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Abstract

Despite an extensive literature on the economic consequences of climate change,
the economic effects of disappearing lakes have not been investigated. We focus on
Lake Chad, a vast African lake the size of Israel or Massachusetts that lost 90% of its
surface area between 1965 and 1985. While water supply shrunk, land supply increased,
generating a priori ambiguous economic effects. For Cameroon, Chad, Nigeria and
Niger, hence 25% of sub-Saharan Africa’s population, we construct a novel data set
tracking total and urban population patterns at a fine spatial level from the 1940s to
the 2010s. Using a simple difference-in-difference strategy, we find relatively slower, not
faster, total population growth in the proximity of the lake, but only after the lake started
shrinking. We also find non-negative effects of the lake shrinking on city population
growth nearby, suggesting climate change since the 1960s may have induced “refugee”
urbanization locally. Finally, we use a quantitative spatial model to show that the
shrinkage of the lake had large negative local and aggregate welfare effects. We then
use the model to discuss the effects of various policies related to migration and roads.
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According to the IPCC, “climate change refers to a change in the state of the climate that
can be identified [...] by changes in the mean and/or the variability of its properties
and that persists for an extended period, typically decades or longer.”1 In addition,
“warming of the climate system is unequivocal, and since the late 1950s, many of the
observed changes are unprecedented over decades to millennia” (IPCC, 2013).
Empirical studies of the causal economic effects of climate change typically rely on
climate “shocks”, in particular year-to-year variation in temperature and/or rainfall.
While such studies have considerably deepened our understanding of the reduced-form
effects of the climate, they do not examine “changes in the mean” over several “decades
or longer”, hence climate change as defined as by the IPCC. Since climate change is
unfolding gradually and agents may engage in a wider set of adaptations, it is difficult
to infer from climate deviations what the real effects of climate change could be.
More theoretical studies simulate the effects of future climate change, i.e. changes
in means over several decades or centuries. While these studies have dramatically
improved our understanding of the mechanisms by which climate change will have
local and aggregate economic effects in the future, they are mostly predictive exercises
and they do not aim to investigate the real effects of past climate change since the 1950s.
To study the real effects of climate change, one would need: (i) A permanent
change in climate-driven geographical conditions; (ii) The change must take place over
several decades; (iii) The change must be exogenous, thus allowing the researcher to
study its local and aggregate effects; (iv) Localized economic data is needed during the
change (e.g., in the 1960s-1980s) as well as before the change (e.g., the 1950s). This is
particularly difficult for the poorest countries that will be most affected by future climate
change, as in sub-Saharan Africa; (v) A model that helps us rationalize the economic and
spatial effects; and (vi) The model must be able to generate clear policy prescriptions.
In this paper, we combine reduced-form evidence and theory to study over a
period of 70 years the local and aggregate economic effects of the almost complete
disappearance of Lake Chad, the 11th largest lake in the world. Lake Chad lost 90% of
its surface water area – 23,000 sq km – between the mid-1960s and the mid-1980s (see
Fig. 1-2). This is equivalent to the total area of Israel plus the West Bank and Gaza, El
Salvador or Massachusetts. While its water level has been slightly recovering since the
mid-1990s, it is still on average 80% less than in the mid-1960s. However, if water supply
decreased, land supply increased, generating a priori ambiguous economic effects.
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We focus our analysis on four countries that were low-income countries for most of
the 20th century and whose territory borders Lake Chad: Cameroon, Chad, Niger and
Nigeria (see Figure 3). The four countries account for 25% of the population of subSaharan Africa today, making the permanent shrinkage of Lake Chad one of the most
important events to have economically affected the region. Next, the shrinkage of the
lake starting in 1965 had to do with reduced rainfall in a fifth country about 800-1,000
km away from the lake itself, the Central African Republic (CAR), due to global climate
change disproportionately affecting Central Africa. Indeed, the Logone and Chari rivers
flow from the CAR through Chad into Lake Chad, which is a sink. Once one controls for
proximity to these rivers, the shrinkage of the lake is plausibly “exogenous”.
To conduct our analysis, we use original census and administrative count data to
construct a novel data set tracking total population patterns at a fine spatial level –
113, 138, 119 and 83 subdistricts in Cameroon, Chad, Niger and Nigeria, respectively
– and city population patterns – 166, 179, 100 and 1,340 cities, respectively – from the
1940s to the 2010s. For each country one by one, we then use (relative) total population
growth as our main outcome of interest, finding in a panel difference-in-difference
(DiD) framework: (i) no differential effect of proximity to the lake before 1965; (ii) a
very negative effect of proximity to the lake in 1965-1990; and (iii) an effect that remains
strongly negative post-1990, despite the slow recovery of the lake’s water level.
90 percent of rainfall comes from the evaporation of oceans, seas, lakes and rivers
(USGS, 2021a). In warmer climates, lakes also have a cooling effect on their direct
environment.2 Therefore, when a large lake dries out, it may permanently alter local
climate conditions. Lake Chad is an endorheic lake, with 100% of its water evaporating.
The panel-DiD framework indeed suggests that rainfall decreased and temperature
increased close to the lake. Thus, (global) climate change begets (local) climate change.
Next, using the same panel-DiD but studying city population growth, we find that
city population sizes increased or remained stable in the long run. Hence, rural decline
was the main component of the total population decline observed in the area. Cities
thus possibly acted as a safety valve sector for economic refugees from the lake area.
Our interpretation of the results is that fishing, farming and cattle herding
communities were negatively impacted by the lake receding. As incomes probably
decreased in the area, households likely outmigrated to other rural areas or in some
2

USGS (2021b) writes: “The oceans and lakes help regulate the temperature ranges that billions of
people experience in their towns [...]. Water [...] takes longer to heat up and longer to cool down than do
land masses, so cities near the oceans will tend to have less change and less extreme temperatures.”
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cases nearby urban areas. Therefore, the negative effect of water loss, an input in the
three sectors, must have outweighed the positive effects of increased land supply.
Finally, we develop a quantitative spatial model with many locations and four
sectors: fishing, farming, livestock, and cities. We use data c. 1965 in Cameroon, Chad,
Niger and Nigeria to calibrate the set of parameters and solve the model before and
after the shrinkage of the lake. This allows us to better analyze the local effects of the
lake, for example discuss why the land supply effect was not stronger. The model also
allows us to quantify the aggregate welfare loss associated with the lake shrinking, and
simulate the effects of policies that might have mitigated the economic impact. Our
preliminary results suggest that migration is an important margin of adjustment when
poor populations experience climate change. Infrastructure matters too.
Our paper contributes to the climate change literature. Previous empirical works
have focused on the effects of climate shocks on migration (Gray and Mueller (2012)),
urbanization (Barrios et al. (2006)) and education (Maccini and Yang (2009)), among
others. Studies have also analyzed the effects of climate shocks on rural-to-urban
and international migration (see Beine and Parsons (2015), Cattaneo and Peri (2016),
Peri and Sasahara (2019) for international studies and Bohra-Mishra et al. (2014)
for Indonesia), agricultural output (Fisher et al. (2012)), growth (Dell et al. (2012)),
exports (Jones and Olken (2010)), and health (Deschênes et al. (2009); Deschênes and
Greenstone (2011)). See Dell et al. (2014) for a review of the empirical literature.3
With our model analysis, our study is related to studies examining the future spatial
and aggregate effects of climate change (Desmet and Rossi-Hansberg, 2015; Conte et
al., 2020; Desmet et al., 2021; Conte, 2021). In contrast, we study the effects of climate
change since the 1960s. While these studies focus on the world, we focus on four West
African countries among the most likely to be impacted by climate change in the future.
To our knowledge, this is the first paper that identifies the short and long-term
(causal) effects of a shrinking lake on economic development, both in rural and urban
settings. Lake disappearances are interesting, and important, cases to study in and
of themselves. Many studies in the literature have examined the effects of temporary
weather-related shocks, in particular rainfall and temperature shocks, or hurricanes. It
is much more difficult to find cases of permanent “shocks” that share the characteristics
3

Our paper is also related to the literature on natural disasters, and climate disasters in particular.
Previous empirical research has focused on the relationship between natural disasters and international
migration (Mahajan and Yang (2020), Spitzer et al. (2020) and Beine and Parsons (2015)), domestic
migration (see Gröger and Zylberberg (2016) for Vietnam and Bohra-Mishra et al. (2014) for Indonesia)
and urban activity and intra-city growth (Kocornik-Mina et al. (2020)) among others.
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of climate change. In addition, unlike existing studies on coastal flooding (KocornikMina et al., 2020; Desmet et al., 2021), we study the effects of water disappearing.
Floodings typically lead to crop losses and/or destructions in cities. Lake recessions
have in theory more ambiguous effects, because valuable land becomes available.
It is all the more important to study this research question as lakes are important
economic assets for various regions of the world, for example the Caspian Sea in
Eastern Europe, Central Asia, and Western Asia, or Lakes Victoria, Tanganyika, Malawi,
Bangweulu and Turkana in East Africa. Africa has ten of the fifty largest lakes in the
world.4 Other major examples of drying lakes include the Aral Sea (Kazakhstan and
Uzbekistan), formerly the fourth largest lake in the world, and Lake Urmia (Iran),
formerly the largest lake of the Middle East. Both shrunk to less than 10% of their former
size. However, the Aral Sea dried up because its feeding rivers were diverted by Soviet
irrigation projects and Lake Urmia dried up because its feeding rivers were dammed. In
contrast, Lake Chad dried up for mostly natural — and locally exogenous — reasons.
Finally, we focus our analysis on four countries that are among the poorest in the
world. Understanding the effects of climate change in such contexts is particularly
important. Chad and Niger are two Sahelian low-income countries and are as such likely
to be very negatively impacted by climate change in the future.5
The paper is structured as follows: Section 1. provides the background. Section 2.
introduces our novel data. Section 3. presents the empirical strategy. Sections 4., 5. and
6. present results on total population, cities and the climate, respectively. Section 7.
presents the quantitative spatial model analysis. Finally, section 8. concludes.

1.

Background: The Permanent Shrinking of Lake Chad

Lake Chad is a sink that receives water from the Chari-Logone river system (see Figure
4). The river system primarily originates from rainfall in the mountainous areas of the
Central African Republic (CAR) about 800-1000 km away from the lake itself. Rainfall in
Eastern Cameroon and in the Southeastern areas of Chad also marginally contributes to
the system. However, because the discharge rate of the Chari and Logone rivers depends
almost exclusively on rainfall in Northern CAR, lack of rainfall over the CAR after 1965
– due to global climate change disproportionately impacting Central Africa – was by far
the main reason behind the large drop in water area also observed after 1965 (see Fig. 2;
4

Other large lakes are usually found in North America, Russia or Central Asia.
The only few studies regarding the local effects of a smaller Lake Chad are (non-economics) articles
that rely on contemporary small-sample village surveys to provide very detailed, but also very local,
analyses of the situation (e.g., Sarch and Birkett (2000), Okpara et al. (2016), Luxereau et al. (2012)).
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see Web Appx. Section B for details on these patterns).6 The fact that the lake’s water
level is primarily determined by rainfall in another country south of our region of study
provides reassurance that the results will not be explained by reverse causality.
However, this does not rule out other potential sources of bias.

Because the

rivers go through the territory of Cameroon and Chad (Fig. 4), outcomes in the lake’s
surroundings might not be independent of outcomes upriver. Indeed, drier rivers due
to lower rainfall in CAR may have also affected other locations along the river system.
In that case, “control” areas farther away from the lake are also affected. Yet, this should
only lead us to under-estimate how negative the effects of the shrinkage of the lake are.
Furthermore, data on discharge rates for various sites along the river system suggest
the decline in the discharge rate of the rivers occurred circa 1965 as well. As seen in
Figure 4 which shows the sites and the decline in their average discharge rate (m3 /s)
between the periods 1950-1964 and 1965-1980, most of the collapse in N’Djamena (471) close to the lake came from Bousso (-354), hence the Chari river. The contribution
of the rivers from Cameroon – via the Logone river – was marginal. Then, almost all
the decline in the Chari came from CAR, not Chad (Am Timam shows a decrease of 5
only).7 As such, rainfall in another country is the most important source of the lake.
Nonetheless, we will control for proximity to the river system. Lastly, the system is not
present in Niger or Nigeria making them cleaner environments for our analysis.
In addition, despite possibly different levels of exogeneity, we will find relatively
similar results for the four countries when studying total population levels. This gives
us confidence that we are effectively controlling for any potential bias generated by the
river system. This also ensures that we are not picking up an effect due to contextual
factors specific to each country. Finally, this increases the external validity of our results.
Another characteristic of Lake Chad that must be considered is the heterogeneous
degrees of dryness that were experienced over its different regions. Cutting Lake Chad
in half lies what is called the Grande Barrière, an elevated area that in dry years divides
the lake in a southern pool and a northern pool. It is only when the water level of
the southern pool is high enough that water crosses the Grande Barrière to replenish
the northern pool. During the Large Lake Chad era (pre-1965), this geological feature
remained submerged, rendering it irrelevant. However, as the Logone-Chari river’s
discharge rate declined, the Grande Barrière created a northern sink that dried almost
6

Web Appx. Fig. C.1 shows stable rainfall patterns before 1965 and stronger rainfall declines after 1965
in Northern CAR than in the subdistricts of the four countries of study closest to Lake Chad.
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The full patterns for each site are discussed in Web Appx. Section B and shown in Web Appx. Fig.C.3.
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completely in the 1980s, and a southern sink that, although smaller in size, retained an
area of open water (see Figure 5). We will also exploit this fact in our analysis.

2.

Data for the Reduced-Form Analyses

We use subdistrict-level data for Cameroon, Chad, Niger, and Nigeria. An analysis of the
impact of the lake shrinking demands localized data for the period 1965-1990 (shrinking
Lake Chad phase) and the pre-1965 period (large Lake Chad phase). Due to this, total
and urban population figures are the best (and only) measures available.8

2.1.

Total Population Levels for the Subdistrict Samples

Few population censuses took place in the four countries and when population data is
available, it is not at a fine spatial level like counties in the U.S. Typically, the sources that
we were able to get ahold of report population data at the district level, and sometimes
at the “subdistrict” level. However, subdistrict boundaries are rarely consistent across
years. As such, we aggregated subdistricts in order to reconstruct a set of consistently
defined subdistricts over periods spanning 60-70 years. Overall, our data set contains
119 subdistricts for Niger (1951-2012), 113 for Cameroon (1963-2005), 138 for Chad
(1948-2009), and 93 for Nigeria (1952-2006) (see Fig. 3). These correspond to third-level
administrative units, in particular communes in Niger, arrondissements in Cameroon,
sous-prefectures in Chad, and divisions in Nigeria (see Web Appx. Section C for details).
In Niger (119 subdistricts), we have total population data in 1951, 1956, 1959, 1962,
1969, 1988, 2001, 2012, 2013 and 2017. Data for the years 1951, 1956, 1959, 1962,
1969, 2013 and 2017 come from administrative sources (often administrative censuses).
Values for the years 1988, 2001 and 2012 come from population censuses.9
The Cameroon data set (113 subdistricts) includes the years 1963, 1967, 1976,
1987 and 2005. Information for 1963 and 1967 comes from administrative sources.
Population figures for the years 1976, 1987 and 2005 are based on population census
counts. No census has taken place since 2005.10 We only have subdistrict population
data for one year (1963) before the lake started shrinking. To examine whether the
parallel trends assumption holds for Cameroon, we will use total population data at the
district level. More precisely, we reaggregate the 113 subdistricts into 47 districts, which
8

The Demographic and Health Surveys and household/labor force surveys are not available before
1990. Likewise, only the 1976, 1987 and 2005 population censuses of Cameroon are available on IPUMS.
By 1976, the lake’s level was already low. Finally, nighttime lights are only available from the year 1992.
9
Administrative censuses are population counts relying on official registers and other national files.
10
For example, the 2018 population census was postponed indefinitely.
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allows us to add one year of pre-1965 data (1956; source = administrative census).
The Chad data set (138 subdistricts) includes the years 1948, 1953, 1965, 1993
and 2009.

Population measures for the years 1948, 1953 and 1965 are based on

administrative sources.

For the year “1965”, we use information from the 1962

administrative census and 1964 demographic survey as our baseline. When needed,
we adjust the population levels that we obtain using information from the 1968
administrative census. We call this year “1965” because 1965 is the mid-year between
1962 and 1968. Lastly, we use census population figures for the years 1993 and 2009.11
Finally, the Nigeria data set (83 subdistricts) includes the years 1952, 1963, 1991
and 2006. However, the reliability of the 1963 census has been questioned by experts
(Ahonsi, 1988). We also do not use the 1973 census whose results were never published
due to accusations of political manipulation (Ibid). As such, measurement error in the
dependent variable is likely. If classical, it only affects the precision of our estimates. If
not classical, it could lead us to either over- or under-estimate the effects. We will thus
use give priority to the estimates found in the other three more reliable countries.
Mean subdistrict area is 9.9, 4.1, 9.2 and 10.9 thousand sq km in Niger, Cameroon,
Chad and Nigeria, respectively. In comparison, the mean U.S. county is about 3 sq km.
Were the subdistricts shaped like circles, their radius would be about 36-59 km.

2.2.

City Population Sizes

As in many studies in the urban literature (e.g., Bairoch, 1988; Jedwab and Storeygard,
2021a), we define as a city any locality with at least 5,000 inhabitants.12 For Cameroon,
Chad and Niger, we thus focus our data compiling efforts on localities that reached the
threshold of 5,000 inhabitants at any point during our period of study. For Nigeria, the
sheer number of cities and issues with the reliability of its population censuses makes
us rely on decadal population estimates from the Africapolis (2021) database. However,
they only compile data for localities that reached 10,000 at any point since 1950.13
In Niger, 166 localities reached 5,000 at least once in 1900-2012.14 For the pre-1968
period, we rely on colonial and post-colonial administrative reports of city population
11

1968 is three years after the lake started shrinking (1965). Were this consequential econometrically,
that should only lead us to under-estimate how negative the effects of the lake shrinking was.
12
The mean population threshold used in the world to define cities is 4,500 (Jedwab and Vollrath, 2015).
13
They generates estimates using various sources including population censuses, administrative
counts, electoral counts, and demographic studies. Based on an initial list of cities of at least 5,000 in
the census closest to 2000, they include all cities that reached at least 10,000 at some point since 1950.
14
In particular, we have city population estimates for the following years: 1900, 1905, 1910, 1921, 1926,
1931, 1934, 1936, 1945, 1948, 1951, 1955-1962, 1965-1968, 1977, 1988, 2001, and 2012.
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sizes. Post-1968, we rely on population censuses (1977, 1988, 2001, 2012). However,
information is patchy. When Niger was still a colony and just after independence,
administrators would sequentially visit various regions to proceed with administrative
counts.

As such, for 16 localities with more than 5,000 inhabitants before 1968,

population is available for different years for different cities. To create a consistent
series, we use exponential interpolations. There are then a few cities for which we know
their population before the 1940s and in the late 1950s but not in-between. In order to
better estimate their population c. 1950, we also consider their pre-1950 population.
For later years, there are a few cities for which the first population estimate available
exceeds 5,000 by several thousands. These cities might have exceeded 5,000 in the
previous years of data but we cannot be sure. To allow for this possibility, and for each
city without any early estimate, we assume that their 1945 population was 1 inhabitant
and use exponential interpolation to fill the missing years. This increases the likelihood
that a city exceeds 5,000 if its value is well above 5,000 the following year of data.
Overall, for city-years where the estimated population is not above 5,000, we are
confident that population is indeed below that number. Our methodological choices
should also not affect the results as few city-years are ultimately concerned.15
We then proceed similarly for Cameroon and Chad. In Cameroon, 186 localities
reached 5,000 at any point in 1932-2005.16 For the pre-1976 years, we use colonial
and post-colonial administrative counts. For the years 1976, 1987 and 2005, we use
population censuses. In Chad, 100 localities reached 5,000 at any point in the period
1937-2009.17 For the pre-1968 years, we use colonial and post-colonial administrative
counts. For the years 1993 and 2009, we use population censuses. For the years 1975 and
2000, we use administrative population count estimates provided by Chad’s Institute of
Statistics. Finally, there are 1,340 (10,000+) Nigerian cities in Africapolis (2021).18

3.

Main Hypothesis and Specification

The historical drop in water levels starting c. 1965 and the relative recovery of the lake
after 1990 allow us to examine how the shrinking of a lake affects nearby communities.
To do so, we exploit a simple panel difference-in-difference (DiD) framework and study
the effect of proximity to the lake on total population patterns. For subdistricts s and
15

For a limited sample of cities, we know their exact population when below 5,000. However, we do not
make use of that information due to possible endogenous selection issues in why an estimate is available.
16
Available years: 1932, 1939, 1941, 1945, 1950, 1953, 1956, 1958-1968, 1970, 1976, 1987, and 2005.
17
Available years: 1937, 1939-1951, 1954-1956, 1961, 1964, 1968, 1975, 1993, 2000, and 2009.
18
Available years: 1950, 1960, 1970, 1980, 1990, 2000 and 2010.
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years t and each country at a time, we first estimate the following model:
X
ln(T ot.P op.)s,t = α+
βv P rox.Lakes ×1(v = t)+λs +θt +Xs Bs,t +Districts ∗t+µd,t (1)
v

where ln(T ot.P op.)s,t is the log of total population in subdistrict s in year t and
our variables of interest are the interactions between the time-invariant measure of
proximity to the lake – the log of the Euclidean distance from each subdistrict’s centroid
to the lake – and year dummies (we omit the latest year available before the year 1965).
We add subdistrict (λs ) and year (θt ) fixed effects, as well as district-specific linear
trends (Ds × t) to control for local patterns of economic development at the district level
over time. We then use Conley standard errors (distance cut-off of 100 km).19
Furthermore, our specification includes several time-invariant controls (Xs Bs,t ) that
we interact with year effects. We first add the logged Euclidean distances to the largest
city and the capital city, and their square.20 This controls for spatial development
patterns related to economic or political centralization (or decentralization).
For historical reasons, northern areas are less developed, and have been growing
slower, than southern areas in the four countries.

Geographical differences also

correlate with latitude, with declining vegetation density as one moves north and, in
the case of Chad and Niger, desertification. To control for this North-South gradient, we
include the latitude of the subdistrict’s centroid interacted with year fixed effects.
We add two dummies for whether the subdistrict is crossed by a major river (Fig. 4)
or a minor river (Web Appx. Fig. C.2) of the Logone-Chari river system, interacted with
year dummies. This controls for the potential local effects of changes in discharge rates.

4.

Reduced-Form Effects on Total Population

Niger. Niger possibly offers the best environment for our analysis. Its territory does
not contain any river of the Logone-Chari system and we have more years of data (119
subdistricts x 17 years = 2,023 obs.). Figure 6(a) shows the effects (βv ) of proximity to the
lake in each year (1962 is the omitted year). Here, proximity to the lake is the negative of
the logged Euclidean distance between each subdistrict’s centroid and the centroid of
the lake area that is within Niger’s territory (centroid (1) in Fig. 5).
The patterns in 1951-1962 suggest parallel trends. In 1969, we see a large negative
19

We consider 31, 47, 36, and 24 in Niger, Cameroon, Chad and Nigeria, respectively. In order to
ensure consistent district and subdistrict boundaries, some aggregations had to be made. However, our
boundaries more or less correspond to departements, prefectures or states in the 1960s.
20
The largest city is not the capital city in Cameroon (Douala vs. Yaoundé) and Nigeria (Lagos vs. Abuja).
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effect of -0.23**. (exp(-0.23)-1)*100 = -21%. By then, the full Lake Chad had shrunk by
22%. This effects is more negative in 1988, at -0.41***, or -34%. The lake’s water level
had then collapsed by 91%. Thus, halving the distance from the lake is associated with a
34% relative decline in population. Alternatively, a one standard deviation in proximity
to the lake is associated with a 0.48 standard deviation decrease in log population.
The effects remain negative after 1990 (-0.33* in 2012, or -28%). However, one should
be cautions when interpreting the effects after 2009, since it marks the start of the
Boko Haram insurrection in Northeastern Nigeria. However, Blankespoor et al. (2020)
show that Boko Haram had an impact on night lights in 2009-2012 but did not affect
population levels by 2012. Our 2001 and 2012 estimates are also very similar, suggesting
a lack of recovery after the lake regained some of its past water levels.
Table 1 shows the results in table form except that we only report the effects c. 1990
(for the year 1988) and c. 2010 (2012), again relative to the year 1962. Results hold if we:
(i) Use the centroid of the full Lake Chad (centroid (2) in Fig. 5) instead of the centroid
within Niger (col. (2)); (ii) Include a dummy if the subdistrict contains the KomaduguYobe river, which we interact with year dummies (col. (3)). It is a small river that follows
the Niger-Nigeria border and flows into the lake. Its mean annual discharge rate has
remained stable around 15-20 m3 /s for most of the period, and no discontinuity can be
observed c. 1965 (Martinsson, 2010, Fig. 1.3). In comparison, the discharge rate for the
Logone-Chari in N’Djamena close to the lake was 1,400 m3 /s on average pre-1965, about
80 times more; (iii) We control for log mean annual rainfall and log mean temperature
in [t-2; t] and their square (col. (4)), in case some of the shrinkage was driven by local
climatic conditions; and (iv) Use 250 km instead of 100 km for the Conley SEs.
Our baseline specification compares population growth patterns for locations closer
vs. farther away from the lake, conditional on the fixed effects, district trends, and the
controls. It has the advantage of making us estimate only one coefficient per year.
However, it does not tell us how the effect varies with proximity to the lake.
We use model (1) but instead of having only one variable capturing proximity to
the lake we now employ three dummies based on the Euclidean distance between a
subdistrict’s centroid and the selected lake centroid (in this case, the centroid within
Niger’s territory). More specifically, we consider 0-150, 150-300 and 300-450 km:21

21

Were the subdistricts shaped like circles, their radius would be about 36-59 km. We cannot consider
bins that are too small (50 or 100km). Likewise, if the bins are too large (250), we may miss local effects.
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ln(T ot.P op.)s,t = α +

X
v

+

X

β150,v Lake0−150 × 1(v = t) +

X

β300,v Lake150−300 × 1(v = t)

v

β450,v Lake300−450 × 1(v = t) + λs + θt + Xs Bs,t + Districts ∗ t + µd,t

v

(2)
Col. (1) of Table 2 reports the interacted effects for the closest year to 1990 (1988) and
2010 (2012). We find strong negative effects within 150 km (c. 1990, (1-exp(-0.64))*100) =
47%). In 1990, the effect for the 150-300 km bin is as strong as the effect within 150 km.
However, in the long run, the 150-300 km effect is smaller. Finally, no effect is found
300-450 km away. Thus, the effect of the shock decreases with distance from the lake.
Cameroon. For Cameroon (113 subdistricts x 5 years = 565 obs.), we find similar effects
for eq. (1) (see Fig. 6(b)). Note that we use the centroid of the Lake Chad area that is
within Cameroon’s territory (centroid (3) in Fig. 5). The c. 1990 effect is -0.40***, or 33%.
Since we only have one pre-1965 year (1963), we cannot test for parallel trends.
Relying on districts instead, we add the year 1956 to the analysis (47 districts x 6 years
= 282 obs.). We then use the same specification as for the subdistrict analysis. Web
Appx. Fig. C.4 shows that people were, if anything, moving closer to the lake before 1965.
Thus, if there is a pre-trend, it implies that our estimates are conservative estimates.
Web Appx. Table C.1 shows that the subdistrict results hold if we use the centroid of
the full Lake Chad, include the climate controls, or use 250 km for the Conley SEs.
Col. (2) of Table 2 then reports the bin-specific effects for the closest year to 1990
(1987) and 2010 (2005). We find strong negative effects in the short and long run, and
the effects are particularly strong within 150 km (c. 1990, (1-exp(-1.22))*100) = 70%).
Chad. Chad, for which we have 138 subdistricts x 5 years = 690 obs., contains in its
territory portions of both the northern and southern pools of the lake. Due to the
Grande Barrière, the northern pool dried out. In contrast, some areas of the southern
pool were never completely dry, hence the need to study the effects for both pools.
Considering the centroid of the portion of the northern pool that is contained within
Chad’s territory (centroid (4) in Fig. 5), we find similar effects as before (see Fig. 6(c)). No
pre-trend is observed. The c. 1990 effect is then -0.54***, or 41%.22
22

Recall that population data c. 1965 uses data from the years 1962-1964 as a baseline. For about half of
the country, information from 1968 is also used, hence the need to include as a control a dummy if 1968
information was used to recreate subdistrict population, which we interact with year dummies.
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Web Appx. Table C.3 shows less negative effects if the lake centroid is defined using
the whole portion of the lake within Chad (centroid (5) in Fig. 5), or the portion
corresponding to the southern pool only (centroid (6)). If we simultaneously include
(-) log Euclidean distance to the northern and southern lake centroids, we only find
negative significant effects for the northern centroid. If anything, a positive but not
significant effect is observed for the southern centroid before 1990.
Next we utilize Lake Fitri as a placebo check of our analysis of the effects of Lake Chad
shrinking. The location of Lake Fitri can be seen in Figure 3. While Lake Fitri’s water
levels have changed over time, it has not shrunk like Lake Chad.23 Because Lake Fitri
provides households with similar livelihood possibilities as Lake Chad does, it provides
a good placebo test of whether the effects observed in Lake Chad are a consequence
of changes in lake-related economic activities instead of economic effects due to Lake
Chad only. However, no negative effect is found for Lake Fitri (see Web Appx. Table C.3).
We can also add a dummy for whether the subdistrict contains the Bahr el-Ghazal
– a dry riverbed that was before the 1940s an outflow river of the lake – interacted with
year dummies, include the climate controls, or use 250 km for the Conley SEs (Ibid.).
Finally, col. (3) of Table 2 reports the bin-specific effects for the closest year to 1990
(1993) and 2010 (2009). We find strong negative effects in the short and long run, and
the effects are particularly strong within 150 km (c. 1990, (1-exp(-0.82))*100) = 60%).
Nigeria.

For Nigeria (83 subdist. x 4 years = 332 obs.), we find similar effects

(see Fig. 6(d)). Note that we use the centroid of the lake area within Nigeria’s territory
(centroid (7) in Fig. 5). No pre-trend is observed. The c. 1990 effect is -0.63***, or 48%.
Web Appx. Table C.2 shows that results hold if we use the centroid of the full Lake
Chad, control for the presence of the small Komadugu-Yobe (inflow) river as we did for
Niger, include the climate controls, or use 250 km for the Conley SEs.
Col. (4) of Table 2 then reports the bin-specific effects for the closest year to 1990
(1991) and 2010 (2006). We find strong negative effects in the short and long run, and
the effects are particularly strong within 150 km (c. 1990, (1-exp(-1.16))*100) = 69%).
Overall. We find similar results in the four countries, which should assuage concerns
related to causality and/or measurement error. Figure 6(e) shows the percentage water
loss and the estimated relative population losses for the four countries (expressed in
23

According to Hughes et al. (1992), the lake is located in a seasonally inundated plain that is fed by the
Batha river that carries water all the way from the East of the country and the Ouaddai massif in particular.
The size of Lake Fitri thus depends on rainfall at the border between Chad and Sudan.
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percents as well). As seen, the average population loss c. 1990 and c. 2010 was 45% and
48%, respectively (average elasticity about -0.6). Excluding Nigeria the country with the
less reliable population data, we get 35-33% (average elasticity about -0.4).

5.

Effects on Cities and “Refugee” Urbanization

We showed how the shrinking of the lake negatively impacted total population levels in
the areas close to the lake. Since rural sectors were heavily reliant on the lake’s water, and
since the regions surrounding the lake were little urbanized in 1965, our interpretation
of the effects is that the effect was driven by rural decline, not urban decline.
To test this more formally, we examine how cities were impacted. Cities in the area
might have been negatively affected either directly, due to the fact that the lake was
used for commerce in a context of high road transportation costs and absent railroads,
or indirectly, because of the impact on the rural sector – via reduced fishing, farming
and cattle herding – which then impacted the urban sector via rural—urban linkages.
We call this scenario the “the rural disaster-led urban underdevelopment scenario.”
At the same time, if individuals see reduced economic opportunities in the rural
sector, they may transition to the urban sector. Cities grow because of a natural disaster.
We call this scenario the “the rural disaster-led urban development scenario.”
We use the same bin specification (2) as for our total population estimations except
the unit of analysis is a city, i.e. a locality of at least 5,000 inhabitants. We thus include
city fixed effects instead of subdistrict ones. We then restrict the analysis to the post1950 period, to consider the same period as for the total population analysis. Finally,
we consider two dependent variables: (i) the log of (city population + 1) in year t;24 and
(ii) a dummy equal to one if the city had already reached 5K by year t, respectively. As
before, we omit the latest year before 1965 (incl.) so the c. 1990 and c. 2010 effects are
estimated relative to the year just before the lake started shrinking.
As seen in Table 3, and unlike what was observed for total population, most of
the coefficients are positive, not negative. While some significant negative effects are
observed for Chad c. 1990 (col. (3)), it is not the case in the long run by 2010. If anything,
some positive coefficients are significant, indicating that cities grew close to the lake.
Likewise, if we focus on the extensive margin and the long run, we find effects that
are close to nil or positive, sometimes significantly so (Web Appx. Table C.4).
Finally, we employ the same panel-DiD model at the subdistrict level as for log total
24

If the locality’s population is less than 5,000, we replace it by 0.
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population but consider log rural population instead (defined as total population minus
city population, using the 5K threshold for Niger, Cameroon and Chad and the 10K
threshold for Nigeria). In that case, the effects of proximity to the lake are indeed very
negative and almost always significant (Web Appx. Table C.5). Thus, rural decline was
the main component of the total population decline close to the lake, and cities have
possibly acted as a safety valve sector for economic refugees from the lake area.

6.

Effects on Climate Conditions

90 percent of rainfall comes from the evaporation of oceans, seas, lakes and rivers
(USGS, 2021a). In warmer climates, lakes also have a cooling effect on their direct
environment (USGS, 2021b). Thus, when a large lake dries out, it may permanently
alter local climate conditions. Lake Chad is an endorheic lake, with 100% of its water
evaporating. Thus, its shrinkage may have contributed to local climate change.
For each subdistrict, we know annual rainfall (mm) and average monthly
temperature (Celsius) in each year (see Web Appx. Section A). Focusing on the post1950 period, we obtain for each subdistrict the mean of these measures in 13 five-year
periods: 1950-1954, 1955-1959 ... 2010-2014. We then use the same bin specification
as eq. 2 but use log mean annual rainfall or log mean monthly temperature as the
dependent variable (we replace year dummies by period dummies). We then interact
the three bin dummies with dummies for each period (omitting the interaction for 20102014). Table 4 then reports the difference between the average effect for the full 19801994 period and the average effect for the full 1950-1964 period. Doing so allows us to
capture longer run post-1965 changes in mean climatic conditions close to the lake.
As seen in Table 4, for rainfall we find effects that are close to nil or negative and
significant. In particular, the elasticity goes from about 0 to -0.34 (which is about -29%).
Thus, rainfall might have decreased by up to 30% closer to the lake. As expected, in
Cameroon and Chad, we find stronger effects for the subdistricts closest to the lake.
For temperature, we then find effects that are close to nil or positive and significant.
The elasticity goes from about 0 to 0.039 (which is about +4%). Thus, temperatures
might have increased by up to 4% closer to the lake. As expected, in Niger, Cameroon
and Chad, we find stronger effects for the subdistricts closest to the lake.
While we find the strongest rainfall effects for Chad, we find the strongest
temperature effects for Niger, a country for which we do not observe any rainfall effect.
Indeed, Niger was pre-1965 the country with the lowest level of rainfall. As such, it is
not surprising that the effect of the lake was through temperatures only. More generally,
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for the whole region the correlation between the changes in mean rainfall and mean
temperature is moderately weak at the subdistrict level. Thus, in the model analysis, we
will consider the effects of both lower rainfall and higher temperatures.

7.

Model: Welfare Effects of the Shrinkage of Lake Chad

In this section, we develop a quantitative spatial model to study the local and aggregate
welfare effects of the shrinkage of the lake and simulate the effects of policies.

7.1.

Quantitative Spatial Model

We assume that there is a discrete set N of different locations (subdistricts) indexed by
i and that workers operate in different sectors indexed by s. There are four different
sectors in the economy: a fishing sector, an agricultural sector, a livestock sector, and
an urban sector that captures both services and manufacturing. Following classic trade
models, consumers have preferences in an upper nest for sectors and in a lower nest for
varieties across locations. Moreover, consumers and firms face spatial frictions in terms
of iceberg trade costs. The utility function in location i takes the following form:

Ui = ij

Ti
δ

δ Y 
s

Cis
αs

αs
(3)

,

where αs is the expenditure share in goods from sector s and δ is the expenditure share
P
in land or housing. We impose that s αs + δ = 1, ij is an idiosyncratic shock that
determines whether people migrate or not to other areas. Finally, Cis is a CES aggregator
across locations that takes a standard CES form:

Cis =

X

σ−1
σ

σ
! σ−1

cjis

(4)

,

j

where cjis are the quantities of variety j and sector s produced in location j and
consumed in location i. In each location, there is a representative agent that supplies
one unit of labor and is the owner of a per capita unit of water and land. Then, the
indirect utility function takes the following form:

Vi =
where Pi =

Q

s

ui (wi + ri ti + qi w̃i )
,
Pi

Pisαs is the aggregate price index, Pis1−σ =

P

j

1−σ
pjis
and ti = Ti /Li and
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w̃i = Wi /Li is the number of land and water supply units per worker. Similarly, in each
location and sector, there is a representative firm that faces an iceberg trade cost to
move goods across locations. Each firm produces their own variety using the following
Cobb-Douglass technology:

Yjs = Ajs

Ljs
βs

βs 

Wjs
γs

γs 

Tjs
1 − βs − γs

1−βs −γs
,

(5)

where Ajs is the total factor productivity level, Ljs represents the number of efficiency
units, Wjs the amount of water consumed by firm j, and Tjs the amount of land
consumed, βs is the input factor share or output elasticity with respect to labor in sector
s, γs the output elasticity with respect to water supply, and 1−βs −γs the output elasticity
with respect to land. For the three primary sectors we assume constant returns to
scale. For the urban sector, we assume that there are additional agglomeration forces
Aju = Lµju , where µ captures the strength of external economies of scale. Then, as the
urban sector becomes larger, it also becomes more productive. Given this setting and
assuming perfect competition, the price of the good produced in location j and sold in
i is equal to its marginal cost. Then,

pjis

wjβs qjγs rj1−βs −γs τji
,
=
Ajs

where τ is the traditional iceberg trade cost of moving goods from location j to location
i, wj is the wage per efficiency unit of labor in location j, qj is the price of one unit
of water, and rj is the price of one unit land. Note that we are assuming perfectly
competitive input markets in which there are no frictions to reallocate across sectors.25
For the inputs supply, we assume perfectly inelastic supply curves in each one of the
input markets. Given this setting, the market clearing condition for each one of the
each input market in location j is given by the following expressions:

wj Lj =

X
s

25

βs

X
i

1−σ
pjis
P 1−σ αis Xi
l plis

(6)

This assumption can be easily relaxed in the model. Following Lagakos and Waugh (2013) and Galle
et al. (2021), we could assume an idiosyncratic shock drawn from an extreme value type distribution to
move across sectors
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qj W j =

X

γs

X

s

rj Tj =

X

i

(1 − βs − γs )

p1−σ
jis
P 1−σ αis Xi
l plis

X

s

i

1−σ
pjis
P 1−σ αis Xi + δXj
l plis

(7)

(8)

where Xi is the aggregate expenditure in location i. Imposing trade balances in the
model, aggregate expenditure is equal to aggregate income, then:

Xi = wi Li + qi Wi + ri Ti .
We assume that the idiosyncratic shock ij is drawn from a Nested Fréchet distribution
with shape parameter η and location parameter ui . The parameter η corresponds to the
migration elasticity, when η → ∞ we go back to the case in which workers are perfectly
mobile across districts. Then the real income measure is equalized across locations. On
the other hand, when µ → 1, the model replicates the specific factor model, and workers
do not migrate across regions. Agents also face iceberg migration costs dij when they
decide to migrate. From the properties of the Fréchet distribution, the share of people
that migrate from location i to location j after an economic shock is given by:
uj Vjη d−η
ij
λij = P
η −η
l ul Vl dil
where ui is an amenity parameter that captures how attractable a location is conditional
on real income. We model this amenity parameter as ui = ūi L−λ
i , where ūi is an
exogenous amenity parameter of location i, and λ is the strength of the congestion force
that prevents the multiplicity of equilibrium in the model. Then, the expected utility in
the economy is given by:
!! η1
Ū =

X X
i

ul Vlη d−η
il

.

l

By the properties of the production and utility functions and assuming that µ < δ + λ
(i.e., agglomeration forces are lower than dispersion forces), an equilibrium exists and
it is unique (Allen et al., 2015). The general equilibrium of the model is described by the
following vector of endogenous variables:
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x = {wi , qi , ri , Pis , Lis , Wis , Tis , TiH , Li },
given a set of exogenous parameters:
A = {Ajs , ūi , αis , βs , γs , δ, σs , µ, τij }
that solve the following system of equations: i) agents maximize their utility, ii) firms
optimize their choice of inputs, iii) the price indices take the CES form, and iv) the
market allocation solves the market clearing conditions from eq. 6 to eq. 8.
To calibrate the model, we use data c. 1965 in the four countries. Our quantification
solves the model before and after the shrinkage of the lake. This is thus a static model. In
our counterfactual we then compare two different steady states: The market allocation
in 1965 vs. what would have happened if the lake had not shrunk.26

7.2.

Calibration

We use different data sources to calibrate the parameters of the model.
Productivity scale parameters and initial endowments.

We calibrate total factor

productivity measures for the agricultural and livestock sector using information from
the FGGD Digital Atlas of the FAO and IIASA. The atlas estimates the suitability of
currently available land area for rainfed crops, using maximising crop and technology
mix as well as the suitability of currently available land for pasture. Using the data
at the pixel level, we construct average indexes of agricultural suitability and pastoral
suitability in each location, normalizing by the means in the aggregate data.
We assume that TFP is the same across locations for the fishing sector and normalize
this productivity measure to one. To generate variation across locations, we assume
a Heckscher-Ohlin mechanism in which the total fishing production depends on the
initial endowment of water in location i. To calibrate the amount of water, we assume
that the initial endowment relies on the lake’s size in location i plus the shoreline within
a radius of 20 km to the ocean.
For the urban sector, we calibrate its TFP by inverting the model using the population
living in cities larger than 5K c. 1965 for Cameroon, Chad and Niger, and 10K for Nigeria.
We then recover all the productivity scale parameters Ais .
26

We are working to add dynamics into the model using the framework from Desmet et al. (2018). The
main assumption is that iceberg migration costs only depend on the origin and destination. Then, the
authors transform the dynamic problem into a sequence of static decisions.
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Expenditure shares. The expenditure shares determine the preferences for goods. To
calculate the expenditure shares, we use aggregate expenditure tables for each country
in the 1960s and assume that αis do not vary across locations within the same country.
We aggregate these numbers at the country-sector level and calculate the expenditure
share for each country-sector. Appx. Table C.6 reports the shares that we use for each
country. We normalize these values such that the sum plus the expenditure share in
housing adds up to one. Note that Cameroon and Nigeria have higher preferences for
the fishing sector. As such, the shock could affect them more in terms of the price index.
Input factor shares. These shares govern the production function technologies. For the
factor intensities βs , and γs , we use aggregate data at the sector level from the World
Input Output Database (WIOD). In particular, WIOD reports the total labor payments
and value added at the country-sector level. Given that it is difficult to obtain this
information for Africa, we aggregate the information across countries and assume that
the production function is the same for each sector. For the fishing sector, we assume a
labor share of 0.25. Appx. Table C.7 reports the values that we use in the simulation.
Elasticities. For the main elasticities, we use the information from different studies.
Appx. Table C.8 shows the main parameters and the values assigned to them:
In particular, we assume a value of the migration elasticity of 2 based on the recent
evidence from Monte et al. (2018) in the US. For the trade elasticity, we use the estimates
from Simonovska and Waugh (2014), and for the congestion force, we simulate the
model considering three different values: 0, 0.12, and 0.32, which is the value obtained
by Desmet et al. (2018). For the agglomeration force, we assume a conservative value of
0.1 that previous studies have found (Ahlfeldt et al., 2015; Bartelme et al., 2019) in more
developed countries. However, the strength of urban agglomeration externalities can be
larger in developing countries.
Finally, to calculate the trade costs across locations, we follow the methodology from
Jedwab and Storeygard (2021b) that constructs a grid and assigns a different travel time
for each 0.1*0.1 degree cell (11*11 km). We include a boat transportation mode through
the lake to capture the fact that trade costs can increase due to the shrinkage of the
lake. Web Appx. Fig. C.5 plots the travel times distribution for the subdistricts within
300 km of the lake before and after the shock. We observe an increase in travel times
since economic agents now have to go around the lake by road.
Finally, we invert the model and recover an amenity distribution for each location by
matching the population observed in the data with the one predicted by the model. By
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construction, in terms of the population distribution, the model perfectly fits the data.

7.3.

Results

We run a counterfactual that considers separate sub-shocks due to the shock:
1. Trade costs increase since agents cannot transport goods through the lake and
need to go around the lake.
2. We model the shock reducing the water supply in each location j by matching the
satellite data. In 1965, there were thirteen subdistricts with access to the lake, and
in 2020 only three subdistricts still have access to the lake. There is a reduction in
the area of the lake of around 95%.
3. We also model a productivity shock in the agricultural and livestock sectors that
consist of four components:
(a) Productivity increases in the areas in which the lake dried out since land
becomes available and the average agricultural and pastoral suitabilities
of the affected subdistricts increases. For newly available land for which
suitability is not known (since FGGD does not report an estimate for the pixels
within the former lake areas), we assign to the affected pixels the value of the
closest cell that is outside the lake.
(b) Very close to the lake, productivity decreases by 50% for pixels within a 20
km range of the lake boundary. The idea is to capture the impact of losing
access to irrigation. Indeed, the World Bank reports that irrigation can double
productivity.27 We then use 20 km because irrigation is mostly small-scare in
the lake area, which limits how far land can be irrigated. With the shore of the
lake retreating, existing infrastructure became obsolete.
(c) Very close to the lake, productivity decreases in the livestock sector because
the highly productive Kuri cattle breed which had adapted to the area is
becoming extinct. Indeed, while there were 200,000 heads of Kuri cattle in
1972, there were only 10,000 heads left in 2002, implying an extinction rate of
95%. We know by how much productive it is in terms of milk production than
other types of cattle in the area, and thus estimate the average productivity
loss experienced by subdistricts that had Kuri cattle historically.
(d) Productivity decreases in both the agricultural and livestock sectors within a
450km range due to temperature increases and rainfall decreases. First of all,
27

See https://www.worldbank.org/en/topic/water-in-agriculture#1.
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from various studies, we know the relationship between the yields of the main
crops in the area – millet and sorghum – and temperatures as well as rainfall.
Second, we know the relationship between rainfall levels and the production
of biomass used to feed livestock. We also know the relationship between
temperature increases and body weight losses in the livestock sector. As we
showed before, we know the percentage decrease in rainfall and percentage
increase in temperature for each subdistrict within 450 km from the lake. We
then calculate the absolute change experienced by each subdistrict and the
corresponding decreases in productivities.
Figures 7 to 9 plot the distribution of the subshocks across locations. To model
the productivity changes, note that we sum up the different components instead of
interacting them. Indeed, we do know how the various subshocks interact.
Figure 7 shows the shock only for the agricultural shock. There is an important
loss in productivity for the areas that are close to the lake (see subfigure (e)). For
instance, productivity decreases on average by 25% for the areas close to the lake. There
is however one small location that experiences a considerable productivity gain since
the land becomes available. Yet, the land supply effect appears to be small overall.
Indeed, some of the land around the lake area is not so valuable. Indeed, many cells
do not see an increase in suitability, especially in Chad where the land is arid close to
the lake. Thus, when more land becomes available it does have in some subdistricts
only a moderate impact on land supply. In addition, many of the former lake areas
remain completely underdeveloped today, due to incomplete property rights, lacking
infrastructure, security issues, etc.
Similarly, figure 8 plots a heat map of the productivity shock for the livestock sector.
On average, in the areas that are close to the lake productivity decreases by around 20%.
There is an increase in one small location because pastoral suitability increases.
Finally, figure 9 plots the most important shock in the model, which is the reduction
of water in the fishing sector. As we can observe, ten subdistricts lose access to the
lake and experience losses of 100%, while the other three locations also experience a
productivity loss of around 80%.

7.4.

Counterfactuals

Table 5 reports the aggregate economic losses for different values of the agglomeration
and congestion forces. On average, welfare losses are around 2.0% for the simulation
in which workers can migrate across locations within the same country (see Panel
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A). Similar to Desmet et al. (2018), we find more significant losses – around 5% – in
the counterfactual in which workers can not migrate across locations (see Panel C).
However, we also find slightly larger economic losses for the counterfactual in which
workers can migrate across all locations in all countries (see Panel B; 2.6% vs. 2.0% in
the case where there is migration only within countries). One potential explanation for
this result is that when workers migrate to other regions, they end up working in the
agricultural and livestock sectors rather than in cities, which increases the economic
losses. Indeed, some of the agglomeration effects are not realized when some agents
migrate to other rural areas instead of urban areas. The table also shows that the effects
are robust for different values of these parameters. The loss is then only slightly smaller
with higher agglomeration elasticities and lower values of the congestion force.
Figure 10 plots the change in welfare by subdistrict in our baseline counterfactual.
Panel (a) shows the results for the case in which workers can migrate within countries,
panel (b) the case in which there is free migration across countries too, and panel (c) the
case in which workers cannot migrate. Overall, the map shows that the subdistricts in
which the lake shrunk are the areas where economic losses are the largest. For instance,
some of these regions experienced losses larger than 50% in terms of real income.
Similarly, we can observe that Chad and Niger are the most impacted countries, while
some regions closer to the sea in Nigeria and Cameroon experience some positive gains.
Moreover, the subdistrict of Makari that still has access to the lake after the shock also
experiences positive gains (in blue close to the lake).
When we compare the three maps, the results suggest that in the cases of freer
migration the spatial distribution is more heterogeneous. For example, some of the
areas closer to the lake experience losses of around 90% in terms of real income. We
can also observe that the losses are larger for Chad when there is only migration within
countries since more people will migrate to the regions in the north-east.
Figure 11 plots the changes in population across subdistricts after the shock. Panel
(a) shows the results for the case in which there is only migration within countries,
and panel (b) for the simulation in which there is free migration. We can observe that
the two counterfactuals lead to different patterns. In the case in which there is only
migration within countries, most of the population affected by the shock will migrate to
the eastern regions of Chad. While in the case in which workers can migrate freely across
countries, most of the population will reallocate to the areas in Nigeria and Cameroon
that are closest to the sea, and even some of the population of Chad that did not directly
experience the shock directly will migrate to these countries.
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Overall, the results suggest significant economic losses because of the shock.
While the biggest losers are the areas close to the lake, most subdistricts experienced
economic losses in terms of real income. Nonetheless, a few subdistricts in coastal
Nigeria and Cameroon experienced some positive gains.

Similarly, there is huge

heterogeneity in the welfare impacts of the shock, which suggests that climate cgange
may increase real income inequality across locations. In the next section, we link the
model to the reduced form estimates of the paper.

7.5.

Population Elasticities

In a future draft of the paper, we plan to measure the fit of the model using different
moments of the data. So far, we have compared the results of the model with the
reduced form estimates of the first part of the paper. In particular, using simulated data
from the model, we estimate the following specification:
∆ ln yi = γ0 + β1 · (− ln disti ) + γc(i) + i ,

(9)

where ∆ ln yi corresponds to the change in population of subdistrict i after the shock,
disti is distance to the lake, and γc(i) are country fixed effects. Our parameter of interest
is β1 . This regression replicates the panel-DiD specification from the empirical section.
One important caveat is that the model assumes full employment and that the aggregate
population is fixed. Thus, we would not capture changes in mortality rates due to the
shock. Furthermore, there are other effects that might have taken place in real life and
which are not included in our model. For example, the income losses around the lake
may have caused conflict, which may have in turn further reduced incomes. Because of
this, we expect to obtain smaller coefficients in the regression that uses simulated data.
Table 7 reports the results. On average, we find an elasticity of population with
respect to the lake distance of around 0.23. This coefficient is indeed smaller than the
one found in the empirical section (we had found about 0.4 when excluding Nigeria for
which censuses are much less reliable). However, the model replicates well the fact that
locations close to the lake experienced larger losses.
In future versions of the paper, we plan to estimate some model parameters by
an indirect inference approach in which we relate the point estimates obtained in
the model with the ones from the data. For instance, we can estimate the migration
elasticity using this procedure. Similarly, in the empirical section, we plan to decompose
the effect on population into a migration vs. mortality rate effect in order to match the
same coefficient between the model and the data.
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7.6.

Other Policies

We also estimate the effect of government interventions that might have mitigated the
impact of the shock. In particular, we focus on the role of infrastructure investments
given recent work in this literature.28 We analyze three different interventions:
1. We pave the twenty 0.1x0.1◦ (11x11 km) unpaved cells closest to the lake.
2. We pave the twenty unpaved cells closest to the lake and that are located on the
main road that eventually leads to the largest city.29
3. We pave the twenty unpaved cells closest to the largest city in each country.
Appx. Fig. C.6 shows the investments under the second scenario, and Table 6 reports
the aggregate welfare effects for different values of the agglomeration elasticity. Overall,
the results suggest that these investments would mitigate the effect in a negligible way.
For instance, in our baseline simulation, the economic losses are around 2%. Having
said that, when we compare the different interventions, we find that the second scenario
(better connecting the lake to the largest city) will mitigate the negative impacts more.
Figure 12 shows the distributional effects across subdistricts.30

While at the

aggregate level, road investments generate only slightly smaller economic losses, at the
local level they can help the communities more affected by the shock. For instance, the
losses and gains are more equally distributed in panel (a) and panel (b), in which the
Government favors the lake’s communities. On the contrary, in panel (c), the losses are
concentrated in the regions affected by the shock.

8.

Conclusion and Policy Discussion

Despite an extensive literature on the economic consequences of climate change, the
past economic effects of climate change as defined by the IPCC, and diminishing lakes
in particular, have to our knowledge not been widely investigated.
We thus focused on Lake Chad, a vast African lake that lost 90% of its surface area
between 1965 and 1990. For Cameroon, Chad, Niger and Nigeria, we constructed a
novel data set tracking total and city population patterns at a fine spatial level from the
1940s to the 2010s. We then exploited a difference-in-difference strategy to estimate the
28

Balboni (2019) measures the misallocation of infrastructure due to global warming in Vietnam.
These potential investments are obtained by selecting unpaved segments of “transcontinental” or
“important” roads according to the Michelin road maps of the four countries in 1965.
30
We assume as in our baseline that there is only migration within countries.
29
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effects of the lake’s shrinking on nearby communities. We found slower total population
growth in the proximity of the lake, but only after it started shrinking. We did not find
evidence for population recovery in the long run. We also found in many cases positive
effects on the lake shrinking on city population growth nearby, which suggested that
climate change might have induced “refugee” urbanization locally.
We then used a quantitative spatial model to show that the shrinkage of the lake had
large negative local and aggregate welfare effects. We then used the model to discuss
the effects of various policies related to migration and road investments.
More generally, while our work cannot fully answer the question of how governments
should respond to climate change, and shrinking lakes in particular, our results suggest
that such natural disasters could have permanent negative localized economic effects
in poor agrarian countries. In such countries, rural decline is likely to accelerate
structural change and urbanization, in some cases locally. Unless governments and the
international community find ways to reverse changes due to such natural disasters,
which in this case could imply diverting other rivers regionally or stopping climate
change globally, the shrinkage of lakes is likely to increase already existing pressures
on cities. Factors that increase the absorptive capacity of their labor and housing
markets might then help mitigate the economic impact of lake shrinkages. Finally, an
important policy question is how much should governments invest in infrastructure
in disaster-prone areas, for example in roads that would connect these areas to less
exposed locations. Future versions of the paper will attempt to better analyse the effects
of various policies that governments could implement in similar contexts.
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Climatique du Lac Tchad,” 2015.
Conte, Bruno, Climate change and migration: the case of Africa, Mimeo, Universita di Bologna.,
2021.
, Klaus Desmet, David Krisztian Nagy, and Esteban Rossi-Hansberg, “Local Sectoral
Specialization in a Warming World,” CEPR Discussion Papers 15491, C.E.P.R. Discussion
Papers November 2020.
Dell, Melissa, Benjamin F Jones, and Benjamin A Olken, “Temperature shocks and economic
growth: Evidence from the last half century,” American Economic Journal: Macroeconomics,
2012, 4 (3), 66–95.
, , and , “What do we learn from the weather? The new climate-economy literature,”
Journal of Economic Literature, 2014, 52 (3), 740–98.
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Figure 1: Evolution of Lake Chad, Aerial Photographs, 1960s-2010s
(a) 1963 (Full Lake Phase)

(b) 1976 (Shrinking Lake Chad Phase)

(c) 1987 (Shrinking Lake Chad Phase)

(d) 2013 (Slightly Recovering Lake Chad Phase)

Notes: This figure shows the evolution of Lake Chad from 1963 (full Lake Chad) to 2013 (permanently
shrunk Lake Chad). Sources: (i) 1963 - USGS EROS Archive - Declassified Data - Declassified Satellite
Imagery – 1; (ii) 1976 – The photo covers the period 02-11-76 / 02-13-76 and comes from the Landsat
1-5 MSS C2 L1 data set; (iii) 1987 - The photo covers the period 01-31-87 / 02-09-87 and comes from the
Landsat 4-5 TM C2 L1 data set; and (iv) 2013 - The photos covers the period 05-14-13 / 05-23-13 and
comes from the Landsat 8 OLI/TIRS C2 L1 data set. All cited data courtesy of the U.S. Geological Survey.
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Figure 2: Evolution of Lake Chad’s Total Surface Water Area (Sq Km), 1950-2020

Notes: See Web Data Appendix Section A for details on the sources.

Figure 3: Location of Lake Chad and Subdistrict Boundaries for the Countries of Study

Notes: This figure shows the subdistrict boundaries for the four countries of study for the period c. 1950s2010s. Cameroon, Chad, Niger and Nigeria are divided into 113, 138, 119 and 83 subdistricts, respectively
(453 in total). We show the location of the capital (and most populated city) of Niger (Niamey) and Chad
(N’Djamena). For Cameroon and Nigeria, we show their capital city (Yaounde and Abuja) and largest city
(Douala and Lagos), respectively. Finally, we indicate the location of Lake Fitri (Chad).
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Figure 4: Rivers of the Chari-Logone River System Feeding Lake Chad

Notes: The Chari and Logone rivers provide almost all of Lake Chad’s water. We show in bold the main
rivers of the Logone-Chari system. We also show for selected upstream sites of the Logone-Chari river
system the absolute change in the average of the mean flow rate (m3 /s) between the period 1950-1964
and the period 1965-1980. See Web Data Appendix Section A for details on the sources.

Figure 5: Location of the Selected Country-Specific Centroids of Lake Chad

Notes: This figure shows the full (pre-1965) and small (c. 1990 and c. 2020) Lake Chad as well as the
centroids of Lake Chad that we consider for each of the four countries of study.
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Figure 6: Relative Total Population Effect of Proximity to Lake Chad, 1940s-2010s
(a) Niger Subdistricts (1951-2017; N=119)

(c) Chad Subdistricts (1948-2009; N=138)

(b) Cameroon Subdistricts (1963-2005; N=113)

(d) Nigeria Subdistricts (1952-2006; N=83)

(e) Water Loss & Percentage Relative Loss in Pop.

Notes: Subfig. (a)-(d) show for each country the relative total population effects of proximity to Lake
Chad (relative to the omitted year shown at left). Obs.: Niger (1951-2017): 119 subdist. x 17 yrs = 2,023.
Cameroon (1963-2005): 113 subdist. x 5 yrs = 565. Chad (1948-2009): 138 subdist. x 5 yrs = 690. Nigeria
(1952-2006): 83 subdist. x 4 yrs = 332. We include subdistrict and year FE, district-specific linear trends,
and time-invariant controls interacted with year FE: log Euclidean distances to the largest and capital
cities and their square, latitude, and two dummies for whether the subdistrict contains major or minor
rivers of the Logone-Chari river system. 90% confidence intervals (Conley SEs 100 Km). The dashed
vertical lines show the years the lake started to decline (c. 1965) and recover (c. 1990). Subfig. (e) plots the
water level loss in each year and the percentage pop. loss in 1967-2012 (relative to pre-1965 year).
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Figure 7: Shock and Subshocks for the Agricultural Sector

(a) Land Supply Shock

(b) Temperature Shock

(c) Rainfall Shock

(d) Irrigation Shock

(e) Aggregate Shock ((a) + (b) + (c) + (d))
Notes: This figure plots the productivity shock in the agricultural sector across locations. Panel (a) shows
the positive productivity shock due to land becoming available, panel (b) the negative shock due to
increasing temperatures, panel (c) the negative shock due to lower rainfall, panel (d) the negative shock
outside due to irrigation, and panel (e) the aggregate shock after summing them up.
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Figure 8: Shock and Subshocks for the Livestock Sector

(a) Land Supply Shock

(b) Temperature shock

(c) Rainfall shock

(d) Extinction of Kuri Breed

(e) Aggregate shock ((a) + (b) + (c) + (d))
Notes: This figure plots the productivity shock in the livestock sector across locations. Panel (a) shows the
positive productivity shock due to land becoming available, panel (b) the negative shock due to increasing
temperatures, panel (c) the negative shock due to lower rainfall, panel (d) the negative shock due to the
extinction of the Kuri cattle breed, and panel (e) the aggregate shock after summing them up.
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Figure 9: Shock in the Fishing Sector

Notes: This figure plots the shock in the fishing sector across locations. The shock takes the form of
reduced water supply. We match the water that is available using satellite data (see Figure 5).

Figure 10: Spatial Distribution: % ∆ Welfare

(a) Migration within Countries Only

(b) Free Migration (across Countries too)

(c) No Migration across Subdistricts
Notes: This figure plots the change in welfare across subdistricts after the shock. (a) plots the results for
the case in which there is migration within countries only, (b) for the case in which there is free migration
(across countries too), and (c) for the case in which workers cannot migrate across subdistricts.
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Figure 11: Spatial Distribution: % ∆ Total Population

(a) Migration within Countries Only

(b) Free Migration (across Countries too)

Notes: This figure plots the change in population across subdistricts after the shock. (a) considers the
case in which there is migration within countries only, and (b) the case in which there is free migration.

Figure 12: Spatial Distribution: % ∆ Welfare - Effects of Paving 20 Unpaved Cells

(a) Cells Closest to the Lake

(b) Cells to Connect the Lake to the Largest City

(c) Cells Closest to the Largest City
Notes: This figure plots the changes in welfare across subdistricts for a counterfactual in which we
simulate the shock and government interventions. (a) plots the results for the case in which the
Government paves 20 unpaved cells closest to the lake. In (b), it paves 20 unpaved cells that connect
the lake to the largest city. In (c), it paves 20 unpaved cells closest to the largest city.
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Table 1: Effect of Proximity to the Lake, Total Population, Niger 1950s-2010s
Dependent Variable:

Log Subdistrict Population in Year t

Test:

Baseline

Full Lake
Centroid

Other Inflow
River Control

Climate
Controls

Conley SE
250 Km

(1)

(2)

(3)

(4)

(5)

-0.41***
[0.11]
-0.33*
[0.19]

-0.59***
[0.17]
-0.52*
[0.29]

-0.48**
[0.21]
-0.38
[0.37]

-0.42***
[0.11]
-0.31*
[0.18]

-0.41***
[0.08]
-0.33**
[0.16]

Y
Y

Y
Y

Y
Y

Y
Y

Y
Y

(Relative to the Omitted Year = 1962)
Proximity to Lake (log)*c.1990 (t = 1988)
Proximity to Lake (log)*c.2010 (t = 2012)
Subdistrict (119) FE, Year (17) FE
District (31) Trends, Controls

Notes: 119 subdist. x 17 years (1951-2017) = 2,023 obs. For each subdistrict centroid, Proximity to Lake (log)
is the negative of the log Euclidean distance to the selected lake centroid. We only report the estimated
coefficients for the closest years to the year 1990 and the year 2010. Except in col. (2), the lake centroid
that we use is the centroid of Lake Chad within Niger’s territory (see Figure 5). Col. (2): We use the centroid
of the full lake. Col. (3): We add a dummy if the subdistrict contains the Komadugu-Yobe river, which we
then interact with year FE. Col. (4): We control for the log of mean annual rainfall and the log of mean
temperature in the period [t-2; t]. In addition to the district-specific linear trends, we include the following
time-invariant controls which we interact with year FE: log Euclidean distance to the largest/capital city
(Niamey) and its square, and latitude. Conley SEs 100 Km (except in col. (5) where we use 250 km).

Table 2: Effect of Proximity to the Lake, Total Population, Distance Bins
Dependent Variable:
Country:
Omitted Year = Early 1960s
Lake 0-150 Km*c.1990
Lake 150-300 Km*c.1990
Lake 300-450 Km*c.1990
Lake 0-150 Km*c.2010
Lake 150-300 Km*c.2010
Lake 300-450 Km*c.2010
Subdistrict FE, Year FE
District Trends, Controls

Log Subdistrict Population in Year t
Niger

Cameroon

Chad

Nigeria

(1)

(2)

(3)

(4)

-0.64***
[0.08]
-0.60***
[0.08]
-0.07
[0.05]

-1.22***
[0.23]
-0.85***
[0.13]
-0.88***
[0.13]

-0.82*
[0.44]
-0.19
[0.27]
0.00
[0.16]

-1.16***
[0.20]
-1.01***
[0.15]
-0.41***
[0.10]

-0.63***
[0.15]
-0.42***
[0.09]
-0.05
[0.08]

-1.41***
[0.27]
-0.98***
[0.09]
-1.08***
[0.06]

-0.99***
[0.29]
-0.96***
[0.24]
0.02
[0.02]

-1.54***
[0.24]
-1.23***
[0.20]
-0.53***
[0.11]

Y
Y

Y
Y

Y
Y

Y
Y

Notes: Obs.: Niger (1951-2017): 119 subdist. x 17 yrs = 2,023. Cameroon (1963-2005): 113 subdist. x 5
yrs = 565. Chad (1948-2009): 138 subdist. x 5 yrs = 690. Nigeria (1952-2006): 83 subdist. x 4 yrs = 332.
We omit 1962, 1963, 1965 and 1963, respectively. We include subdistrict and year FE, district-specific
linear trends, and time-invariant controls interacted with year FE: log Euclidean distances to the
largest and capital cities and their square, latitude, and two dummies for whether the subdistrict
contains major or minor rivers of the Logone-Chari river system. We report the interacted effects
c. 1990 (1988, 1987, 1993, 1991) and 2010 (2012, 2005, 2009, 2006). Conley SEs (100 Km).
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Table 3: Effect of Proximity to the Lake, City Population, Flexible Specification
Dependent Variable:
Country:
Omitted Year = Early 60s
0-150 Km*ca.1990
150-300 Km*ca.1990
300-450 Km*ca.1990
0-150 Km*ca.2010
150-300 Km*ca.2010
300-450 Km*ca.2010
City FE, Year FE
District Trends, Controls

Log (City Population + 1) in Year t
(City Population = Population if ≥ 5,000 (Nigeria = 10,000))
Niger

Cameroon

Chad

Nigeria

(1)

(2)

(3)

(4)

4.09***
[1.37]
2.37**
[1.05]
1.78**
[0.83]
0.68
[1.95]
0.23
[1.63]
1.57**
[0.71]

3.65**
[1.54]
0.79
[0.93]
0.34
[1.76]
0.00
[0.00]
0.65***
[0.22]
2.03**
[0.88]

-4.41***
[1.52]
-3.53
[2.55]
-2.51***
[0.56]
-0.16
[2.84]
3.21
[3.12]
2.07
[2.03]

0.17
[1.13]
1.16
[1.08]
-0.64
[0.95]
3.07***
[0.45]
1.78***
[0.56]
-0.52
[0.46]

Y
Y

Y
Y

Y
Y

Y
Y

Notes: Obs.: Niger: 166 cities x 17 Yrs = 2,822. Cameroon: 179 cities x 18 Yrs = 3,222. Chad: 100 cities x
12 Yrs = 1,200. Nigeria: 1,340 cities x 8 Yrs = 10,720. We omit 1965, 1965, 1964, and 1960, respectively.
We report the effects c. 1990 (1988, 1987, 1993, 1990) and 2010 (2012, 2005, 2009, 2010). We include
city and year FE, district-specific linear trends, and time-invariant controls interacted with year FE: log
Euclidean distances to the largest and capital cities and their square, latitude, and two dummies for
whether the subdistrict contains major or minor rivers of the Logone-Chari system. Conley SEs 100 Km.

Table 4: Effect of Proximity to the Lake, Local Climate Change, Flexible Specification
Country:
Benchmark = 1950-1964

Niger

Cameroon

Chad

Nigeria

(1)

(2)

(3)

(4)

Dependent Variable:

Log Mean Annual Rainfall (mm) in the Subdistrict in Period t

0-150 Km*(1980-1994)

-0.01
[0.03]
0.02
[0.04]
-0.03
[0.02]

150-300 Km*(1980-1994)
300-450 Km*(1980-1994)
Dependent Variable:
0-150 Km*(1980-1994)
150-300 Km*(1980-1994)
300-450 Km*(1980-1994)
Subdistrict FE, Period FE
District Trends, Controls

-0.29***
[0.02]
-0.07***
[0.02]
-0.07***
[0.02]

-0.34***
[0.05]
-0.29***
[0.05]
-0.10***
[0.03]

0.00
[0.04]
-0.08**
[0.03]
-0.04
[0.05]

Log Mean Monthly Temperature (Celsius) in the Subdistrict in Period t
0.028***
[0.002]
0.017***
[0.002]
0.001
[0.001]

0.039***
[0.006]
0.018***
[0.006]
0.008
[0.005]

0.012***
[0.005]
0.006
[0.005]
0.001
[0.004]

0.000
[0.004]
0.008**
[0.003]
0.002
[0.003]

Y
Y

Y
Y

Y
Y

Y
Y

Notes: Obs.: Niger: 119 Subdist. x 13 Periods = 1,547. Cameroon: 179 Subdist. x 13 Periods = 3,222. Chad:
100 Subdist. x 13 Periods = 1,200. Nigeria: 1,340 Subdist. x 13 Periods = 10,720. We report the difference
between the average effect for the periods 1980-1984, 1985-1989 and 1990-1994 and the average effect
for the periods 1950-1954, 1955-1959 and 1960-1964 (omitted = 2010-2014). Conley SEs 100 Km.
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Table 5: Aggregate Economic Losses
Panel A: Migration within countries only
Aglomeration force/Congestion force λ = 0.32 λ = 0.12
γ = 0.2
-1.98%
-1.95%
γ = 0.1
-2.04%
-2.01%
γ = 0.05
-2.01%
-2.03%
Panel B: Migration across all locations

λ=0
-1.93%
-1.99%
-2.01%

Aglomeration force/Congestion force λ = 0.32 λ = 0.12
γ = 0.2
-2.54%
-2.51%
γ = 0.1
-2.60%
-2.57%
γ = 0.05
-2.63%
-2.59%
Panel C: No migration

λ=0
-2.48%
-2.54%
-2.56%

Aglomeration force/Congestion force λ = 0.32 λ = 0.12
γ = 0.2
-4.77%
-5.39%
γ = 0.1
-4.89%
-5.58%
γ = 0.05
-4.94%
-5.66%

λ=0
-5.51%
-5.74%
-5.84%

Notes: This table reports the aggregate economic losses in which we simulate the shock of the Lake Chad
drought. Panel A shows the results when there is migration across locations within countries, panel B
for the case in which workers can migrate across all locations, including countries, and panel C for the
counterfactual in which workers cannot migrate across subdistricts at all.

Table 6: Effects of Road Infrastructure Investments
Infrastructure Investment
(Paving 20 Unpaved Cells)

Economic Losses (%)
(1)
(2)
(3)
µ = 0.05 µ = 0.1 µ = 0.2
Closest to the Lake
1.958% 1.935% 1.879%
Connecting the Lake to the Largest City 1.951% 1.929% 1.875%
Closest to the Largest City
1.981% 1.958% 1.901%
Notes: This table reports the results from the counterfactuals in which we shrink the Lake and additionally
pave different cells to calculate the iceberg trade costs across areas. The first column shows the results
when the urban agglomeration externality is 0.05, the second when it is 0.1, and the third when it is 0.2.
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Table 7: Reduced-Form Effects of Proximity to the Lake - Simulated Data

VARIABLES

(1)
∆ ln Welf

(2)
∆ ln Welf

(3)
∆ ln Pop

(4)
∆ ln Pop

Panel A: Migration within countries only
- log dist. to lake

Observations
R-squared

-0.137***
(0.007)

-0.116***
(0.007)

-0.214***
(0.014)

-0.232***
(0.015)

453
0.434

453
0.512

453
0.346

453
0.362

Panel B: Free migration
- log dist. to lake

Observations
R-squared

-0.122***
(0.007)

-0.115***
(0.007)

-0.244***
(0.014)

-0.230***
(0.015)

453
0.410

453
0.423

453
0.410

453
0.423

Panel C: No migration
- log dist. to lake

Country FE
Observations

-0.242***
(0.014)

-0.228***
(0.015)

0.000
(0.000)

0.000
(0.000)

453

X
453

453

X
453

Notes: This table reports the results from a regression in which we relate the change in welfare and
population to the distance to the lake using simulated data from the model. Panel (a) reports the results
for the case in which there is migration within countries, panel (b) for the case in which there is migration
across locations, and panel (c) for the case in which there is no migration. ***p<0.01, **p<0.05, *p<0.1.
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WEB APPENDIX NOT FOR PUBLICATION

A

Web Data Appendix - Climate Change

Total surface water area. Total surface water area (sq km) over time was obtained from
combining the following main sources: Olivry et al. (1996), Sédick (n.d.), FAO (2009),
Comission du Bassin du Lac Tchad (2015), Okpara et al. (2016), and Ighobor (2019).
Logone-Chari River System. The GIS shapefile of the “main rivers” of the Logone-Chari
system was obtained from the Landscape Portal. The shapefile for the “other streams”
of the system was obtained from FAO/GeoNetwork. The water flow data for various sites
of the system was obtained from DE/FIH/GRDC & UNESCO/IHP.31
Temperature & Rainfall. We use the Terrestrial Air Temperature and Precipitation:
Monthly & Annual Time Series (1900-2017) V5.01 of Willmott and Matsuura (2001, 2021).

B

More Details on the Logone-Chari River System

Rainfall in the Central African Republic (CAR). While the whole region has been
impacted by climate change and declining rainfall, it is the decline of rainfall in the
Northern mountainous areas of the CAR that is primarily responsible for the decline
in the discharge rate of the Chari and Logone rivers and the lake’s water level loss TBC.
Indeed, as can be seen in the left panel of Web Appx. Fig. C.1, mean annual rainfall (mm)
was before 1965 stable in the Northern areas of CAR that correspond to the LogoneChari river system. We then observe a significant decline starting in 1965 (about 200
mm on average in 1965-1989). Little recovery is observed after 1990. The right panel
then shows for the four countries of study considered altogether – Cameroon, Chad,
Niger and Nigeria – the patterns for the subdistricts closest to the lake (we consider the
subdistricts below the country-specific median distance to the lake).
Evoluation of Discharge Rates. TBC

C

Web Data Appendix - Population and Road Data

TBC

31

Global Runoff Data Center/Federal Institute of Hydrology/Germany, International Hydrological
Programme/United Nations Educational/Scientific and Cultural Organization, and Unaffiliated
Individual/Byron Bodo. 1985. Monthly Flow Rates of World Rivers (except former Soviet Union). Research
Data Archive at the National Center for Atmospheric Research, Computational and Information Systems
Laboratory. https://doi.org/10.5065/D6571974. Accessed 11-15-2021.
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C. Web Appendix Figures and Tables
Figure C.1: Mean Annual Rainfall (mm) in 1950-2015
(a) Central African Republic: Areas of the LogoneChari River System that Feed Lake Chad’s Water

(b) Four Countries of Study: Subdistricts Below
the Country-Specific Median Distance to the Lake

Notes: The figures show mean annual rainfall (mm) in each year t: (a) for the areas of the Central African
Republic located within 10km of any of the major or minor river of the Logone-Chari river system; and
(b) for the subdistricts whose Euclidean distance to the lake is below the median Euclidean distance to
the lake in the sample in each country. See Web Data Appendix Section A for details on the sources.

Figure C.2: Chari-Logone River System Feeding Lake Chad, Including Minor Rivers

Notes: The Chari and Logone rivers provide almost all of Lake Chad’s water. We show in bold the main
rivers of the Logone-Chari system. In grey, we show other streams associated with the Logone-Chari
system. See Web Data Appendix Section A for details on the sources.
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Figure C.3: Mean Annual Flow Rate (mm) at Various Sites, 1940s-1980s
(a) N’Djamena (Logone + Chari)

(b) Bongor (Logone) vs. Bousso (Chari)

(c) Upstream Sites of Bongor (Logone)

(d) Upstream Sites of Bousso (Chari)

(e) Location of the Sites

Notes: The figures show the mean flow rate (m3 /s) for selected sites of the Logone-Chari river system and
for each year with available data and focusing on the 1940s-1980s. We also report the average of the mean
rates for each site and each period 1940-1964 and 1964-1990 (for figures (b), (c) and (d), we focus on 19641980 due to lack of data in the 1980s). Figure (e) shows the main rivers of the Logone-Chari river system
and the location of the sites. See Web Data Appendix Section A for details on the sources.
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Figure C.4: Relative Population Effect of Proximity to Lake Chad, Cameroon, Pre-Trends
(a) Cameroon Subdistricts (N=113) (1963-2005)

(b) Cameroon Districts (N=47) (1956-2005)

Notes: Subfigure (a) shows for Cameroonian subdistricts the relative total population effects of proximity
to Lake Chad (omitted year = 1963). Subdistrict sample (1963-2005): 113 subdist. x 5 yrs = 565. We include
subdistrict and year FE, district-specific linear trends, and time-invariant controls interacted with year
FE: log Euclidean distances to the largest and capital cities and their square, latitude, and two dummies
for whether the subdistrict contains major or minor rivers of the Logone-Chari river system. Subfigure (b)
shows for Cameroonian districts the relative total population effects of proximity to Lake Chad (omitted
year = 1963). District sample (1956-2005): 47 dist. x 6 yrs = 282. We include district and year FE, districtspecific linear trends, and the time-invariant controls interacted with year FE. With district trends, the
district-level effect for the year 2005 is not estimated. The dashed vertical lines show the years the lake
started to decline (c. 1965) and recover (c. 1990). 90% confidence intervals (Conley SEs 100 Km).

Figure C.5: Travel Time Distribution: Locations Close to the Lake

Notes: This figure plots the travel time distribution using the methodology from Jedwab and Storeygard
(2021b) for the subdistricts close to the lake. We assign a speed of 10 kph if a boat transport goods
through the lake, and 3 kph in the areas in which the lake disappeared (we use 3 kph, below the typical
walking speed, because it is more difficult to walk in such areas, as they tend to be marshy).
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Figure C.6: Road Investments when Connecting the Lake to the Largest City

(a) Cameroon

(b) Chad

(c) Niger

(d) Nigeria

Notes: This figure plots the infrastructure investment under scenario 2. We pave the 20 unpaved cells
closest to the lake and belonging to the main road connecting the lake to the largest city. (a) shows the
cells that are paved for Cameroon, (b) for Chad, (c) for Niger, and (d) for Nigeria.
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Table C.1: Effect of Proximity to the Lake, Total Population, Cameroon 1960s-2010s
Dependent Variable:
Test:

(Relative to the Omitted Year = 1963)
Proximity to Lake (log)*c.1990 (t = 1987)
Proximity to Lake (log)*c.2010 (t = 2005)
Subdistrict (113) FE, Year (5) FE
District (47) Trends, Controls

Log Subdistrict Population in Year t
Baseline

Full Lake

Climate

Conley SE

Centroid

Controls

250 Km

(1)

(2)

(3)

(4)

-0.40***
[0.14]
-0.36**
[0.16]

-0.80***
[0.27]
-0.72**
[0.34]

-0.72***
[0.20]
-0.40**
[0.16]

-0.40**
[0.18]
-0.36**
[0.17]

Y
Y

Y
Y

Y
Y

Y
Y

Notes: 113 subdistricts x 5 years (1963-2005) = 563 obs. For each subdistrict centroid, Proximity to Lake
(log) is the negative of the log Euclidean distance to the selected lake centroid. We only report the
estimated coefficients for the closest years to the year 1990 and the year 2010. Except in col. (2), the
lake centroid that we use is the centroid of Lake Chad within Cameroon’s territory (see Figure 5). Col. (2):
We use the centroid of the full lake. Col. (3): We control for the log of mean annual rainfall and the log of
mean temperature in the period [t-2; t]. In addition to the district-specific linear trends, we include the
following time-invariant controls which we interact with year FE: log Euclidean distances to the largest
city (Douala) and capital city (Yaoundé) and their square, latitude, a dummy if the subdistrict contains
a major of the Logone-Chari river system, and a dummy if the subdistrict contains a minor river of the
Logone-Chari river system. Conley SEs 100 Km (except in col. (4) where we use 250 km).

Table C.2: Effect of Proximity to the Lake, Total Population, Nigeria 1950s-2010s
Dependent Variable:
Test:

(Relative to the Omitted Year = 1963)
Proximity to Lake (log)*c.1990 (t = 1991)
Proximity to Lake (log)*c.2010 (t = 2006)
Subdistrict (83) FE, Year (4) FE
District (24) Trends, Controls

Log Subdistrict Population in Year t
Baseline

Full Lake

Other Inflow

Climate

Conley SE

Centroid

River Control

Controls

250 Km

(1)

(2)

(3)

(4)

(5)

-0.63***
[0.18]
-0.75***
[0.22]

-0.69***
[0.21]
-0.82***
[0.27]

-0.76***
[0.19]
-0.87***
[0.21]

-0.60***
[0.21]
-0.72***
[0.22]

-0.63***
[0.18]
-0.75***
[0.22]

Y
Y

Y
Y

Y
Y

Y
Y

Y
Y

Notes: 83 subdistricts x 4 years (1952-2006) = 332 obs. For each subdistrict centroid, Proximity to Lake (log)
is the negative of the log Euclidean distance to the selected lake centroid. We only report the estimated
coefficients for the closest years to the year 1990 and the year 2010. Except in col. (2), the lake centroid that
we use is the centroid of Lake Chad within Nigeria’s territory (see Figure 5). Col. (2): We use the centroid
of the full lake. Col. (3): We add a dummy if the subdistrict contains the Komadugu-Yobe river, which we
then interact with year FE. Col. (4): We control for the log of mean annual rainfall and the log of mean
temperature in the period [t-2; t]. In addition to the district-specific linear trends, we include the following
time-invariant controls which we interact with year FE: log Euclidean distance to the largest/capital city
(Niamey) and its square, and latitude. Conley SEs 100 Km (except in col. (5) where we use 250 km).
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Table C.3: Effect of Proximity to the Lake, Total Population, Chad 1940s-2010s
Dependent Variable:
Lake Centroid:

(Relative to the Omitted Year = 1965)
Proximity to Lake (log)*c.1990 (t = 1993)
Proximity to Lake (log)*c.2010 (t = 2009)
Subdistrict (138) FE, Year (5) FE
District (36) Trends, Controls
Test:

Log Subdistrict Population in Year t
Baseline

Chad

Chad

Chad North vs. South

Chad North

Full

South

Chad North Chad South

(1)

(2)

(3)

(4)

-0.54***
[0.08]
-0.62***
[0.17]

-0.33**
[0.15]
-0.48***
[0.16]

-0.18**
[0.08]
-0.38***
[0.10]

Y
Y

Y
Y

Y
Y

Proximity to Lake (log)*c.2010 (t = 2009)
Subdistrict (138) FE, Year (5) FE
District (36) Trends, Controls

0.19
[0.231]
-0.29
[0.206]
Y
Y

Chad North vs. Fitri

Outflow

Climate

Conley

Chad North Chad Fitri

Control

Controls

250 Km

(5)

(6)

(7)

(8)

-0.50***
[0.08]
-0.54***
[0.15]

-0.52***
[0.09]
-0.63***
[0.17]

-0.54***
[0.06]
-0.62***
[0.13]

Y
Y

Y
Y

Y
Y

(Relative to the Omitted Year = 1965)
Proximity to Lake (log)*c.1990 (t = 1993)

-0.71**
[0.31]
-0.47***
[0.13]

-0.48***
[0.10]
-0.57***
[0.17]

0.17
[0.12]
0.16
[0.14]
Y
Y

Notes: 138 subdist. x 5 years (1948-2009) = 690 obs. For each subdistrict centroid, Proximity to Lake (log)
is the negative of the log Euclidean distance to the selected lake centroid. We only report the estimated
coefficients for the closest years to the year 1990 and the year 2010. In col. (1), the lake centroid that
we use is the centroid of the Northern section of the lake that belongs to Chad’s territory (see Fig. 5 for
details). In col. (2), we use the centroid of the full lake area within Chad’s territory (Ibid.). In col. (3), we
use the centroid of the Southern section of the lake that belongs to Chad’s territory. In col. (4), we use both
the Northern and Southern centroids. In col. (5), we also consider the centroid of Lake Fitri which is fully
contained within Chad’s territory (see Fig. 6 for the location of Lake Fitri in Chad). In col. (6), we add a
dummy if the subdistrict contains the Bahr el-Ghazal – a dry riverbed that was before the 1940s an outflow
river of Lake Chad – which we interact with year FE. Col. (7): We control for the log of mean annual rainfall
and the log of mean temperature in the period [t-2; t]. In addition to the district-specific linear trends, we
include the following time-invariant controls which we interact with year FE: log Euclidean distance to
the largest/capital city (N’Djamena) and its square, latitude, a dummy if the subdistrict contains a major
of the Logone-Chari river system, and a dummy if the subdistrict contains a minor river of the LogoneChari river system. Conley SEs 100 Km (except in col. (8) where we use 250).
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Table C.4: Effect of Proximity to the Lake, City Creation, Flexible Specification
Dummy if City ≥ 5,000 (Nigeria = 10,000) in Year t

Dependent Variable:
Country:
Omitted Year = Early 60s
0-150 Km*ca.1990
150-300 Km*ca.1990
300-450 Km*ca.1990
0-150 Km*ca.2010
150-300 Km*ca.2010
300-450 Km*ca.2010
City FE, Year FE
District Trends, Controls

Niger

Cameroon

Chad

Nigeria

(1)

(2)

(3)

(4)

0.44***
[0.16]
0.28**
[0.12]
0.22**
[0.09]

0.42**
[0.18]
0.13
[0.11]
0.08
[0.20]

-0.47***
[0.15]
-0.40
[0.26]
-0.26***
[0.03]

0.05
[0.11]
0.13
[0.11]
-0.05
[0.10]

-0.01
[0.22]
0.03
[0.19]
0.21**
[0.09]

0.00
[0.00]
0.14**
[0.06]
0.27***
[0.09]

0.02
[0.31]
0.34
[0.32]
0.26
[0.23]

0.35***
[0.04]
0.20***
[0.05]
-0.04
[0.05]

Y
Y

Y
Y

Y
Y

Y
Y

Notes: Obs.: Niger: 166 cities x 17 Yrs = 2,822. Cameroon: 179 cities x 18 Yrs = 3,222. Chad: 100 cities x
12 Yrs = 1,200. Nigeria: 1,340 cities x 8 Yrs = 10,720. We omit 1965, 1965, 1964, and 1960, respectively.
We report the effects c. 1990 (1988, 1987, 1993, 1990) and 2010 (2012, 2005, 2009, 2010). We include
city and year FE, district-specific linear trends, and time-invariant controls interacted with year FE: log
Euclidean distances to the largest and capital cities and their square, latitude, and two dummies for
whether the subdistrict contains major or minor rivers of the Logone-Chari system. Conley SEs 100 Km.

Table C.5: Effect of Proximity to the Lake, Rural Population, Distance Bins
Dependent Variable:
Country:
Omitted Year = Early 1960s
Lake 0-150 Km*c.1990
Lake 150-300 Km*c.1990
Lake 300-450 Km*c.1990
Lake 0-150 Km*c.2010
Lake 150-300 Km*c.2010
Lake 300-450 Km*c.2010
Subdistrict FE, Year FE
District Trends, Controls

Log Subdistrict Rural Population in Year t
Niger

Cameroon

Chad

Nigeria

(1)

(2)

(3)

(4)

-0.57***
[0.07]
-0.58***
[0.10]
-0.09
[0.08]

-0.66***
[0.24]
-0.83***
[0.17]
-0.80***
[0.18]

-0.59**
(0.25)
-0.37**
(0.17)
-0.47***
(0.11)

-0.68
[0.55]
-0.34
[0.27]
-0.25
[0.21]

-0.69***
[0.12]
-0.46***
[0.14]
-0.18*
[0.10]

-0.90***
[0.20]
-1.11***
[0.11]
-1.10***
[0.11]

-0.50*
(0.27)
-0.53**
(0.22)
-0.51***
(0.11)

-1.32
[1.15]
-0.68
[0.64]
-0.49
[0.41]

Y
Y

Y
Y

Y
Y

Y
Y

Notes: Obs.: Niger (1951-2017): 119 subdist. x 17 yrs = 2,023. Cameroon (1963-2005): 113 subdist. x 5
yrs = 565. Chad (1948-2009): 138 subdist. x 5 yrs = 690. Nigeria (1952-2006): 83 subdist. x 4 yrs = 332.
We omit 1962, 1963, 1965 and 1963, respectively. We include subdistrict and year FE, district-specific
linear trends, and time-invariant controls interacted with year FE: log Euclidean distances to the
largest and capital cities and their square, latitude, and two dummies for whether the subdistrict
contains major or minor rivers of the Logone-Chari river system. We report the interacted effects
c. 1990 (1988, 1987, 1993, 1991) and 2010 (2012, 2005, 2009, 2006). Conley SEs (100 Km).
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Table C.6: Expenditure Shares for Each Country
Country

Parameter / Sector
Exp. share Livestock
Exp. share Agriculture
Cameroon
Exp. share Fishing
Exp. share Urban sector
Exp. share Livestock
Exp. share Agriculture
Chad
Exp. share Fishing
Exp. share Urban sector
Exp. share Livestock
Exp. share Agriculture
Niger
Exp. share Fishing
Exp. share Urban sector
Exp. share Livestock
Exp. share Agriculture
Nigeria
Exp. share Fishing
Exp. share Urban sector

Value
0.16
0.34
0.12
0.38
0.20
0.56
0.06
0.17
0.20
0.56
0.06
0.17
0.17
0.37
0.13
0.33

Notes: This table reports the calibration of the expenditure shares by country and sector that we
calculated using aggregate tables c. 1965.

Table C.7: Selected Factor Intensities
Sector
Agriculture
Livestock
Fishing
Urban sector

Labor share
0.74
0.74
0.25
0.63

Land share
0.26
0.26
0.0
0.37

Water share
0.0
0.0
0.75
0.0

Notes: This table reports the factor intensity shares from WIOD. See text for details.

Table C.8: Main Elasticities
Parameter
Trade Elasticity
Migration Elasticity
Urban Agglomeration Externalities
Congestion Force
Exp. Share in Housing

Value
5
2
0.1
0, 0.12, 0.32
0.25

Paper
Simonovska and Waugh (2014)
Monte et al. (2018)
Ahlfeldt et al. (2015); Bartelme et al. (2019)
Desmet et al. (2018)
Household survey data

Notes: This table reports the values of the main elasticities that we use to compute the counterfactuals.

