2014 5.445 163.79 3.01
Kenya
Duration: 1989 - 1998 migration shares 1999 15.069 23.05 0.15
1 year: 2008 - 2009 emigration 2009 20.665 759.56 3.68
Birth none 1999 15.069 484.80 3.22
Birth none 2009 20.665 630.11 3.05
Lesotho
10 years: 1987 - 1996  migration shares 1996 1.084 11.55 1.07
10 years: 1997 - 2006  emigration 2006 1.096 12.42 1.13
Birth none 1996 1.084 20.08 1.85
Birth none 2006 1.096 19.33 1.76

...Continued on next page
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Annual Migration by Measure and Census — continued from previous page

census population migration migration

measure outcome year (millions) (thousands) rate
(D (2) 3)

Mali
10 years: 1989 - 1998  migration shares 1998 5.006 121.42 243
10 years: 2000 - 2009  emigration 2009 7.074 247.53 3.50
Birth none 1998 5.006 120.06 2.40
Birth none 2009 6.993 297.93 4.26
Mauritius
S years: 1996 - 2000  migration shares 2000 0.826 12.65 1.53
5 years: 2007 - 2011 emigration 2011 0.878 9.21 1.05
Mozambique
S years: 1988 - 1997  none 1997 8.223 349.42 4.25
5 years: 1998 - 2007  emigration 2007 10.303 222.34 2.16
Birth migration shares 1997 8.223 336.35 4.09
Birth none 2007 10.303 391.33 3.80
Senegal
Syears: 1998 - 2002  migration shares 2002 5.402 101.47 1.88
5 years: 2009 - 2013 emigration 2013 7.223 234.46 3.25
Birth none 2002 5.402 217.85 4.03
Birth none 2013 7.223 271.55 3.76
Sierra Leone
14 years: 1990 - 2004  none 2004 2.237 45.32 2.03
Syears: 2011 -2015  emigration 2015 4.012 133.88 3.34
Birth migration shares 2004 2.691 145.57 541
Birth none 2015 4.012 207.81 5.18
South Africa
5 years: 2007 - 2011 migration shares 2011 33.544 736.46 2.20
Syears: 2012 -2016  emigration 2016 36.188 201.08 0.56
Birth none 2011 34.124 610.25 1.79
Birth none 2016 36.197 367.28 1.01
Tanzania
1 year: 2001 - 2002 none 2002 17.347 639.70 3.69
1 year: 2011 - 2012 emigration 2012 23.083 937.83 4.06
Birth migration shares 2002 17.347 384.18 221
Birth none 2012 23.083 569.86 2.47

...Continued on next page
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Annual Migration by Measure and Census — continued from previous page

census population migration migration

measure outcome year (millions) (thousands) rate

(1 2) 3)
Uganda
10 years: 1993 - 2002  migration shares 2002 12.207 117.19 0.96
10 years: 2005 - 2014  emigration 2014 17.640 175.58 1.00
Birth none 2002 12.207 345.00 2.83
Zambia
1 year: 1999 - 2000 none 2000 5.219 337.27 6.46
1 year: 2009 - 2010 emigration 2010 6.916 696.73 10.07
Birth migration shares 2000 5.219 267.66 5.13
Birth none 2010 6.916 375.12 5.42

Notes: Reporting the prime-aged population in millions, average annual number of migrants and the implied annual
migration rate for each reported measure. Migration since birth is annualized by dividing each observed migration by the
individual’s age - 14. That is, for each person who has migrated since birth, we assume that the migration happened once
the individual became prime-aged and that there was a single migration episode in that period. This transformation is for
expositional purposes only. All migration since birth episodes are used as shares in the analysis.

Table A.4: Effect of Non-Agricultural Employment Growth on Deforestation via
Migration and Trade controlling for Local Non-Agricultural Employment Growth

M 2) 3) 4)
Emigration over  Share of area Share of area A share
land area deforested  deforested (TMF) cropland
B,, 0.736*** -0.042*** -0.027*** -0.056*
(0.237) (0.012) (0.010) (0.030)
B, -0.703** 0.093*** 0.069*** 0.087**
0.279) (0.023) (0.020) (0.037)

Local Shift -0.002 -0.000 0.000 0.006

(0.002) (0.001) (0.001) (0.004)

Observations 662 770 587 754

The unit of observation is an administrative unit. The sample in column 2 includes all units with
non-zero forest coverage in 2000 within the 17 countries of our sample with two censuses. In
column 1, the sample is reduced since we cannot compute the emigration rate in Gabon or Ghana,
while in column 4 we do not have data on the change in cropland share for Cameroon or Mauritius.
In column 3, we only include regions that have non-zero tropical moist forest cover at baseline. All
regressions are weighted by baseline forest cover. Robust standard errors in parenthesis. Regressions
include the sum of migration shares across all destinations and the sum of trade shares across all
destinations for each origin as controls. All models include country fixed effects. All models include
country fixed effects. *p < .1,"* p < .05,""* p < .01
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Table A.5: Shift-share estimates using change in non-agricultural employment
growth also in other countries.

W 2 3) @)
Emigration over  Share of area Share of area A share
land area deforested  deforested (TMF) cropland
iB,, 0.633*** -0.037*** -0.021** -0.088***
(0.241) (0.011) (0.009) (0.033)
iBy -0.315 0.091*** 0.061*** 0.198***
(0.202) (0.024) (0.019) (0.066)
Observations 662 770 587 754

The unit of observation is an administrative unit. The sample in column 2 includes all units with
non-zero forest coverage in 2000 within the 17 countries of our sample with two censuses. In column
1, the sample is reduced since we cannot compute the emigration rate in Gabon or Ghana, while
in column 4 we do not have data on the change in cropland share for Cameroon or Mauritius. In
column 3, we only include regions that have non-zero tropical moist forest cover at baseline. All
regressions are weighted by baseline forest cover. Robust standard errors in parenthesis. Regressions
include the sum of migration shares across all destinations and the sum of trade shares across all
destinations for each origin as controls. All models include country fixed effects. All models include
country fixed effects. *p < .1,"* p < .05,"** p < .01

Table A.6: Shift-share estimates using travel duration instead of distance for the
trade shift-share.

W 2) (3) @)
Emigration over = Share of area Share of area A share
land area deforested  deforested (TMF) cropland
B,, 0.705%** -0.040*** -0.024*** -0.054*
(0.230) 0.011) (0.009) (0.029)
B, -39.160*** 6.298*** 4.480** 5.800**
(13.905) (1.498) (1.256) (2.354)
Observations 662 770 587 754

The unit of observation is an administrative unit. The sample in column 2 includes all units with
non-zero forest coverage in 2000 within the 17 countries of our sample with two censuses. In
column 1, the sample is reduced since we cannot compute the emigration rate in Gabon or Ghana,
while in column 4 we do not have data on the change in cropland share for Cameroon or Mauritius.
In column 3, we only include regions that have non-zero tropical moist forest cover at baseline. All
regressions are weighted by baseline forest cover. Robust standard errors in parenthesis. Regressions
include the sum of migration shares across all destinations and the sum of trade shares across all
destinations for each origin as controls. All models include country fixed effects. All models include
country fixed effects. *p < .1,"* p < .05,"** p < .01
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B Mathematical Appendix

B.1 Bartik instruments

Jaeger et al. (2018) define the immigration shift-share instrument as

~ modyt() Amot
Mg = » | ————"

M 10 N, dit—1

Where 1m0 /1,0 is the share of immigrants from o in d at reference date t° which predates ¢.
Amy, is the total number of immigrants across all locations at time ¢ and N, is the local population
in d in the previous period. In this context, we do not necessarily have the stock of immigrants in each
location, so we replace with the flow from the previous period and estimate the Bartik instrument for

immigration as
Modt—1 Mot
By = E N
Mot—1 1Vdt—1

Where m,4.¢—1/m0¢—1 is the share of migration out of o into d in the previous period, m,; is total
migration out of o in the current period, and N, is the total population in d at the start of the period.
We use the reverse of this to define the emigration shift-share instrument.

B.2 Model Equilibrium

Agricultural Production Labor demand on a plot that is cleared equates marginal cost of that plot
with marginal revenue

w; =ap (NA W)Y (24 w)) (18)
A\ oo
Nf‘(w)z(o%‘) ZAw) 19)

Then profit on a plot abstracting from the cost of opening the plot is given by

@ 1
A T-a A T-a —o o
ph (“pz ) ZHw) — w; (‘”’Z ) ZMw) =ZM@) () TR — () FraT )

=2 () () ] a(a%—aﬁ)
:ZA (p w; a)
=i Z{ ()

Forested plot w is cleared whenever it is profitable to do so
iZ{ (W) > Z7 (W)

Where & = a®(1 — «)'~®. Integrating over w the share of forested land for which it is profitable
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to clear is then .
(Aiyy)
(P A9)" + (Aiwpr)”

Total labor demand in j is found by summing over demand on each plot, forested and deforested:

S = PT(¢¢Z{4(W) > Z?(w)> B

A\ T-a
NA :<% LESE[Z iz > 20 + LOB (21|

- 1 B B
—L;S; F [ZiA¢i|Z§4¢i > Z?} + LZGE[ZzA]:|

w; L1

:<Oz£§4 1-a :iLiSi((pMA?)e 4 (Aiwi)9>1/0 + E?Ai]r(l — %)

azf? h :ELS (sl)%e +LCA] (1 a %)
L) A Lsis) e+ £ (1 3)

L G [+ 2]e (1= g)

_ ~1/6
The final expression is found by normalizing the Frechet distributions by I' = I <1 — %) so that
E[ZA] = A; and E[A?] = AY.
Note that on each plot Q(w) = (N (w))*(ZA(w))*~*). Substituting out for Z(w) using (19)
then gives Q' (w) = NA (w);;j Integrating over w then gives

Qf = NZA%];A (20)
- a<]zb7>A Li5)7 + I @21)

Land rents, which are returned to local workers are equal to agricultural profits minus the fixed
cost of opening the land. The expected value of Z? conditional on the land being used for agriculture
is given by

B(Z)|Z{: > Z]) * Pr(Z{: > Z})) =E|Z}| - E[Z}|Z} > ZA@M (Z} > Z’%)
1/6

Pr
BZ0|ZM: > 20) « Pr(Z, > 20) =pM A0 — (0 A)" + (Aw)”)  +
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We can then substitute using the expression for the share of land not used for agriculture

(p*A9)"
(P A" + (M)

15 =

So that

E[Z0\Z{: > Z{)  Pr(Z; > Z7) =p™ A} = pMAJ(1 = $)Y7 + (1 - S))
E{ZHZlAw@ > ZZO] *PT(ZZ.Aq/;i > ZZO) ZPMA?(I _ (1 B Si)%)
Total land rents are then

R =p{' Qi — w;N/* — LiE[Z)|Z{M; > Z0) = Pr(Z{*: > Z7)
Ry =(1 - aa)pf Q! = Lip"A)(1- (1~ 5)7)
Manufacturing Profits Profit maximization in the manufacturing sector implies that labor demand

in manufacturing is given by
1

Néw:<a_Zd>1a
wq

Then profit in the manufacturing sector is given by

Consumption Decisions Fixing d, let U(C™ C4) be the utility value of C; when consuming
quantities C™ and C“. The individuals problem can be expressed as choosing quantities to maximize
the constrained optimization problem

max U(CH,C4)
CM {CA,

subject to C4 = (Z(ﬁod);(ccﬁl)n;l>"nl

o

puCY + prTodC(ﬁl = wq + Rq/Ny
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The first order condition for C4 is
5 oAt At A
U2ﬁ0nd00d n Cd T — )\po Tod — O
Rearranging and summing over o yields an expression for \/U,

6% (CA)"”];l :)\plhoOngil
od\~od UQ(CC‘?)%I

LGRS :#ﬁ(zpmcfd)

n

(ZB (€)™ ) o= (ﬁ) (ptract) ™

Where X is total expenditure on agricultural goods in d. Returning to the FOC, we can express

demand for C?}, as
A X;l4 ! A\1—n
Cod 50d P (Cd )

0 o]

This expression still depends upon C'4'. We can solve for it by substituting this expression into the
definition

n

(= (Z B (P70 ) gy

PiCt =x{

1

1-—n 1-n
Where P! = ( > o Bod (pf70d> ) is the price index that equates consumption of the composite

good with total expenditure on agricultural goods. Demand for C%}, can then be expressed as

C4 = Boa(pi7oa) (P X
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Non-Homothetic Demand Functions To make the exposition simpler, we will consider the general
case in which there are non-homotheticities in both goods which I will denote by ), and € 4. Recall
that C, is the utility function that the individual seeks to maximize. By rearranging (7), we can express
this quantity as:

o

o T (<t N7
(25") ((Cd)sj\/l—l) + (925) ((Cd)eA—1> ]

Then we can express the maximization problem in the standard way

Cy =

vl N7 o a7
(€q)7 (W) +(Q9)° (W)

+ ME — puCy' — paCy)
Implicit differentiation with respect to C} yields

Cy= max,
cM c4

o—1

<<CS§A4—1) d +(Q&4);< Joa- 1) ]
)(C

= d

8Cd o [(QM);

300]1\/[ -1

o—1 ozl Ci' (C)em=1 — CM gy — 1)(Cy)=M~ zacd
( o (€24") ((Cd)EM—1> ( ((Cd)eM 12 +

o1 G\ (G- DC G
oo (i) (S e

Under the assumption that we are at an interior solution, at an optimum, ;CC # = 0. Thus the equation
d

Q=

simplifies to

o—1 o—1 1

o . oM a .\ 4 ke
APm — [(Qd )e (W) + (9= <W> ] X
o1 s (N[ (Cat
( o (Qd ) ((C’d)sjw—l) (((Od)eM—1)2)>

Apw = (Q)7 (d#) 4 Q)7 (@;ﬁ) “ ]U ((Qéw)‘l’ (@;#) U

-
(Ca)om=t
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Using the equivalent logic for C4' we solve for A by

oMo\ sfoma( CE N7
((C’d)aM—1> ) + (Ca)- ((Qd) ((Cd)aA—1> )

v N7 oanf Ci N7
((Cd>aM_1> + (29) <(Od)aA—1> )

Q=

ApmCl +paCy) =(Cy)° ((Qy)

(m%

AX g :(Cd)%(cd)%l
_Ga
X,

Q=
Q=

AXq =(Cy)

A

Where X, is total expenditure in d. Returning to the expression for C}

o—1

(€ =(Ca)* ((Qg” & (ﬁ) ) e
]
C4 =04 (@) . (%) ’ _ ot (%Z) U(Cd)m(l—w

The expression for total consumption can be expressed as

ol 1 N (T =
(Qd )"(Qd ((C«d)gM> (pé\/l) (C«d)le>

AL A ! d T s
+ ()7 <Qd <(C’j)€A> (%) (Cd)#) ]
o 0771 M Cd d ’ UTil -
crnlor((te) (a0) ) o) (7))
(C

Cy =

o—1

Cu= QM( Do B ad (o et T aroxg

CaFy —Xd

_ 1

Py =|oM ((de1P;4)1_”+Q§(<Cd)mlpj> |

l1—0c
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In the context of our model, this yields the two Hicksian demand functions

1\
cir -l (5] (=

A _ A Pf ) e(l—o)
Ci=%\~. ] (Ca)

d
_ M A 1 pA 1-o]

P =| Q4+ ((Cay ')

l—0o

Expenditure shares We now derive an expression of expenditure share of each good as a function
of its price and of price indices for each location ¢ and sector of employment k. The ratios of the
expenditure shares of agricultural and service goods to the manufacturing good are given by:

A pAy 179
i _ QA( i ) CEZA_I)(1_0)7

it pM
(1-0)
ik _ ¢ (pf ) (es—1)(1—0)
M —°eS M Cik :
Mg

Since ¥ =1 — pf} — ps., this implies:

ik = G
ik 1 1
1+QA(£> (a=)(1-0) 4 () ;ﬁ) (es=1)(1-0)

ik = T G

1

l—0o
Qs (55; ) fes=D1-2)

i =

A\1=o . SN (g —0)
1+QA(QJ é;lm')+95<%> cles~H{1-)

(22)

(23)

(24)

(25)

(26)
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Defining P, = i’—: and multiplying numerators and denominators by (p™ )=, then we can write this
as

04 (PiA)(l_U) (eik/Pik)(eA—l)u_g)

ik = = = ey
(pM)(1=9) 4+ Qu (PA) (€ir/ Pi)ca=D0=9) + Qg (p) (eir/ Py)es~D =)
M\ (1—0)
p
,uf\,f - M (1 A\(1-0) : 3 1 s\ (1-0o) D(1—0)’ (28)
()=o) + Qu (PA) (eir/ Pir)(ca=D1=9) 4+ Qg (p7) (eix/ Pir)(es~D(1=o)
(1-0) —1)(1-
Qs (p7 (eir/ Py) (s 71—
. () (29)

(pM)(lfg) + Q4 (PZ-A)(I_U) (eik/Pik)(eAil)(lig) + Qg (p%g)(l_a) (eik/ﬂk)(esfl)(lf")‘

Price indices Conversely we can derive an expression of price indices for each location ¢ and sector
of employment £ as a function of expenditure shares and prices of agricultural goods, manufacturing,

and services. To derive an expression for P, in terms of e, but not c;;,, we use equation (13) of
Comin et al. (2021) which gives:

= Cjg = H
Py, ’ pM o

Sk _ . eﬂk( My (30)

Rearranging therefore gives the price indices for each location ¢ and sector of employment &

(/“sz:)l 7

1

((PM )77+ Qy (PA)(l " (ea) Pa) 070 4 Qg (pz's)(l_a) (eik/l%k)“s*”(kgom
= (") + Q2 (B (e /an) 40— i — )Y

“1D(l-0o co1)y 1o
Qs (05)"7 (ea/par) VO (1 — i — ) (s G1)

+

Migration Costs Equation 15 gives the migration rate from ¢ to j :

(Vig)"
Zj’ (Vij’)
where V;; = 1/6;; x ((Bjavia/Pja)? + (vjnr/Pin)” + (Bjsvis/Pjs)?) Y7 is the expected indirect

utility from migrating to j.
Hence

mi]’ =

(32)
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Which yields the desired expression:

1

0ij = (—mijmji) N (33)

MM
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C Census Data Details

All IPUMS-I censuses are 10% samples unless otherwise indicated. Migration flows are constructed
using the most disaggregated level of administrative geography available, except for Mauritius. Our
preferred question is, “in which year did you move here and where did you live previously?” When
we know the year of migration, we exclude migrants in the previous year to exclude temporary and
transitional migrants from our measure. When migration history is asked in more than one way and
we do not have the year of migration, we give preference to (in this order), “where did you live 10
years ago?”, “where did you live five years ago?”, “where were you born?”, and “where did you live
one year ago?”.

Angola: 2014 census. Respondents were asked in which municipality (level 2) and province
(level 1) they lived in 5 years ago. Information is also available for the municipality and province of
residence 1 year before the census, and for the municipality and province of birth.

Benin: 2002 and 2013 censuses. Migration is asked as, “length of time in current residence,’
(translated from French to English). For 2013, the values range from 1948-2013, and for 2002, from
1937-2002. Our measures of migration uses flows between 1992-2001 and 2003-2012 for the first and
second censuses, respectively.

Botswana: 2001 and 2011 censuses. Respondents were asked where they lived at this time last
year and in August of 1996/2006, respectively. This information, as well as the birth location, are
collected at the district (level 1 geography) level.

Burkina Faso: 1996 and 2006 censuses. Respondents were asked which province (level 1) and
department (level 2) they lived one year ago. The province and department of birth are also available.

Cameroon: 1987 and 2005 censuses. In 1987, respondents were asked in which province (level
1) and department (level 2) they lived in 11 years ago. In 2005, respondents were again asked in which
province and department they lived in 11 years ago.

Cote d’Ivoire: 1998 census. Respondents were asked about their region (level 1) and department
(level 2) of residence one year ago. Information is also available about the location of birth.

Ethiopia: socioeconomic survey 2013-2014 (Central Statistics Agency , CSA). The survey began
in 2011/12 as the Ethiopia Rural Socioeconomic Survey and was expanded in wave 2 to include all
urban areas, creating a nationally representative sample of 5,262 households. We use data from wave
2 of the ESS. Respondents were asked whether they had migrated to a different region (level 1) since
the timing of the previous wave. As the median time between waves is 2 years, we construct migration
variables as moving in the last 2 years.

Gabon: 1993 and 2013 censuses. In the absence of micro data about these censuses, we used
aggregated tables that appeared in reports about the results of the censuses. For the 1993 census, the
report includes migration matrices showing the number of people living in each province (level 1) and
their province of birth (Direction Générale de la Statistique , DGS). Similarly, for the 2013 census,
the report includes migration matrices of current province and province of birth (Direction Générale
de la Statistique , DGS).

Ghana: 2000 and 2010 censuses. In the 2000 census, respondents were asked what was the
district of usual residence five years ago? This question is not repeated in the 2010 census. Instead
respondents were asked for how many years have they lived in the current town/village if they haven’t
lived there since birth. In both censuses, respondents were asked for the region of birth. We use the
district of residence five years ago as our measure of migration.

Guinea: 1996 and 2014 censuses. Respondents were asked which prefecture (level 2) they lived
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in before moving to the current prefecture. In 1996, respondents were asked if they have lived in the
current location for less than one year, between 1-4 years, 5-9 years, 10 or more years, or since birth.
In 2014, respondents were asked an open-ended question of how many years they have lived in the
current prefecture. Information is also available for the location of birth. We construct migration
flows using the the periods 1986-1995 and 2004-2013 to construct migration flows in the first and
second censuses respectively. The period 1986-1995 will include all migrants from the previous ten
years and exclude migrants from the previous year.

Kenya: 1999 and 2009 censuses. Migration history is obtained in two stages. First respondents
were asked, “where was [the respondent] living in August of [the previous year]?” Next, respondents
who are not living in their district of birth were asked for the year and month that they moved there.
We construct flows using the location of previous residence rather than the birth location.

Lesotho: 1996 and 2006 censuses. Respondents were asked where they were living at the time of
the previous census (April 1986 and 1996, respectively). If the respondent was not living in the same
village they were then asked in what year they moved to their current location.

Malawi: 2008 census. Respondents were asked about their district (level 1) of previous residence,
and how long they lived in their current place of residence. We use migrants who lived in a different
district within the previous 10 years to construct migration.

Mali: 1998 and 2009 censuses. Data on the year of migration, previous location, and birth location
are all available. The exact wording in the migration question is slightly different in the two censuses,
but the premise is the same. Respondents were asked if they have lived anywhere else for at least six
months. If yes, respondents were asked where they lived immediately preceding their current address.
Respondents are then asked for the duration of their current residence in years. We use previous
location and duration to construct migration.

Mauritius: 2000 and 2011 censuses. No data is available on the location of birth. We construct
migration flows using the location of residence five years ago. Respondents were asked, “what was
your usual address five years ago?” This data is available at both the district and region level. However,
given the large amount of movement between level 2 administrative units (MVCA/wards) within Port
Louis, we use the level 1 administrative units.

Madagascar: 2018 census. This census is not harmonized in [IPUMS, and we obtain it from the
statistical institute of Madagascar (Institut National de la Statistique , INSTAT). Respondents were
asked about their previous region (level 1) and district (level 2) of residence and about the duration of
living in the current location. We construct the migration variables based on those.

Mozambique: 1997 and 2007 censuses. In 1997, respondents were asked where they lived in
October 1992, when the war ended. In 2007, this text was changed to where was the respondent living
five years ago. In both rounds, respondents were also asked where they were living one year ago and
where they were born. Migration in the five years after the war will likely contain a lot of moves back
home, which is not what we want to measure. For this reason, we choose to estimate migration using
the district of birth.

Nigeria: 2010/11 general household survey (National Bureau of Statistics, Federal Republic of
Nigeria, 2010-2011). This is the first wave of a nationally representative panel survey, with 5,000
households. Migration variables are constructed using data from the second wave (2012/13), when
respondents were asked whether they had migrated to a different state (level 1) since the previous
wave. As the median time between waves is 2 years, we define migration as moving within the last 2
years.

Rwanda: 2012 census. Respondents were asked about the district (level 2) of previous residence
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and about the duration of residence in their current district. We take migration in the last 10 years to
construct the migration values.

Senegal: 2002 and 2013 censuses. Although information on the location of residence is available
at one, five, and ten year intervals in the 2013 census, it is only available in a five year interval in
2002. Respondents who are residents are asked to write the name of the commune or rural community
of residence five years ago, and visitors are asked to record the place where they came from. Birth
location is also available, although we use the location of residence five years ago.

Sierra Leone: 2004 and 2015 censuses. In 2004, respondents were asked where they were living
in December 1990 (14 years ago), and in 2015 they were asked where they were living in December
2010 (5 years ago). Due to the lack of consistency of these measures, we use the location of birth.

South Africa: The post-apartheid government of South Africa conducted its first census in 1996
and was followed by a second census in 2001. A third census was scheduled for 2006, but Statistics
South Africa did not have the capacity to conduct a full census that time and it was replaced with a
community survey. The third census took place in 2011 and a second community survey took place
in 2016. As a result, the questions in each year varied. In 1996, respondents were asked in which
year they moved to their current dwelling and responses were open ended. In 2001, the responses
were recorded only for people who moved in the past five years (since the first census). In the 2007
community survey, moves were again only recorded if they happened after 2001. In 2011, the next
census year, the question was asked for moves to the current place since 2001. This is different in two
dimensions. First, it covers the previous ten years rather than five. Second, the question is less broad.
The original question asked about when the respondent moved to their current dwelling (i.e. housing
unit), while the latter asks when they moved to the current place (i.e. municipality). Finally, in 2016,
respondents were asked for the year that they moved to the current place again which was top-coded
at five-years. Information on the previous location is not available in the 1996 census. The province
(level 1 geography) of previous residence and birth is available in all years beginning in 2001. The
district of previous residence is only available in 2011 and 2016, and is never available for the birth
location. Hence, we ultimately use these latter two surveys (2011 and 2016) in our analysis and use
migration flows over the previous five years at the district level.

Sudan: 2008 census. Respondents were asked about their previous region (level 1) of residence,
and about the duration of residence in current region. We keep migration that occurred in the 10 years
prior to the census. Information about the location of birth is also available, as well as the region of
residence 1 year ago. As in 2008, South Sudan has not yet become independent, we treat units in the
two modern-day countries, that appear separately in the IPUMS dataset, as part of a single country.

Tanzania: 2002 and 2012 censuses. Respondents were asked where they lived in 2001/2011,
respectively, i.e. one year prior. The text did not specify in which month. Previous residence
information was collected at the region and district level in 2012, but only at the region (level 1
administrative unit) in 2002. We use the location of birth to construct migration flows which is only
available at the region level.

Togo: 2010 census. Respondents were asked about their region (level 1) and prefecture (level
2) of previous residence, and about the duration of their residence in the current canton (level 3).
We construct migration variables based on migration in the previous 10 years. Information is also
available about the location of birth.

Uganda: 2002 and 2014 censuses. Information on the birth location is only available for the 2002
census. Respondents were asked in which district they were living prior to the current district and for
how many years they have been living in the current district. We use this information to construct
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migration flows during the ten-year windows preceding each census, 1992-2001 and 2004-2013. This
excludes all migration that happened in the year just preceding the census.

Zambia: 2000 and 2010 censuses. Respondents were asked where were they living before
August of the previous year. This information is available at the first and second level of geographic
administrative unit. However, given the short duration, we instead use the location of birth.

Zimbabwe: 2012 census. Respondents were asked about their district (level 2) of resident 10
years ago.
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