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Technical Appendix of Results

TECHNICAL APPENDIX OF RESULTS

This section describes the main empirical and identification techniques used 
in the report. Following the description, regression results that form the 
basis for those described in the report are displayed. This section is meant 
only to facilitate easy access to the main results and will not be printed in 
the final documents.
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 C H A P T E R  O N E 

TRANSITIONS AND 
TRANSFORMATIONS

LEARNING ABOUT WATER’S ROLE IN GLOBAL 
MIGRATION FROM HALF A BILLION INDIVIDUAL 
RECORDS

MIGRATION DATA AND SOCIO-DEMOGRAPHIC CHARACTERISTICS

Individual data on migration and socio demographic characteristics were 
obtained from harmonised census microdata samples from the Integrated 
Public Use Microdata Series International (IPUMSI) database (Minnesota 
Population Center, 2015). IPUMSI provides the world’s largest archive of 
publicly available census samples, with variables harmonised across countries 
and over time to facilitate comparative research. Samples in IPUMSI are 
typically close to 10 percent of the entire census; see Table A1.1 in the 
appendix for the sampling fractions of the IPUMSI samples used in our 
study.

Over 280 census samples in IPUMSI contained variables related to 
migration. We selected only the samples with variables associated with 
responses to questions on the individual’s previous region of residence. The 
identification of migrants, given the availability of a response to a question 
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in individuals’ past region of residence was derived in either one of the two 
following approaches. In the first approach we used an IPUMSI variable 
on an individual’s region of residence at a fixed period of time prior to 
the census, such as one or five years ago. If the region was different from 
the region of the respondent’s household (provided in another IPUMSI 
variable on the region of respondent at the time of the census) then we 
coded the respondent as a migrant. If a variable on a fixed period of time 
prior to the census was unavailable, we used a combination of three variables; 
the first variable contains the respondent’s previous region of residence, 
the second variable indicates if the previous residence of the respondent 
was in the same or different region to the current location and the third 
variable gives the number of years the respondent has resided in their current 
location. If the respondent had changed their location within a year, and 
the previous residence was different to the current location (based on the 
second and third variables), then we coded the respondent as a migrant. 
We used the first variable on the previous region of residence to identify 
the climatic conditions for the migrant origin region, as discussed later. 
For the IPUMSI census samples where we derived migrants using the latter 
approach are indicated using the 1* in Table A1.1, to indicate an implied 
period of migration within a year from the respective census.

Under both approaches to deriving migrants we are identifying 
migration based on transitions rather than the movements. In other words, 
we derived migrant events from a comparison of the regions of residence at 
the start and end of a given interval for each individual. We do not capture 
multiple changes of residence that might have occurred within the period 
or region, and so, for example we would miss a migrant who moved to 
a different region and then returned to their original region within the 
migration interval. At a population level, the difference between the number 
of migration events and migration transitions will be small when the interval 
length is short, for example one-year. The discrepancy increases in a non-
linear fashion as the interval length increases; see for example Rees (1977) 
or Courgeau (1973) for further details on the differences between migration 
transitions and movements. 

MEASUREMENT OF MIGRATION

We were able to create a binary migrant variable for individuals in 189 
IPUMSI census samples listed in Table A1.1. Although there were more 
IPUMSI census samples with migrant variables, an additional variable 
on the origin region, that we used for identifying climate conditions of 
migrants in our analysis were not available in other samples. In total our 
selection of IPUMSI census samples cover 441.6 million individual records, 
from which 18.7 million were coded as migrants. Summary details on the 
number of records and migrants by country and census year can be found 
in Table A1.1.
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Direct cross-national comparisons between numbers of migrants, 
migration rates or the probability of migration are not possible due to the 
different census sample sizes and the different set of regional geography in 
each country, where countries are subdivided into different numbers of 
regions and regions themselves can vary greatly in both geographic and 
demographic scales. Consequently, the number of migrants is likely to be 
relatively higher in countries with more regions and large population in 
comparison to similar country with fewer regions and a smaller population 
(Bell, Charles-Edwards, Kupiszewska, et al. 2015; Bell, Charles-Edwards, 
Ueffing, et al. 2015) – a feature related to the Modifiable Areal Unit Problem 
(MAUP). In all countries we used a harmonised first level administrative 
regional geography provided by IPUMSI.

MEASUREMENT OF SOCIO-DEMOGRAPHIC CHARACTERISTICS 

In addition to deriving migrant status for all individual in the census samples 
we also used five harmonized IPUMSI variables on individuals available in 
all 189 census samples; age, sex, education, marital status and the number 
of persons living in their household. These are the variables relevant to the 
migration decision identified in previous literature. Age and the number of 
persons living in the household (household size) are continuous variables. 
Sex is a binary variable classified into male and female. The harmonised 
education variable contains four categories: less than primary, primary 
completed, secondary completed and university completed. The harmonised 
marital status variable also contains four categories: single/never married, 
married/in union, separated/divorced/spouse absent and widowed.

ENVIRONMENTAL DATA

CLIMATE VARIABLES

Climatic shocks are measured as rainfall deviations from the long-term 
panel mean of rainfall or temperature for a given country. The deviations 
are measured as standardised z-scores which allow us to measure climatic 
differences in terms of the historical range of climatic variability across 
heterogeneous areas. Z-scores are considered to be better predictors of 
migration outcomes compared to raw climate data (Gray and Wise 2016; 
Mueller, Sheriff, et al. 2020). We calculate subnational-level annual rainfall 
z-scores for each census-year. Positive z-scores indicate wetter than normal 
conditions while negative values indicate drier than normal conditions.

Rainfall data are obtained from the gridded monthly time series data 
from Matsuura and Willmott (2018). The time-series data for rainfall consist 
of monthly average precipitation calculated on high-resolution (0.5 x 0.5 
degree) grids. The precipitation grids are used to calculate rainfall z-scores 
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for each administrative unit matching the place of origin indicated by the 
previous place of residence of the migrants.

Depending on the migration interval defined in each census (place of 
residence 1, 5 or 10 years preceding the census), corresponding climatic 
conditions were calculated based on the length of the migration period 
and an additional two years before, i.e., 3, 7 and 12 years prior to the 
census respectively. For instance, for the Iraq Population and Housing 
Census 1997, the participants were asked about their place of residence 
10 years ago. Accordingly, the rainfall z-scores for the entire population 
(migrants and non-migrants) are calculated based on average rainfall of 
the period 1984-1996 and the long run average based on the complete 
historical series.

METHODS

We work with 442 million individual records from 1,329 regions across 
189 censuses covering 64 countries. This exceptionally large volume of data 
makes it inappropriate to estimate migration drivers using classical regression 
methods. Instead, we make use of random forest models on a country level 
to identify populations that were particularly sensitive to rainfall shocks 
in their migration behaviour. This non-parametric technique allows us to 
identify patterns in the data without imposing any statistical assumptions 
and being sensitive to misuse of significance testing like in conventional 
multiple regression models (Attewell et al. 2015).

RANDOM FOREST ANALYSIS

A random forest model is performed for each of the 64 countries in our 
dataset. Random forest is a robust machine learning algorithm that can be 
used for a variety of analyses including regression and classification. The 
technique is suitable for our context with a large dataset where we aim 
to identify important covariates underlying migration decisions. It is an 
ensemble method, meaning that a random forest model is made up of a large 
number of small decision trees, which each produce their own predictions 
(Hastie 2009). 

The individual decision trees apply a systematic truncation of a data sample 
with regard to the distribution of an outcome variable (target feature). The target 
feature in our case is internal migration, which distinguishes each individual 
observation between migrants (labelled 1) and non-migrants (labelled 0). With 
regard to this target feature, the initial sample of each country’s population has 
a certain distribution, e.g., 10 percent of a country’s population migrated and 
90 did not migrate. For this initial distribution, a measure of data purity, in our 
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case the Gini impurity, is calculated. The Gini impurity is a measure of how 
often a randomly chosen element from the sample would be incorrectly labelled 
if it were randomly labelled according to the distribution of labels in the sample. 
This measure serves as a benchmark for the subsequent steps.

In each decision tree, our features, personal characteristics and 
regional climatic shocks, are considered for the truncation of the initial 
sample. The data purity of the two resulting subsets (nodes) is compared. 
The external feature that yields the highest level of data purity in the 
remaining subsets is chosen as a splitting criterion. After this split, the 
initial procedure is repeated for each of the resulting subsamples, testing 
all features: a tree-like, cascading structure emerges after repeating the 
procedure several times.

More formally, at each node t within the decision tree the optimal split 
is sought using the Gini impurity G(t ). If we have C possible outcomes of 
our target feature, in our case 0 (for no migration) and 1 (for migration), 
and p(i)is the probability of choosing a datapoint with class i, then the Gini 
impurity is calculated as:

Formally, we can measure the change in our Gini impurity measure 
DG(t ) after a truncation by one of our input features. 

In a random forest model, randomly selected decision trees are 
combined (Hastie 2009). Each node in the decision tree works on a 
random subset of features to calculate the output. The random forest 
then combines the output of individual decision trees to generate the 
final output. In this ensemble of decision trees, an exhaustive search over 
all features q available at the node the maximal DG(t ) is determined. The 
decrease in Gini impurity resulting from this optimal split DGq (t,T  ) 
is recorded and accumulated for all nodes t in all trees T in the forest, 
individually for all variables q  :

This quantity, the Mean Decrease Gini (MDG), calculates by how much 
the performance (Gini) of the random forest model would deteriorate, on 
average, if a respective feature were to be excluded from the model (Hastie 
2009). A high MDG indicates that the respective characteristic is important 
when truncating the sample with regard to the target feature, similar to a 
change in R2 in a regression model.

Our random forest model is fed with a ten percent sample of each 
country’s population and the accuracy of the random forest with 1,000 
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tree combinations is evaluated on a 25 percent test set, a typical split for 
cross validation. With MDGs for all features – individual and climate 
characteristics – at hand, the relative MDG (RMDG) can be calculated for 
each feature q.

RMDGq,h = MDGq /MDGh * 100

This value of the RMDG assesses the importance of a given feature q, 
relative to the importance of another reference feature. For our purpose, 
the MDG of the climatic shock characteristic is compared with the MDG 
of the education variable, as education is known to be a relevant factor 
for migration behaviour (Ginsburg et al. 2016). A RMDG of more than 
100 indicates that a given climatic shock is more relevant for explaining 
migration patterns than educational attainment. As a selection threshold, 
only cases with a climatic shock MDG of higher than 50, e.g., climatic 
shocks being at least half as important as education, are marked as 
sensitive populations and considered in the following regional pairwise 
comparison. 

WHY MACHINE LEARNING

No doubt multiple regression analysis is popular in policy-related research. 
Regression models have the advantage of quantifying relationships between 
variables of interest in a custom and interpretable way, e.g., beta coefficients 
that allow for making statements about the magnitude (size of the 
coefficient) and relevance (significance level) of the relationship. However, a 
very large sample size impedes an application of regression models because 
the expressiveness of significance levels diminishes for samples larger than 
10.000 observations (Lin et al. 2013). Classification techniques in machine 
learning techniques, such as random forests, on the other hand, do not rely 
on variances and are applicable also on larger samples. Among machine 
learning classification techniques, random forests come with a data purity 
metric i.e. the mean decrease in Gini that allows us to compare the influence 
of different features for the classification, R squares in a multivariate 
regression analysis.

RESULTS

INDIVIDUAL AND ENVIRONMENTAL DRIVERS OF MIGRATION

Each individual in the dataset is classified into two categories: migrants and 
non-migrants; our outcome of interest. Random forest classification models 
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are applied to identify important covariates with the greatest predictive 
power for explaining individual migration decisions.

In addition to migration, the dataset contains the individual 
characteristics i.e. gender, age, education and marital status, and household 
characteristics like household size. Furthermore, with the information on 
the region of origin of migrants, we are able to identify the environmental 
conditions i.e. occurrence of a climatic shock in each region and census year 
in our dataset. 

As part of our first analysis round, we apply a random forest model 
that allows us to compare the importance of each of the individual 
characteristics and exposure to climatic shocks for migration for 68 
countries in our dataset.

Figure A1.1 summarises the results of our random forest model for all 
six characteristics (five individual features and a climatic shock occurrence) 
across 64 countries. Each dot shows how important a respective characteristic 
is for explaining migration in a given country. As we know that education is 
a relevant determinant of migration decisions (Dustmann and Glitz 2011), 
the ‘explanatory power’ (RMDG) of each characteristic in a given country 
is shown relative to the importance that education has, on average, across all 
countries (100 = dotted line). 

We see a clear difference in explanatory power across characteristics. 
While age and household size, on average, are more important than 
education, other characteristics like sex or marital status are, on average, 
as relevant as education. The climatic shock analysed in this model, i.e., 
the occurrence of a negative precipitation shock, is slightly less important 
than education (51% of education’s importance), on average. However, the 
widespread distribution of the climate characteristic indicates that negative 
precipitation shocks are as important as sex, marital status or education, in 
some countries. 

For each country, we are able to compare the importance of each of 
the six features, i.e., five individual characteristics and one contextual 
variable i.e. rainfall shock, when explaining individual migration. 
A ranking of the importance of each feature shows that age and 
household size usually have the highest MDG, followed by education, 
gender, and marital status. The rainfall shock feature is usually ranked 
as the least relevant of all features. This is of little surprise as the five 
individual characteristics are known to be relevant drivers of migration. 
However, in contrast to individual characteristics, climate shocks 
vary strongly in their importance in explaining migration. For a set 
of countries shown in Figure A1.1, precipitation shocks even have a 
higher feature importance than some individual characteristics. For 
some of these countries, mostly less economically affluent countries, 
the rainfall shock was even ranked as the fourth or third most important 
explanatory factor of all features. 
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FIGURE A1.1: The Importance of Various Characteristics in Explaining Migration
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DISCUSSION

Applying machine-learning techniques to analyse drivers of migration, this 
is the first study to comprehensively and consistently investigate the role 
of climatic shocks on internal migration for a large number of countries 
(64 countries). As highlighted in the conceptual framework explaining 
environmental drivers of migration from Black et al. (2011), migration is 
determined by the interactions among individual, meso and macro-level 
factors. Using individual educational attainment as a reference point to 
compare the importance of each factor underlying migration, we find that age 
and household size are key determinants of migration as well-documented in 
the literature (Borderon et al. 2019; Tsegai 2007). In addition, we find that 
relative to education and other individual characteristics including gender 
and marital status, climatic shocks also play an important role in influencing 
migration decisions.

Unlike traditional regression analysis which is typically driven by 
theoretical concepts to select which variables to focus on, in random forest 



9

 Chapter One : Transitions and Transformations

models drivers of migration are identified through a data driven approach 
(Best et al. 2020). Furthermore, being non-parametric models, random forest 
algorithms allow us to identify salient variables in large-scale and complex 
datasets without imposing any assumptions on the data distribution. 
Our finding that climatic shocks are as important as some individual 
characteristics in determining internal migration provides a solid evidence 
on the importance of environmental variables in influencing migration. 

Future extensions of this study could explore alternative machine 
learning methods, such as support vector machines that are well suited for 
a truncation of high-dimensional feature space, and combine them with 
inferential statistics, like regression analysis. Again, machine learning isolates 
relevant population samples on a national, regional, and individual level, 
which could then be analysed by the means of regression analysis. This 
could help further reduce the limitations that increasingly popular big social 
datasets impose on established multivariate regression analysis.

The major limitations for this study are related to migration data: 
First, relying on the migration-related question in the population 

censuses which asks the individuals about their previous place of residence, 
it is not possible to distinguish between short- and long-term migration 
and temporary and permanent migration. Previous studies have shown 
that different types of migration are adopted to cope with temperature 
and rainfall anomalies with temporary migration being used as an adaptive 
response for climate-vulnerable households (Bohra-Mishra et al. 2014; 
Joarder and Miller 2013; Mueller, Sheriff, et al. 2020; N. E. Williams and 
Gray 2020). Climate-related migration could, therefore, be underestimated 
in our case because we only capture migration that occurred within at least 
a one year interval. 

Second, the size of administrative boundaries varies considerably 
across countries and time. Movements in a country with a higher number 
of subnational regions are more likely to be classified as migration because 
it is naturally easier to cross a regional boundary. Although this affects 
our cross-national comparison of climate-related migration, the number 
of administrative regions is distributed randomly across income groups. 
Therefore, the bias in our comparison of climate-related migration across 
countries by their GDP per capita is limited.

Third, our study is limited to 64 countries in the sample where countries 
in Asia (9) and Europe (6) are underrepresented. The findings, therefore, 
cannot be generalised as representing the climate-related migration patterns 
for the whole world.

Despite the limitations, this is the first large-scale individual-level study 
that comprehensively and systematically assess the role of climatic factors on 
internal migration. The application of machine learning techniques allows 
us to identify important factors driving migration without imposing any 
theoretical nor statistical assumptions.
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TABLE A1.1: IPUMSI Census Samples

Census Sample Size Sampling 
Fraction

Regions Migration 
Interval

Migrants 
Derived

ISO 
Code

Argentina 1970 466892 2 24 5 36240 ARG

Argentina 1980 2667714 10 24 5 159315 ARG

Argentina 2001 3626103 10 24 5 116180 ARG

Armenia 2001 326560 10 11 1* 2846 ARM

Armenia 2011 301831 10 11 1* 3464 ARM

Benin 1979 331049 10 12 1* 12797 BEN

Benin 1992 498419 10 12 1* 14747 BEN

Benin 2002 685467 10 12 1* 23630 BEN

Benin 2013 1009693 10 12 1* 28271 BEN

Belarus 1999 990706 10 6 1* 9196 BLR

Bolivia 1976 461699 10 10 5 21034 BOL

Bolivia 1992 642368 10 10 5 33005 BOL

Bolivia 2001 827692 10 10 5 46141 BOL

Brazil 1991 17045712 10 25 5 555209 BRA

Brazil 2000 20274412 10 25 5 609460 BRA

Brazil 2010 20635472 10 25 5 476703 BRA

Botswana 1981 97238 10 21 1 8815 BWA

Botswana 1991 132623 10 21 1 15923 BWA

Botswana 2001 168676 10 21 1 22724 BWA

Botswana 2011 201752 10 21 1 19580 BWA

Canada 1991 809654 3 10 1 9712 CAN

Canada 2001 801055 2.7 10 1 7743 CAN

Chile 1982 1133062 10 44 5 93498 CHL

Chile 1992 1335055 10 44 5 121945 CHL

Chile 2002 1513914 10 44 5 141448 CHL

China 1990 11835947 1 29 5 117122 CHN

China 2000 11804344 1 29 5 319091 CHN

Cameroon 1976 736514 10 7 1* 23168 CMR

Cameroon 1987 897211 10 7 1* 35580 CMR

Cameroon 2005 1772359 10 7 5 108935 CMR

Colombia 1964 349652 2 22 1* 14431 COL

Colombia 1973 1988831 10 22 1* 79254 COL

Costa Rica 1963 82345 6 7 1* 3760 CRI

Costa Rica 1973 186762 10 7 5 14244 CRI
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Costa Rica 1984 241220 10 7 5 17412 CRI

Costa Rica 2000 381500 10 7 5 29118 CRI

Costa Rica 2011 430082 10 7 5 21107 CRI

Cuba 2002 1118767 10 29 1* 9017 CUB

Dominican Rep 
1981

475829 8.5 26 5 29163 DOM

Dominican Rep 
2010

943784 10 26 5 52314 DOM

Ecuador 1962 136443 3 14 1* 3082 ECU

Ecuador 1974 648678 10 14 1* 31618 ECU

Ecuador 1990 966234 10 14 5 47556 ECU

Ecuador 2001 1213725 10 14 5 52027 ECU

Ecuador 2010 1448233 10 14 5 70779 ECU

Egypt 1996 5902243 10 25 1* 21041 EGY

Egypt 2006 7282434 10 25 1* 26801 EGY

Spain 1981 2084221 5 19 10 115240 ESP

Spain 1991 1931458 5 19 1 82283 ESP

Spain 2001 2039274 5 19 10 114411 ESP

Spain 2011 4107465 10 19 1 141973 ESP

Fiji 1976 57214 10 4 5 4743 FJI

Fiji 1986 72158 10 4 5 5720 FJI

Fiji 1996 77382 10 4 5 6371 FJI

Fiji 2007 84323 10 4 5 8175 FJI

United Kingdom 
1991

541894 1 12 1 11063 GBR

United Kingdom 
2001

1843525 3 12 1 47480 GBR

Ghana 2000 1894133 10 10 5 56759 GHA

Guinea 1996 729071 10 52 1* 73261 GIN

Greece 1971 845483 10 54 5 68386 GRC

Greece 1981 923108 10 54 5 86145 GRC

Greece 1991 951875 10 54 1 26710 GRC

Greece 2001 1028884 10 54 1 35845 GRC

Greece 2011 1056607 10 54 1 19357 GRC

Guatemala 1964 210079 5 23 1* 6355 GTM

Guatemala 1973 289446 5.5 23 5 13315 GTM

Guatemala 1981 302106 5 23 5 11950 GTM

Guatemala 1994 833137 10 23 5 14992 GTM

Guatemala 2002 1121946 10 23 5 29031 GTM
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Honduras 1974 278348 10 18 5 18079 HND

Honduras 1988 423971 10 18 5 18158 HND

Honduras 2001 608620 10 18 5 23585 HND

Haiti 1971 434869 10 4 1* 6693 HTI

Haiti 1982 128770 2.5 4 5 4389 HTI

Haiti 2003 838045 10 4 5 9438 HTI

Indonesia 1971 634642 0.54 27 1* 13351 IDN

Indonesia 1976 281170 0.22 27 5 5514 IDN

Indonesia 1980 7234577 5 27 5 173977 IDN

Indonesia 1985 605858 0.37 27 5 11937 IDN

Indonesia 1990 912544 0.51 27 5 27238 IDN

Indonesia 1995 718837 0.43 27 5 17489 IDN

Indonesia 2000 20112539 10 27 5 510538 IDN

Indonesia 2005 1090892 0.51 27 5 19286 IDN

Indonesia 2010 23603049 10 27 5 501808 IDN

Ireland 1981 344291 10 8 1 8271 IRL

Ireland 1986 355020 10 8 1 6343 IRL

Ireland 1991 353149 10 8 1 8652 IRL

Ireland 1996 365323 10 8 1 51987 IRL

Ireland 2002 410688 10 8 1 61677 IRL

Ireland 2006 440314 10 8 1 70644 IRL

Ireland 2011 474535 10 8 1 66725 IRL

Iraq 1997 1944278 10 18 10 1936272 IRQ

Israel 1983 403474 10 6 5 53032 ISR

Jamaica 1982 223668 10 14 1* 6413 JAM

Jamaica 1991 232625 10 14 1* 1476 JAM

Jamaica 2001 205179 10 14 1* 7437 JAM

Kenya 1979 1033769 6.7 8 1 37709 KEN

Kenya 1989 1074098 5 8 1 40008 KEN

Kenya 1999 1407547 5 8 1 62769 KEN

Kenya 2009 3841935 10 8 1 85157 KEN

Kyrgyz Republic 
1999

476886 10 8 1* 14031 KGZ

Cambodia 1998 1141254 10 22 1* 1973 KHM

Cambodia 2004 102558 0.8 22 1* 1517 KHM

Cambodia 2008 1340121 10 22 1* 32087 KHM

Cambodia 2013 134964 0.9 22 1* 1881 KHM

Laos 2005 560480 10 18 10 165429 LAO
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Morocco 2004 1482720 5 16 5 58795 MAR

Mexico 1960 502800 1.5 32 1* 7067 MEX

Mexico 1970 483405 1 32 1* 2802 MEX

Mexico 1990 8118242 10 32 5 358418 MEX

Mexico 1995 332061 0.4 32 5 14786 MEX

Mexico 2000 10099182 10.6 32 5 383343 MEX

Mexico 2005 10284550 10 32 5 339701 MEX

Mexico 2010 11938402 10 32 5 392571 MEX

Mexico 2015 11344365 9.5 32 5 298546 MEX

Mali 1998 991330 10 8 1* 9247 MLI

Mali 2009 1451856 10 8 1* 28410 MLI

Mongolia 2000 243725 10 21 5 19227 MNG

Mozambique 1997 1551517 10 11 1 29873 MOZ

Mozambique 2007 2047048 10 11 1 28368 MOZ

Malawi 2008 1341977 10 26 1* 82306 MWI

Malaysia 1991 347892 2 13 5 26890 MYS

Malaysia 2000 435300 2 13 5 21503 MYS

Nicaragua 1971 189469 10 13 5 23946 NIC

Nicaragua 1995 435728 10 13 5 59477 NIC

Nicaragua 2005 515485 10 13 5 66878 NIC

Nepal 2001 2067609 9 14 5 28746 NPL

Nepal 2011 3238842 12 14 5 75814 NPL

Panama 1960 53553 5 7 1* 1016 PAN

Panama 1980 195577 10 7 1* 4078 PAN

Peru 2007 2745895 10 25 5 154049 PER

Philippines 1990 6013913 10 76 1* 95429 PHL

Philippines 2000 7417810 10 76 5 266145 PHL

Philippines 2010 9411256 10 76 5 189869 PHL

Papua New Guinea 
1980

296165 10 20 5 15161 PNG

Papua New Guinea 
1990

359720 10 20 1 11918 PNG

Poland 2002 3824056 10 16 1 14148 POL

Portugal 1981 492289 5 20 1 42704 PRT

Portugal 1991 491755 5 20 1 39638 PRT

Portugal 2001 517026 5 20 1 43182 PRT

Portugal 2011 528870 5 20 1 164564 PRT

Paraguay 1972 233669 10 13 5 21341 PRY
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Paraguay 1982 301582 10 13 5 35084 PRY

Paraguay 1992 415401 10 13 5 37312 PRY

Paraguay 2002 516083 10 13 5 37631 PRY

Romania 1977 1937021 10 39 1* 19238 ROU

Romania 1992 2238578 10 39 1* 10512 ROU

Romania 2002 2137967 10 39 1* 17960 ROU

Sudan 2008 5066530 16.6 15 1 68488 SDN

Senegal 1988 700199 10 11 5 29637 SEN

Senegal 2002 994562 10 11 5 39452 SEN

El Salvador 1992 510760 10 14 1* 10847 SLV

El Salvador 2007 574364 10 14 1* 6300 SLV

South Sudan 2008 542765 7 10 1 16739 SSD

Slovenia 2002 179632 10 12 1* 1944 SVN

Togo 2010 584859 10 3 1* 14261 TGO

Thailand 1970 772169 2 68 1* 28957 THA

Thailand 1980 388141 1 68 1* 5571 THA

Thailand 1990 485100 1 68 1* 9974 THA

Thailand 2000 604519 1 68 1* 9464 THA

Trinidad and 
Tobago 1990

113104 10 4 1 40498 TTO

Trinidad and 
Tobago 2000

111833 10 4 1 2908 TTO

Trinidad and 
Tobago 2011

116917 8.8 4 10 2154 TTO

Tanzania 1988 2310424 10 23 10 930169 TZA

Tanzania 2002 3732735 10 23 1 108109 TZA

Tanzania 2012 4498022 10 23 1 130410 TZA

Uruguay 1975 279994 10 19 5 18325 URY

Uruguay 1985 295915 10 19 5 23658 URY

Uruguay 1996 315920 10 19 5 23285 URY

Uruguay 2006 256866 8.4 19 5 2129 URY

Uruguay 2011 328425 10 19 5 14888 URY

United States 1970 2029666 1 51 5 198148 USA

United States 1980 11343120 5 51 5 609722 USA

United States 1990 12501046 5 51 5 1271083 USA

United States 2000 14081466 5 51 5 1422087 USA

United States 2005 2878380 1 51 1 76087 USA

United States 2010 3061692 1 51 1 74003 USA

United States 2015 3147005 1 51 1 88985 USA
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Venezuela 1981 1441266 10 22 1* 53048 VEN

Vietnam 1989 2626985 5 38 5 126894 VNM

Vietnam 1999 2368167 3 38 5 56469 VNM

Vietnam 2009 14177590 15 38 5 345730 VNM

South Africa 2001 3725655 10 4 5 93301 ZAF

South Africa 2007 1047657 2 4 1* 8694 ZAF

South Africa 2011 4418594 8.6 4 1* 72660 ZAF

Zambia 1990 787461 10 8 1 19380 ZMB

Zambia 2000 996117 10 8 1 32076 ZMB

Zambia 2010 1321973 10 8 1 21554 ZMB

Zimbabwe 2012 654688 5 10 10 283158 ZWE



18

 C H A P T E R  T W O 

STAY OR GO?

DATA AND EMPIRICAL STRATEGY

As Box 2.1 describes, the net migration measure comes from the Global 
Estimated Net Migration Grids By Decade, v1 (1970-2000) (de Sherbinin 
et al., 2015). It provides estimates of net migration (in-migration minus 
out-migration) per one-kilometer grid cell for three decades, 1970s, 1980s 
and 1990s. The unit of the net migration measure in the original dataset is 
the net change of the number of people due to migration per square km. 
To arrive at net migration estimates, the compilation begins with a gridded 
distribution of population in the year 2000 based on census data drawn from 
the Global Rural–Urban Mapping Project, Version 1. The History Database 
of the Global Environment, Version 3.1, is then used to calculate population 
totals in 1970, 1980, and 1990 to arrive at population growth estimates for 
previous decades. Mortality rates specific to each nation, ethnicity group, 
and decade are applied to each grid cell to estimate decennial births and 
deaths. Finally, a measure for net population growth, defined as births minus 
deaths plus net migration, is used to estimate the net migration for each 
grid cell. We collapse the highly disaggregated observations to the 0.5 x 0.5 
degree resolution. The original observations are aggregated by taking means. 
As a result, the unit of our net migration measure after aggregation is the 
number of people (due to migration) per square kilometer in a 0.5 degree 
gridcell. de Sherbinin et al. (2015) note that there could be measurement 
errors at a very local-level. Following Peri and Sasahara (2020), we aggregate 
the observations to a coarser resolution to mitigate these concerns. 
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Rainfall variability is measured in terms of local deviations from the 
long-run mean using weather data from Matsuura and Willmott (2018). 
This gridded dataset contains monthly observations of precipitation and 
average temperature at the 0.5 degree gridcell level. We transform this data 
into average monthly temperature, and total precipitation (mm), per year, for 
each gridcell. To define rainfall shocks, we calculate the long run mean and 
standard deviation of annual precipitation for each gridcell. We then define 
a positive (negative) shock in a given year/gridcell if annual precipitation in 
that year/gridcell is at least 1 standard deviation higher (lower) than the long 
run mean for that gridcell. 

In the analysis, the rainfall shock variables measure the number of years 
in the decade for which rainfall was at least 1 standard deviation above or 
below the mean. The analysis focuses on the impact of repeated water shocks 
that occur over a decade on out-migration rates since a single rainfall episode 
may be misleading, as the decision to migrate often entails high cost and 
longer-term considerations. 

The main empirical strategy is predicated on the fact that rainfall 
shocks are exogenous and consequently unpredictable with respect to net 
migration rates. The model tests how net migration rates differ in response 
to cumulative number of rainfall shocks for each decade in the dataset from 
1970 to 2000. To do so, the following equation is estimated: 

where i indicates a grid cell, t indicates years, and c indicates countries. 
Following Peri and Sasahara (2019), the outcome variable Yit is the net 

migration rate from year t-10 to year t measured as:

where NetMigit denotes net migration in gridcell i for the period between 
year t-10 and year t. Dividing by the initial population provides a net 
migration rate: the percentage change in population due to mobility. 

 is the number of negative (positive) rainfall shocks 
greater than 1 standard deviation within the last 10 years, fc(t) are country-
specific time trends, qt are year fixed effects, and gi are gridcell fixed 
effects. Xit is a vector of control variables which includes an interaction 
between initial gridcell population and a linear time trend. This allows 
for differential trends by initial population. Also included is a control for 
mean annual temperature (°C) within the last 10 years. Although we do 
not focus on the impact of temperature, we do control for it, in order to 
obtain unbiased estimates of the effects of changes in precipitation. a2 
and a3 are our coefficients of interest and measure how repeated negative 
or positive rainfall shocks, respectively, can impact the percentage change 
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in population in a gridcell. By using this set up, we are measuring how 
cumulative rainfall shocks, presumed to be exogenous and unpredictable, 
lead to a change in net migration rates that is over and above the change 
caused by trending growth patterns, and time invariant factors of the 
gridcell itself (which will thus also account for changes in policy at the 
regional and national levels). 

Weighting the grid-level results by grid population would allow more 
weight on shocks in heavily populated areas. To eliminate excessive emphasis 
on large urban areas, the results estimate unweighted regressions, allowing 
each grid to contribute equally to the analysis. Standard errors are clustered 
at the level of a grid-cell and at the level of admin level 1 in robustness 
checks to account for spatial and serial correlation.

To understand the extent to which the relation between rainfall 
shocks and net migration rates is modulated by agricultural dependence 
of locations, we identify high-cropland gridcells. Gridcells whose share of 
cropland is greater than the 95th percentile of the distribution among all 
grid cells in each country are identified as high-cropland gridcells. This 
term is interacted with rainfall shocks to investigate the differential effect of 
rainfall shocks on net migration. 

Similarly, to understand the extent to which the relation between rainfall 
shocks and net migration rates is modulated by baseline income, countries 
are classified into four groups based on the baseline GDP per capita in 1980: 
those in [0th,25th), [25th,50th), [50th,75th), and [75th,100th) percentile 
bins. The regression then introduces additional interaction terms between 
rainfall shocks and baseline income levels to study the differential effect of 
rainfall shocks by income. When presenting the results, the first two bins are 
combined to overcome sample size issues.

In order to assess the differential impacts of migration in places with 
low and high access to irrigation and forests, additional data sources are 
used. The analysis uses data on share of irrigated cropland at the start of the 
period over which migration occurs (Siebert et al. 2015), and forest cover 
data from the European Space Agency. These are used to construct baseline 
time-invariant shares of irrigated cropland and shares of forest cover for the 
sample of grid cells. High irrigation access and high forest access indicator 
variables are constructed to represent grid cells where the baseline share of 
irrigated cropland or share of forested area is above the global median. The 
analysis follows a similar methodology and adds an additional interaction 
term between rainfall shocks and irrigation access or rainfall shocks and 
forest access. The coefficients on the interactions show the extent to which 
irrigation and forest access attenuate the migration response. Furthermore, 
the analysis also examines the differential buffering impact of irrigation 
access in arid regions engaged in water-intensive cropping practices. The 
analysis combines climatic zone data along with data on the geographical 
distribution of agricultural crops from Monfreda et al. (2008). 
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RESULTS

The estimates underlying Figure 2.2a in the report is displayed in column 
(3) of table A2.1. The estimates in Column(1) represent the extent to 
which dry rainfall shocks have driven migration across the global sample. 

Table A2.1: Impact of rainfall shocks on net migration rates, by Agricultural 
Dependence 

 

 

 

Dependent variable= Net-Migration rates= In-migration- Out-migration

1 2 3 4

S.Es clustered 
at Grid

S.Es clustered at 
Admin 1 

S.Es clustered 
at Grid

S.Es clustered 
at Admin 1 

#1SD NegShock t-10 -0.3426*** -0.3426*** -0.3081*** -0.3081**

(0.044) (0.124) (0.046) (0.122)

#1SD PosShock t-10 -0.0789* -0.0789 -0.0780* -0.0780

(0.044) (0.090) (0.045) (0.090)

#NegShock X High-
Cropland

-0.7247*** -0.7247**

(0.180) (0.335)

#PosShock X High-
Cropland

0.1003 0.1003

      (0.184) (0.280)

Observations 94275 94275 94114 94114

Adj. Rsq 0.707 0.707 0.708 0.708

RMSE 13.310 13.310 13.262 13.262

Rainfall Shock effects 
(linear combination of 
coefficients)

     

NegShock for High-
Cropland

-1.0328*** -1.0328***

(0.175) (0.362)

PosShock for High-
Cropland

0.0224 0.0224

      (0.180) (0.283)

grid FEs y y y y

Year FEs y y y y

CountryTrend y y y y

PopTrend y y y y

Temperature control Y Y Y Y

Note: Dependent variable is the decadal net migration rate over 3 decades from 1970 to 2000. Standard errors 
reported in parentheses are robust and clustered at the gridcell level (columns 1 and 3) or at the province-level 
(columns 2 and 4). Number of Positive (Negative) shocks in 10 years is a time-varying count variable indicating the 
number years, of the prior ten years, for which annual rainfall in the gridcell was at least 1 standard deviation higher 
(lower) than the long run mean of the gridcell. Statistical significance is given by *p<0.10 ** p<0.05 *** p <0.01 
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Since net-in-migration rates are defined as in-migration minus out-
migration, a negative coefficient implies an increase in out-migration. For 
the figures in the report, these were changed to net-out-migrations rates 
to ease interpretation.

The estimates underlying Figure 2.2b in the report is displayed in 
table A2.2. The estimates in Column(1) represent the extent to which dry 
and wet rainfall shocks have driven migration across the global sample for 
each income-bin. The estimates in Column(2) represent the extent to which 
dry and wet rainfall shocks have driven migration across the rural sample for 

Table A2.2: Impact of rainfall shocks on net migration rates, by 
baseline income and agricultural dependence 

 

 

(1) (2)

Full-sample High-Cropland sample

#1SD NegShock t-10

(0-50th] percentile -0.1009 -0.3093

(0.077) (0.251)

(50-75th] percentile -0.3428*** -0.8119*

(0.084) (0.419)

(75-100th] percentile -0.6178*** -1.1605***

(0.063) (0.279)

#1SD PosShock t-10

(0-50th] percentile -0.3862*** -0.6430*

(0.082) (0.337)

(50-75th] percentile -0.0811 -0.5222

(0.087) (0.384)

(75-100th] percentile 0.0930* 0.2249

  (0.054) (0.230)

Observations 94275 5282

grid FEs y y

Year FEs y y

CountryTrend y y

PopTrend y y

Adj. Rsq 0.707 0.748

RMSE 13.306 12.707

Note: Dependent variable is the decadal net migration rate over 3 decades from 1970 to 
2000. Standard errors reported in parentheses are robust and clustered at the gridcell level. 
Number of Positive (Negative) shocks in 10 years is a time-varying count variable indicating 
the number years, of the prior ten years, for which annual rainfall in the gridcell was at least 
1 standard deviation higher (lower) than the long run mean of the gridcell. Gridcells whose 
share of cropland is greater than the 95th percentile of the distribution among all grid cells 
in each country are identified as high-cropland gridcells. Statistical significance is given by 
*p<0.10 ** p<0.05 *** p <0.01 
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each income-bin. Since net-in-migration rates are defined as in-migration 
minus out-migration, a negative coefficient implies an increase in out-
migration.

The estimates underlying Figure 2.3 in the report are displayed in 
table A2.3 in Columns (1) and (2). The estimates in Column (1) represent 
the extent to which the impact of dry and wet rainfall shocks are modulated 
by high irrigation access. The estimates in Column (2) represent the extent 

Table A2.3: Joint impact of rainfall shocks, forest access and irrigation on net 
migration rates

  Dependent variable= Net-Migration rates= In-migration- Out-migration

  1 2 3 4 5

#1SD NegShock t-10 -0.4026*** -0.3575*** -0.4007*** -0.5545*** -0.6467***

(0.087) (0.071) (0.078) (0.096) (0.104)

#1SD PosShock t-10 -0.2080** -0.1525** -0.2083** -0.2715** -0.3580***

(0.090) (0.077) (0.081) (0.109) (0.115)

#NegShock X High-
irrigation

0.3011*** 0.3531*** 0.4015***

(0.111) (0.109) (0.108)

#NegShock X High-forest 0.1837* 0.2542**

(0.109) (0.107)

#NegShock X Share forest 0.3559* 0.5184***

(0.190) (0.189)

#PosShock X High-
irrigation

0.2033* 0.2268* 0.2658**

(0.114) (0.117) (0.118)

#PosShock X High-forest 0.0644 0.1152

(0.120) (0.123)

#PosShock X Share forest 0.2311 0.3355*

      (0.183)   (0.190)

Observations 61475 61475 61475 61475 61475

grid FEs y y y y y

Year FEs y y y y y

CountryTrend y y y y y

PopTrend y y y y y

Adj. Rsq 0.636 0.636 0.636 0.636 0.637

RMSE 14.752 14.753 14.752 14.751 14.750

Note: Dependent variable is the decadal net migration rate over 3 decades from 1970 to 2000. Standard errors 
reported in parentheses are robust and clustered at the gridcell level. Number of Positive (Negative) shocks in 10 
years is a time-varying count variable indicating the number years, of the prior ten years, for which annual rainfall in 
the gridcell was at least 1 standard deviation higher (lower) than the long run mean of the gridcell. High irrigation 
access and high forest access refers to those grid cells where the baseline share of irrigated cropland or share of 
forested area is above the global median. Statistical significance is given by *p<0.10 ** p<0.05 *** p <0.01 
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Table A2.4: Unit cost of irrigation expansion by region (2005 USD 
per hectare)

EAP 9,236

SAR 3,812

FSU (Former Soviet Union)/ECA 9,237

SSA 16,226

MEN 9,748

LAC 5,512

Source: Inocencio et al. (2007)

to which the impact of dry and wet rainfall shocks are modulated by high 
forest access. Column (3) also shows the extent to which the impact of dry 
and wet rainfall shocks are modulated by forest access but uses a continuous 
share in place of the indicator variable. 

The estimates in Column (4) and (5) in Table A2.3 represent a regression 
model that includes interactions of rainfall shocks with both irrigation and 
forests together. The estimates in Column (5) are combined with summary 
measures of forest loss and irrigation costs to conduct back-of-the-envelope 
calculations to measure the extent of irrigation that would be needed to 
compensate for the drought-buffering effects of lost forest. To quantify 
the cost of irrigation expansion, data from Inocencio et al. (2007) as seen 
in table A2.4 are used. These are the most widely used estimates on the 
costs of irrigation expansion at the global level and provide unit costs of 
irrigation expansion per hectare by world region (for recent applications, see 
Rozenberg and Fay 2019; Rosegrant et al. 2017). 
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WATER, MIGRATION, 
AND HUMAN CAPITAL 
SPILLOVERS 

DATA

The data analyzed in Box 1 of chapter 3 in the main report utilizes data on 
internal migrants from 403 subnational regions from across 21 developing 
countries assembled by Gennaioli et al. (2014), who assemble data on the 
economic and demographic characteristics of native and migrant populations 
originating from each of these regions as documented in the most recent 
census available prior to 2010. Since the census data covers individuals that 
are within the country, this data covers internal migrants only. Importantly, 
these data contain separately estimates of the education levels of migrants 
and natives from these regions. Migrants are found to have higher human 
capital than natives for their place of origin, and on average have 1 year of 
additional schooling. The data collected by authors also contain regional data 
on GDP per capita, population and urbanization, which serve as important 
control variables in the analysis. The list of countries is given in Table A3.1.

This data, which are mainly available at the first subnational administrative 
region (usually province or state), are matched to subnational admin region 
boundary files available from the University of Minnesota’s IPUMS project, 
and then matched to climate data from Center for Climatic Research of the 
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Table A3.1: Sample of Regions in Cross Sectional 
Analysis

Country Regions Year of Census Data

Chile 10 2002

Colombia 23 2005

Ecuador 20 2001

El Salvador 7 2007

Indonesia 24 2010

Kenya 5 1999

Kyrgyz Republic 6 1999

Malaysia 11 2000

Mexico 32 2010

Mongolia 20 2000

Nepal 5 2001

Panama 8 2000

Peru 23 2007

Philippines 4 1990

Romania 38 2002

South Africa 4 2007

Tanzania 16 2002

Thailand 55 2000

Turkey 55 2000

Uruguay 17 1996

Venezuela 20 1990

University of Delaware (Matsuura and Willmott, 2018). The climate data is 
available in a gridded format, with data on annual average temperature and total 
rainfall available for each 50 x 50 km gridcell between 1915 and 2017. For each 
province, the climate variables are averaged, first by taking the mean across all 
grid-cells that have their center contained within the province for each year, and 
taking the mean of these province-level averages over the entire annual period. 

This yields a measure of the average annual rainfall and temperature 
experienced in each of these provinces. Additionally, the presence of 
primate cities is inferred by overlaying the province level boundaries over 
a spatial database of global urban footprint boundaries from Khan et al 
(2019) and identifying the regions which contain the top 3 cities within 
a country. The geographic coverage of the sample, with administrative 
boundaries of the regions used, are depicted on the map in Map A3.1.

For the second set of results for Mexico, Brazil and Indonesia, data 
on internal urban migrants in each of these countries is extracted from 
census data available from the University of Minnesota’s IPUMS project. 
In particular, the analysis is restricted to the subsample of male individuals 
aged between 15 and 65 in each census year and surveyed in urban areas. 
Each of these countries has data from three recent censuses available, 
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corresponding to the decades of 1990, 2000 and 2010. These countries are 
chosen in particular because their censuses ask the respondents to disclose 
their place of residence 5 years prior to the census, thus allowing for the 
identification of their migration status and place of origin. The availability 
of data from multiple census rounds and migrant’s place of origin allows 
the analysis to exploit panel data techniques. For each of these countries, 
individuals are defined as being “high-skilled” if they have completed middle 
school, or in other words have completed the 8th grade. Map A3.2 shows the 
administrative boundaries of the subnational regions from Mexico, Brazil 
and Indonesia for which census data were used.

This census data for the 3 countries is again augmented with climate 
data from the University of Delaware (Matsuura and Willmott, 2018). To 
exploit the time dimension from the multiple census rounds, the province-
level climate data is not averaged over time. For each province, the rainfall 
for each year are first averaged spatially, by taking the mean across all grid-
cells that have their center contained within the province. Then for each 
year, rainfall shocks are defined based on deviations from the long term 
mean rainfall. Specifically, a negative (positive) rainfall shock is defined as 
occurring in a given province in a certain year if rainfall in that province is 
1 standard deviation lower (higher) than mean rainfall, where mean and 
standard-deviation are calculated as based on annual rainfall between 1915 
and 2017 for all provinces in the country. For each urban migrant observed 
in a census, the number of positive and negative rainfall shocks occurring in 

MAP A3.1: Regions used in the cross-sectional analysis

Note: The map shows 403 subnational regions from across 21 developing countries for which demographic and 
economic characteristics were analyzed in conjunction with climate data. Socioeconomic data were obtained from 
Gennaioli et al. (2014) and augmented with climate data from Matsuura and Willmott (2018).
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MAP A3.2: Regions used in the cross-sectional analysis

a. Brazil b. Indonesia c. Mexico

IBRD 46085  |
JULY 2021

IBRD 46084  |
JULY 2021

IBRD 46086  |
JULY 2021

The map shows the subnational regions of Mexico, Brazil and Indonesia. Data on internal urban migrants from 
these regions observed in the censuses of 1990, 2000 and 2010 was combined with climate data from Matsuura 
and Willmott (2018) to examine how the education levels of migrants moving in response to rainfall shocks 
differed from other migrants. It is found that migrants moving in response to frequent dry-shocks are less likely to 
have attended high-school.

their place of origin in the 5 years prior to the earliest possible date of arrival 
in the host region.

METHODOLOGY & RESULTS

The first result builds on the cross-sectional relationship between average 
rainfall conditions in a region and the skill levels of migrants that originate 
from region. As shown in Figure A3.2, a strong cross-sectional correlation is 
observed between the average rainfall - emigrants from regions with higher 
rainfall have higher education levels compared to natives from that region. 

To control empirical test this relationship, and account for possible 
confounding vraiables, the relationship is tested using the below regression 
specification:

EmigrantsSchoolingij = α + β ln(MeanRainf allij) + λ NativesSchoolingij 
+ g Xij + dj +eij

For each region I in country j, the dependent variable is the years of 
schooling completed by the average emigrants originating from that region. 
The main explanatory variable of interest is the natural logarithm of average 
annual rainfall in that region. The regression specification needs to control for 
the education levels of natives in the regions, since the overall human capital 
investment in a region is directly related to the education of migrants leaving 
that region and can drive the result. Additionally, the specification also controls 
for country fixed effects dj and a set of regional characteristics contained in 
the control vecto in Xij, which include regional measures of urbanization, 
GDP, temperature and population. The regression is estimated using regional 
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FIGURE A3.2: Rainfall and Migrants’ Education
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Note: Figure A3.1 shows that (internal) migrants originating from regions with higher average rainfall levels tend 
to have higher years of schooling compared to the natives of their place of origin. Each bubble represents a 
subnational region, with the size of the bubble proportional to the population of that region, and only within-
country migrants are considered in this analysis.

domestic population weights to make it representative for the average 
individual in the underlying data and robust standard errors are estimated 
to account for heteroskedasticity in the data.

The results are presented below in table A3.2. The first column 
presents the relationship between rainfall endowment and the education 
of emigrants leaving a region is robust to a regression controlling for 
natives education, and the second column additionally includes country 
fixed effects. A positive and statistically significant relationship is found to 
exist between rainfall and emigrants education levels. The next columns 
sequentially add controls for urbanization, logarithm GDP, temperature 
and population. The coefficient remains robust to these additional 
controls. A coefficient of 0.3 means that a doubling of rainfall (which 
equals the interquartile range of rainfall in this sample) is associated with 
0.3 additional years of schooling for migrants. 

Additionally, the data allows for the exploration of local characteristics 
that may mediate this relationship are explored through heterogeneities. 
To this end an important regional characteristics that can interact with 
the climate to affect the skills of workers migrating from a region are 
the income level of a country. In low income settings, workers may face 
a binding cost constraint (or a lack of urban opportunities due to low 
structural transformation) that breaks down the relationship between 
climate and education. Similarly, the presence of large urban centers such 
as primate cities within a region would reduce incentives for educated 
workers to move out of a region, for instance if they simply choose to 
move to the city within their home region.
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Table A3.2: Global Cross-Section
Emigrant Skill and Rainfall

Dependent Variable Average Years of Education of Emigrants

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

ln(Mean Annual Rainfall 
1900-1990)

0.347*** 0.293* 0.375** 0.375** 0.293* 0.337** 

(0.119) (0.164) (0.170) (0.174) (0.172) (0.162)

Years of Education of 
Natives

0.854*** 0.847*** 0.746*** 0.720*** 0.776*** 0.782***

(0.0383) (0.0608) (0.0821) (0.125) (0.138) (0.123)

Urbanization Rate in 1990 0.714*** 0.686*** 0.632*** 0.590***

(0.252) (0.219) (0.221) (0.213)

ln(GDP per capita) 0.108 0.0585 0.129

(0.232) (0.244) (0.226)

Mean Annual Temperature 
(1900-1990)

0.0470*** 0.0379**

(0.0168) (0.0192)

ln(Population) -0.241***

(0.0814)

Country FE No Yes Yes Yes Yes Yes

Observations 403 403 403 403 403 403

R-Squared 0.711 0.816 0.822 0.823 0.841 0.841

Adjusted R-Square 0.71 0.805 0.811 0.811 0.83 0.83

Note: Observation corresponds to subnational regions from across 21 countries. Estimates are from regressions 
weighted using domestic population of the region, with robust standard errors are presented in parenthesis. 

Table A3.3 explores these heterogeneities. Columns 1 shows that the 
relationship between rainfall and migrants’ education levels is driven by 
the middle-income country sample, by using an interaction term with an 
indicator variable to identify the countries that belong to the low-income 
group. Column 2 shows the interaction term for regions without primates, 
term with a dummy variable to identify regions containing the largest three 
cities within any given country. For both characteristics, the interaction term 
is negative, statistically significant, and large enough to reverse the positive 
sign on the coefficient on rainfall. Columns 3 and 4 show the coefficient as 
estimated for the sample after excluding these regions.

The preferred specification in column 4 uses regressions weighted by 
the size of the region’s population, to account for the precision of estimation 
using regional aggregates and make them representative of the average 
migrant in our sample. Following suggestions by Solon et al. (2015), the 
results are also confirmed to be robust to the use of alternative weights. 
Table A3.4 shows the robustness of these results to alternative weighting 
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Table A3.3: Global Cross-Section
Emigrant Skill and Rainfall – Regional Heterogeneities

Dependent Variable Average Years of  Education of 
Emigrants All Regions

Excluding Primate 
Regions

Excluding 
Low  Income

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

ln(Mean Annual Rainfall) 0.474***
(0.165)

0.408**
(0.162)

0.429**
(0.179)

0.429***
(0.164)

ln(Mean Annual Rainfall) x 
Primate Region

-0.619***
(0.172)

ln(Mean Annual Rainfall) x Low 
Income

-1.229***
(0.423)

Country FE No Yes Yes Yes

Controls Yes Yes Yes Yes

Observations 403 403 352 351

R-Squared 0.85 0.844 0.847 0.825

Adjusted R-Square 0.839 0.833 0.835 0.813

Each observation corresponds to one subnational regions from across 21 countries. Estimates are from 
regressions weighted using domestic population of the region, with robust standard errors are presented in 
parenthesis. All columns contain controls for urbanization rate, log of GDP, mean annual temperature and log of 
population.

approaches. Column 1 reproduces the estimates shown in column 4 of 
table A3.3, which uses domestic population as regression weights. Column 
2 shows the coefficient remains positive and statistically significant when 
using the stock of emigrants to weight the regression, or no weighting at all.

In addition to the cross-sectional analysis, data from multiple census 
rounds from Mexico, Brazil and Indonesia were also employed to test 
through panel-data approach whether rainfall shocks in the region of origin 
result in less educated urban migrants arriving from that region. To do so, 
for each urban migrant observed in a given census the number of rainfall 
shocks that occurred in their home region during the five years prior to 
the earliest possible year of migration. Then the below regression is used to 
test whether more frequent rainfall shocks affect the likelihood of an urban 
migrant being high-school educated.

SkillDummyijky = β1(NumberNegShocksjy) + β2(NumberPosShocksjk)+ Γ Ageijky 
+αj dky + eijk

The dependent variable here is a dummy variable equal to one if middle 
school (i.e. grade 8) was completed by individual i, from province of origin j, 
observed in destination k, in census year y. A set of age dummies is included in 
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Table A3.4: Global Cross-Section
Emigrant Skill and Rainfall – Alternative Weighting Approaches

Dependent Variable Average Years of Education of Emigrants

(1) (2) (3)

ln(Mean Annual Rainfall 1900-1990) 0.429***
(0.164)

0.347***
(0.110)

0.232*
(0.121)

Weights Domestic population Stock of Emigrants None

Country FE Yes Yes Yes

Controls Yes Yes Yes

Observations 351 351 351

R-Squared 0.825 0.899 0.848

Adjusted R-Square 0.813 0.893 0.838

Each observation corresponds to a subnational regions from the 16 middle-income countries in the full sample. 
Estimates are from regressions weighted as indicated, with robust standard errors are presented in parenthesis. 

the regression specification as well as origin fixed effects. The specification also 
controls for destination fixed effect, census-year fixed effects and the interaction 
of these two. This allows for a flexible specification of labor market trends across 
different regions of a country. Standard error are clustered at the origin-year 
level, as this is the unit of variation over which rainfall shocks are exploited.

The results are presented in Table A3.5 for the three countries. For each 
country, the first column shows estimates with controls for age, survey-year 
and origin fixed effects, and the next two columns then add on destination 
fixed effects and then the interaction of these with the survey-year dummies. 
A robust negative coefficient is consistently found to exist for negative 
rainfall shocks across all the countries, but not for positive shocks across all 
countries. This confirms that the relationship between rainfall and migrant’s 
education earlier observed in the cross-section is robust to estimation using 
panel data, where rainfall is measured using frequent and large deviations 
from the average rainfall over time. The estimates suggest, each additional 
negative rainfall shock in the five years preceding migration is associated 
with a 1 to 2 percentage point reduction in the probability of an urban 
migrant being “high-skilled”. Relative to typical migrants moving to urban 
areas in these countries, migrants escaping regions that receive negative 
rainfall shocks bring lower levels of human capital, as proxied by their 
education levels. 
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Table A3.5: Rainfall Shocks at Origin and Urban Migrant Skill

Dependent Variable High-Skill Dummy (above median migrant’s education level)

Brazil Mexico Indonesia

1 2 3 4 5 6 7 8 9

# of Neg Shocks at origin over last 
5 years 

-0.0186***

-0.00632

-0.0200***

-0.00595

-0.0164**

-0.00684

-0.0190***

-0.00685

-0.0197***

-0.00727

-0.0213***

-0.00744

-0.0112***

-0.0029

-0.0123***

-0.00328

-0.00852**

-0.00394

# of Pos Shocks at origin over last 
5 years

-0.00296

-0.0177

-0.00289

-0.0161

-0.00907

-0.0115

-0.000173

-0.00651

0.000671

-0.00677

-0.00714

-0.00752

-0.00471

-0.00604

-0.0132***

-0.00449

-0.0101*

-0.00541

Observations 546676 546676 546676 262206 262206 262206 296683 296683 296683

Adjusted R-sq 0.118 0.126 0.128 0.084 0.095 0.099 0.141 0.16 0.162

Mean of Dependent variable 0.57 0.57 0.57 0.64 0.64 0.64 0.63 0.63 0.63

Survey Year FE Y Y Y Y Y Y Y Y Y

Origin FE Y Y Y Y Y Y Y Y Y

Destination FE N Y Y N Y Y N Y Y

Destination X Year FE N N Y N N Y N N Y

All regressions include Standard errors in parentheses clustered at the origin-year level. + p<0.15, * p<0.1, ** p<0.05, *** p<0.01
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THE COST OF DAY-ZERO 
EVENTS

EMPIRICAL STRATEGY

The main empirical strategy is predicated on the fact that rainfall, and 
therefore water supply shocks are exogenous and consequently unpredictable 
with respect to urban growth. Thus, the model tests how the growth of 
NTLs, a proxy for economic activity, changes in years following large water 
supply shocks. To do so, equation 1 is estimated: 

D log(NTLit) = a1 + a2Water Shockit–1,t–3+Xit’l + fc(t) + qt + gi + eit (4.1)

where i indicates urban areas, t indicates years, and c indicates countries. 
The outcome variable D log(Yit) is the first difference of log mean 
luminosity (i.e. the growth rate) inside the urban area. Water Shockit is an 
indicator of a water supply shock for urban area i from years t-1 to t-3. 
Xit is a vector of control variables which include D log(Populationit) (i.e. 
the growth rate of population), measures of contemporaneous weather 
(precipitation and temperature) in the urban area itself, and a measure 
of temperature in the water supply regions. fc(t) are country-specific time 
trends, qt are year fixed effects, and gi are urban area fixed effects. By using 
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this set up, we are measuring how water supply shocks, presumed to 
be exogenous and unpredictable, lead to a change in economic growth 
that is over and above the change caused by trending growth patterns, 
time invariant factors of the city itself (which will thus also account for 
changes in policy at the regional and national levels), population growth. 
In addition, we control for contemporaneous weather changes in the city 
itself which is critical given the spatial autocorrelation in weather, and 
the fact that weather in the city has been shown to impact productivity 
(Sudarshan and Tewari 2014; Graff Zivin and Neidell 2014; Desbureaux 
and Rodella 2019).

To measure a water supply shock we use the 3-year cumulative z-score 
of precipitation in the region of the water supply locations, as supplied 
by TNC and McDonald (2016). The 3-year time period was chosen, as a 
drought that occurs over that time period would generally exceed the length 
of time that urban water supplies are designed to be resilient against. The 
benefits of using the cumulative z-score, rather than, for instance, a dummy 
indicator of drought over that time period, are three-fold. First, it allows 
an unusually dry year to be canceled out by an unusually wet year. This 
is important as water storage facilities can be replenished after droughts. 
Second, it allows for one to distinguish between relatively mild droughts 
and much deeper droughts to estimate heterogeneous impacts. Finally, it 
allows one to measure the intensity of the drought along two dimensions—
in depth, as well as over time—as a very harsh but short drought can be 
just as likely to lead to a water supply shock as a relatively milder but longer 
drought.

RESULTS

The results for estimating equation 4.1 are shown in Figure A4.1 (identical 
to figure 4.1 in the main report) which plots the coefficients from 6 different 
regressions which are identical except for the cutoff for shock size in the 
water point area. As one moves from the left to right, the cutoff increases 
by 1 standard deviation. The results show that positive rainfall shocks in 
the water point areas have positive, but muted and statistically noisy 
impacts. The results for negative shocks, however, are much clearer, with an 
increasingly large impact as the shock size increases. For instance, when the 
3 year cumulative shock is more than 3 standard deviations below the long 
run mean, luminosity growth falls by 0.8%. This increases to 1.7%, 3.3%, 
5.4%, and 12.0% as the minimum shock size increases to 4, 5, 6, and 7 
standard deviations, respectively.
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FIGURE A4.1: Impact of Water Supply Shocks on City Growth Rates
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Source: World Bank figure based on analysis using weather data from Matsuura and Willmott (2018); Nighttime 
Lights Time Series Version 4, from NOAA National Centers for Environmental Information, Earth Observation 
Group; and data on urban water sources from The Nature Conservancy and McDonald (2016) 
Note: Figure shows point estimates with 95% confidence intervals from regressing equation 4.1 six different times, 
each time increasing the minimum threshold for a water shock, as one moves from left to right.

Next, identical regressions to those run in Figure A4.1 are tested, but 
with a split sample. Figure A4.2 shows the sample split by average rainfall in 
the city, with the panel A including cities below the median rainfall level for 
the sample, and the panel B including cities above the median rainfall level. 

Next, the procedure is repeated but the sample is split based on 
the population size of the city. Figure A4.3 shows the sample split by 
average population in the city, with the panel A including cities below 
the median population level for the sample, and the panel B including 
cities above the median population level.

Finally, to test if the methodology employed here is misattributing the 
estimated impacts to water supply shocks, a placebo test is conducted. In 
this test, the sample is restricted to cities which do not have surface water 
supply points, but instead rely on desalination, groundwater, or other forms 
of water supply. Results from this test are in figure A4.4.
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FIGURE A4.2: Impact of Water Supply Shocks on Urban Luminosity Growth Rate, 
by Climate
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Source: World Bank figure based on analysis using weather data from Matsuura and Willmott (2018); Nighttime 
Lights Time Series Version 4, from NOAA National Centers for Environmental Information, Earth Observation 
Group; and data on urban water sources from The Nature Conservancy and McDonald (2016) 
Note: Panel A show results for cities in the bottom 50th percentile of long-run mean rainfall, and panel B shows 
results for cities in the top 50th percentile of long-run mean rainfall.
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FIGURE A4.3: Impact of Water Supply Shocks on Urban Luminosity Growth Rate, 
by City Population Size
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Source: World Bank figure based on analysis using weather data from Matsuura and Willmott (2018); Nighttime 
Lights Time Series Version 4, from NOAA National Centers for Environmental Information, Earth Observation 
Group; and data on urban water sources from The Nature Conservancy and McDonald (2016) 
Note: Panel A show results for cities in the bottom 50th percentile in terms of population size, and panel B shows 
results for cities in the top 50th percentile in terms of population size.
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FIGURE A4.4: Impact of Weather at Nonsurface Urban Water Points on Urban 
Luminosity Growth Rate, Placebo Test
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Source: World Bank figure based on analysis using weather data from Matsuura and Willmott (2018); Nighttime 
Lights Time Series Version 4, from NOAA National Centers for Environmental Information, Earth Observation 
Group; and data on urban water sources from The Nature Conservancy and McDonald (2016).
Note: Figure shows results of estimating the impact of weather at urban water supply points for cities that do not 
have surface water-based water supply points.
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GOING WITH THE FLOW

DATA

This section presents data utilized in the empirical examination of conflict 
breakout in the G5 Sahel countries and countries in Northern Africa, before 
and after the Arab Spring (circa 2011), building on the approach taken 
in by Khan and Rodella (forthcoming). Data on conflict events occurring 
between 1997 and 2011 is compiled from the Armed Conflict Location 
and Event Dataset (ACLED), which records a wide range of conflict events 
such as protests, battles and rebel activities derived from war zone media 
reports, humanitarian agencies and research publications. As is standard in 
the conflict literature, grid-cells (i) are coded as a dummy equal to 1 if a grid-
cell experienced any conflict event in a given year (t). 

Figure A5.2 plots the spatial distribution of the frequency of battle 
events in Africa at the 50km x 50 km resolution, which is the resolution 
of the main analysis in section 5.2. Additionally, to measure the share 
of each grid-cell that is irrigated data at the start of the analysis period 
gridded, gridded data on the average area equipped for irrigation between 
1990 and 2005 is taken from the FAO. The construction of this data set 
is described in Siebert et al (2015). Figure A2 also plots this data at the 
1km x 1km resolution at which the raw data is available. To conduct the 
analysis, this irrigation data is aggregated to the 50km x 50km by taking 
the average of percentage area irrigated in all smaller cells that fall within 
a larger grid-cell. 
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In addition to these main data, the analysis detailed in section 5.2 also 
employs various other time-invariant grid-cell level characteristics to control 
for possible confounds of climate and irrigation availability that may also 
be correlated with conflict. These include: the share of area with cropland 
and pastureland taken from Ramankutty et al (2008); population density 
in the year 2000 derived from the Gridded Population of the World dataset 

MAP A5.1: Conflict trends in Irrigated and Non irrigated regions in Africa 

Legend
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Source: Figure A5.2 shows Irrigated Area from FAO (pre-2005), and conflict events data from Armed Conflict & 
Event Data Project (ACLED), https://www.acleddata.com, for the whole continent of Africa.
Note: The five G5 Sahel countries are Burkina Faso, Chad, Mali, Mauritania, and Niger. North Africa refers to 
Algeria, Djibouti, Arab Republic of Egypt, Libya, Morocco, and Tunisia.
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(GPW v4); the presence of wetlands from the Global Lakes and Wetlands 
Database (GWLD v3) from WWF; and the presence of ethnic homelands of 
ethnicities whose historic economic activity is identified as being agriculture 
(see (Michalopoulos and Papaioannou, 2013) for data description).

METHODOLOGY AND RESULTS

A difference-in-difference approach is taken to compare the trends in 
conflict occurrence between irrigated and unirrigated areas. The approach 
used here builds on evidence compiled by Khan and Rodella (forthcoming), 
who conduct a deeper analysis comparing the countries of the G5 Sahel and 
the rest of West Africa. Grid cells are classified as irrigated if they contain 
any irrigated land, and the trends in conflict occurrence in the irrigated and 
non-irrigated grid cells is presented in Figure 5.2 in the main report, also 
presented in Figure A5.1 below. The differential trends suggest that when 
compared to non-irrigated regions irrigated areas in the G5 Sahel and MENA 
regions experienced a much higher likelihood of conflict events following the 
exogenous increase in fragility in the aftermath of the Arab Spring. To focus 
the analysis on fragility arising from violent political clashes over control of 
irrigated territory, the rest of this section focuses on a narrower definition of 
conflict which captures only the occurrence of “battles” in ACLED, defined 
as “a violent interaction between two political organized armed groups at 
a particular time and location”, with a grid-cell i being coded as a dummy 
equal to one if a battle occurred in year t. 

The presence of irrigation, however, may be correlated with various 
characteristics such as the presence of crops, local climate conditions, 
population density, which may be driving the observed differential trends 
in Figure A5.2. To control for these, the relationship between conflict and 
the presence of irrigation during the post-Arab Spring period of heightened 
fragility is next examined in a difference-in-difference framework through 
an empirical specification that that controls for covariates of irrigation 
that might be influencing the observed differential trends. Specifically, the 
following regression is estimated:

Conflictict = β ln(irrigareai + 1) × Postt +gt Xi+w Wit+dct+ai+¨ict

where the outcome of interest conflictict is an indicator variable that equals 
to 1 if a battle event occurs in grid-cell i in country c in a given year t. The 
variable irrigareai is a time-invariant measure of the area in each grid-cell i 
that was irrigated in the initial period, while Postt takes is a dummy variable 
that takes on a value of 1 if t refers to the years after 2011.1 The coefficient β 
captures the differential trend in conflict between cells with high-irrigation 
and low-irrigation grid-cells in the post-Arab spring period. Additionally, 
Xi is a set of time-invariant cell-specific characteristics that may be correlated 
with the presence of irrigation, and includes log of population at the start of 
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FIGURE A5.2: Conflict trend in Irrigated and Non irrigated regions, before and 
after the Arab Spring
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Source: World Bank calculations, based on data on irrigated areas from Siebert et al. (2015), and conflict data 
from Armed Conflict & Event Data Project (ACLED), https://www.acleddata.com. Calculations are based on the 
approach from Khan and Rodella (forthcoming).
Note: Figure A5.1 shows the share of grid cells in North Africa (MENA) and G5-Sahel countries that experienced 
different types of conflict events, separated by the presence of irrigation. This figure is similar to Figure 5.2 in the 
main report. The five G5 Sahel countries are Burkina Faso, Chad, Mali, Mauritania, and Niger. North Africa refers 
to Algeria, Djibouti, Arab Republic of Egypt, Libya, Morocco, and Tunisia.

the period as well as dummies to indicate the presence of wetlands, croplands, 
pasture lands, rivers and the homelands of ethnic groups that historically 
relied on agricultural livelihood strategies. gt allows for the effects of these 
characteristics to vary in flexible form over the period of the analysis. Wit 
is a vector of time-varying controls for rainfall and temperature to control 
for differences in climate over time and across grid-cells. Lastly dct is a set of 
country-year fixed effects, and ai a set of grid-cell fixed effects that account 
for average differences in other unobserved characteristics. 

The results are presented in Table A5.1 separately for the G5 Sahel 
countries, MENA countries, and the Rest of Sub-Saharan Africa. For the 
G5 Sahel and MENA countries, a statistically significant and large positive 
increase in the likelihood of conflict breaking out in grid-cells where more 
irrigated land is observed and unchanged by multiple controls. Additional 
checks of the data also confirm the existence of parallel trends in the period 
up until 2011. In the post-Arab spring period, there is an increase in the 

https://www.acleddata.com�


46

W
ater, M

ig
ration, and D

evelop
m

ent

TABLE A5.1: Conflict and Rainfall Shocks
Dependent Variable: Dummy variable equal to one if any battle event occurred in a year.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

G5 Sahel Rest of SSA North Africa (MENA)

Ln(Share of Cell 
Irrigated) X Post

0.0582*** 0.0510*** 0.0481*** 0.00483 -0.00513 -0.00391 0.0504*** 0.0292*** 0.0293***

(0.0108) (0.0112) (0.0111) (0.00322) (0.00344) (0.00352) (0.00651) (0.00683) (0.00722)

Observations 34160 34160 34160 127800 127580 127580 40560 40540 40540

R-sq 0.226 0.233 0.233 0.369 0.372 0.372 0.389 0.403 0.403

Country-Year FE Y Y Y Y Y Y Y Y Y

Cell FE Y Y Y Y Y Y Y Y Y

Controls X Time Y Y Y Y Y Y

Climate Controls Y Y Y

No Of Clusters/Cells 1708 1708 1708 6379 6379 6379 2027 2027 2027

Mean 0.018 0.018 0.018 0.064 0.064 0.064 0.0234 0.0234 0.0234

Standard errors in parentheses clustered at the gridcell level. * p<0.1, ** p<0.05, *** p<0.01”
Note: The five G5 Sahel countries are Burkina Faso, Chad, Mali, Mauritania, and Niger. North Africa refers to Algeria, Djibouti, Arab Republic of Egypt, Libya, Morocco, and Tunisia. 
Time-invariant cell-specific characteristics included in controls are log of population at the start of the period, as well as dummies to indicate the presence of wetlands, croplands, 
pasture lands, rivers and the homelands of ethnic groups that historically relied on agricultural livelihood strategies.
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likelihood of conflict where higher irrigation is observed specifically in the 
G5 Sahel and MENA countries, but the not in the rest of Western Africa. 
This provides further support to the hypothesis that highly-irrigated land 
in the G5 Sahel, relative to non-irrigated land in the same region, is more 
prone to conflict during periods of heightened fragility.

NOTE
1. The use of ln(irrigareai+1) instead of ln(irrigareai ) is to ensure that gridcells with 

zero irrigation are not dropped from the analysis. Alternate specifications such as 
ln(irrigareai+0.1), ln(irrigareai+0.01), the use of inverse-hyperbolic transformations, or 
the inclusion of a simple dummy to indicate the presence of any irrigation also provide 
similar results. 
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