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Abstract
What is the relationship between climate change and human capital accumulation? Through which mechanisms do weather changes affect tertiary
educational attainment in African economies? This paper investigates the
potential link between climate change and high-skilled human capital formation in Africa. In order to do so, a two-sector, world economy model that
endogenizes education decisions and internal migration decisions is developed. This stylized model predicts that negative climatic conditions increase
the share of people moving internally from rural to urban areas. This in
turn leads to a larger future share of individuals investing in tertiary education, because the access and returns to education are higher in urban areas.
These theoretical predictions are empirically validated by a panel data analysis at the country level, and a cross-sectional data analysis at the province
level. The panel data set includes 37 African countries and covers the time
period between 1960 and 2010. The cross-sectional data set includes 111
provinces in 17 African economies. A linear regression analysis shows that
weather changes and educational attainment are correlated. A Two-Stage
least squares regression analysis indicates that this effect results from the
impact of climatic variation on internal migration. The research leads to the
conclusion that adverse weather changes may have the unexpected effect of
increasing high-skilled educational attainment in African economies.
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Introduction

The analysis of the consequences of global warming and climate change has gained
increasing interests by economists over the past decades. The potentially adverse
impact of climate variables on economic growth and sustainable development has
been numerously documented within the literature. For instance, beginning from
the late nineties, several studies focused on cross-sectional analyses of the connection between climate and economic outcomes (Sachs and Warner, 1997; Gallup et
al., 1999; Nordhaus, 2006). They have in common that they find a negative relationship between temperature and economic development. Countries with higher
temperatures are characterized by lower aggregate economic outcomes.
More recently, panel data analyses using weather data for several decades addressed the shortcoming that a high correlation between temperature and institutional quality potentially drives the results in the cross sectional analyses (Acemoglu et al., 2002; Sachs, 2003; Rodrik et al., 2004). By identifying changes or
shocks in climate variables over time, these studies find statistically significant
impacts of climatic conditions on economic outcome variables. In terms of economic output, there is evidence of a negative impact of lower precipitation and
temperature increases for a given year on income in poor countries, particularly
in sub-Saharan Africa (Hsiang, 2010; Dell et al., 2012). In addition, windstorms
have a negative impact on local economic output. Moreover, climate variables disproportionally affect the output in the agricultural sector (Dell et al., 2014). Most
panel data studies find a negative effect of lower rainfall or higher temperature
levels on agricultural production in developing countries.
At the same time, it is well-established that human capital plays a key role
for development and long-run growth. In particular, highly educated workers
are crucial for facilitating innovation and technology diffusion when knowledge
becomes economically useful. The literature shows that this was the case during
the industrial revolution (Mokyr, 2005; Scquicciarini and Voigtländer, 2015) and
it is still important in the modern world (Castelló-Climent and Mukhopadhyay,
2013; Jones, 2014; Kerr et al., 2016). Given that growth and development are
affected by both factors, climate variables and high-skilled educational attainment,
the question whether climate variation itself impacts on educational attainment is
apparent.
Indeed several studies explicitly address the connection between weather and
educational variables, demonstrating the relevance of such an analysis. Most of
these studies investigate the matter from a micro-level perspective. For instance,
Maccini and Yang (2009), Marchetta et al. (2017), and Randell and Gray (2016)
conclude for Indonesia, Madagascar, and Ethiopia that positive rainfall shocks
increase educational attainment of female adults, school enrollment, or school
completion rates, particularly in the agricultural sector. At the same time, Groppo
and Krähnert (2017) show that negative weather shocks in Mongolia decrease the
likelihood of students to complete mandatory schooling in the future.
While these analyses provide informative results at the micro-level, the longrun conclusions at the macro-level remain rather speculative. Little seems to be
known about the adaptation mechanisms of economies to weather changes over
time. For the United States, Burke and Emerick (2016) conclude that farmers have
failed to adapt to productivity losses caused by higher temperatures by adjusting
2

production methods. Similarly, Fishman (2011) finds that irrigation has a limited
impact as an adaptation strategy to climate variation in the Indian agricultural
production sector. In terms of human capital investment, there is evidence of
an impact of weather shocks on school enrollment via an effect on wages. Shah
and Steinberg (2017) show that positive rainfall shocks in India increase wages.
This in turn leads to lower school enrollment rates and weaker test performances
of students, because the opportunity cost of schooling increases. These findings
indicate that rural households react to negative weather shocks by increasing the
investment in the offspring’s education. Furthermore, Beine and Parsons (2015)
investigate whether increased international migration is a channel of medium- or
long-run adaptation to adverse weather changes. In their panel data study they
do not find evidence of a direct effect of long-run climatic factors on international
migration rates. However, they show that natural disasters create higher urbanization rates and conclude, in line with numerous other studies (Barrios et al.,
2006; Piguet et al., 2011; Dallmann and Millock, 2013; Kubik and Maurel, 2016;
Henderson et al., 2017), that unfavorable climatic factors may trigger internal migration movements. Dell et al. (2014) reach a similar conclusion by stating that
emigration from climate-affected areas seems to be a common result of negative
shocks in agricultural production.
Finally, various analyses of the brain drain and brain gain phenomena emphasize the role of the incentive mechanism of educational attainment. The wellestablished principal theoretical argument is that higher returns to education in
the destination country increase the individual incentives of potential migrants
to invest in education (Mountford, 1997; Stark et al., 1997; Vidal, 1998; Beine
et al. 2001). This argument is confirmed by the empirical evidence in numerous
studies (Chand and Clemens, 2008; Gibson and McKenzie, 2011; Batista et al.,
2012; Shrestha, 2017; Theoharides, 2017). In addition to the studies discussed
above, this indicates that the analysis of the relationships between climatic conditions, adaptation mechanisms, human mobility, and educational attainment needs
to address individual incentive mechanisms.
The supposition that negative environmental conditions impact on individual
movement decisions is further confirmed by the Gallup World Polls. Figure 1
reports for 26 African economies the country-specific shares of respondents who
anticipate a necessity to move because of severe environmental problems in the
next five years.1 This share is higher than 0.1 in 19 countries. In addition, Figure
1 indicates that this share is positively correlated with the share of the rural
population in 2010.
These findings point to the importance of analyzing the channels through which
(particularly developing) economies adapt to changing climatic conditions. How
does climatic variability affect educational attainment? In particular, do higher
temperatures or lower rainfall have a positive or negative impact on high-skilled
education? Do weather changes result in a medium- or long-run substitution away
from low-skilled tasks, particularly in the agricultural sector, to more human capital intensive tasks? Is this process associated with more internal migration from
rural to urban regions? These are the questions addressed in this paper. To do
so, a simple two-sector partial equilibrium model is developed. This model in1

The question in the Gallup World Polls reads: "In the next five years, do you think you will
need to move because of severe environmental problems?"
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Figure 1: Rural population and expectation to move in Africa
Notes: This figure reports for 26 African countries the share of the rural population in 2010 and
the share of respondents in the Gallup World Polls that expect a necessity to move because of
severe environmental problems in the next five years.

corporates the crucial findings of the literature outlined above. It provides key
predictions that are empirically validated by a panel data and cross-sectional data
analysis focusing on African countries. By using two data sets, it is shown that adverse weather changes are correlated with higher tertiary educational attainment
in Africa. In addition, a Two-Stage least squares regression analysis indicates that
internal migration seems to be a key mechanism linking climate change and education. Hence, the empirical validation reveals indirect causality between climate
change and education via the moderating variable of internal migration. The study
demonstrates that adverse weather changes might promote internal migration and
in turn high-skilled educational attainment in Africa.
The analysis focuses only on African economies for mainly two reasons. First,
the impact of weather events is highly region-specific. A climatic anomaly or
deviation in the global and generally humid North has entirely different effects than
in hotter regions closer to the equator.2 Second, this paper analyzes the impact of
climatic variation on agricultural production. In general, more developed countries
are characterized by far more advanced agricultural production technologies. For
instance, the capacity to construct effective adaptation or protection mechanisms
to rainfall deviations, such as irrigation systems, might be far more developed in
richer countries. For these reasons it appears most reasonable to focus on lessdeveloped economies in Africa only.
The rest of this paper is organized as follows. Section 2 describes the model.
2

This might also explain the partly conflicting conclusions of the micro-level studies on the
climate-education nexus outlined above.
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Section 3 contains the empirical validation exercise of key predictions derived from
the theoretical framework. This section describes the data sets and the approach
of the estimation. Section 4 concludes.

2

Model

The model describes a set of economies with two sectors/regions r = (a, n), denoting agriculture/rural region (a) and nonagriculture/urban region (n). Goods are
produced in both sectors and are assumed to be perfect substitutes from the point
of view of consumers. The price of goods is normalized to unity. The productivity
in the agricultural sector is a function of climatic conditions. Each economy is
populated by individuals that supply the labor for the production process. An individual ⁄ earns a wage payment according to the inelastically supplied efficiency
units of labor. Individuals have the option to increase their supply of efficiency
units of labor by acquiring education. Hence, individuals can be attributed to
one of two skill groups s = (h, l), with s = h for the high-skilled individuals and
s = l for the low-skilled individuals. Individuals maximize their well-being by first
deciding in which region to live and second whether to invest in own education.
Hence, the dynamic structure of the model is recursive. This section describes the
model assumptions.

2.1

Technology

The production sector in each region is characterized by a simple production function. In the urban sector a single composite good is produced in each time period
t according to a constant returns to scale production function:
Yn,t (Hn,t ) = An,t Hn,t ’t,

(1)

Ya,t (Ha,t ) = G(Ct )Aa,t Ha,t ’t,

(2)

where An,t denotes the total factor productivity and Hn,t denotes the labor input
measured in efficiency units at time t. The agricultural output is assumed to
depend on weather variables such as temperature or precipitation.3 In the rural
sector a single composite good is produced in each time period t according to a
constant returns to scale production function:
where Aa,t denotes the total factor productivity and Ha,t denotes the labor input
measured in efficiency units at time t. The function G(Ct ) Æ 1 captures the
dependence of agricultural output on climatic conditions Ct at time t, which are
determined by rainfall or temperature levels. This function is assumed to be
t)
decreasing in the severity of the adverse climatic conditions (i.e., ˆG(C
< 0). This
ˆCt
means the function gives a lower value for stronger adverse climatic conditions.
Labor is the only production factor in this economy.4 High-skilled and lowskilled labor are assumed to be perfect substitutes. In the urban sector the average
3

Dell et al. (2014) review the studies that underline the impact of the climate on agricultural
production.
4
A model without physical capital features a globalized economy with a common international
interest rate. This hypothesis is in line with Klein and Ventura (2009) or Kennan (2013) who
assume that capital "chases" labor.
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and marginal product of one efficiency unit of labor is given by An,t . In the rural
sector the average and marginal product of one efficiency unit of labor is given by
G(Ct )Aa,t . All existing markets are assumed to be perfectly competitive in this
economy. The wage paid per efficiency unit of labor in each region and period wr,t
equals the marginal product of labor:
ˆYn,t (Hn,t )
= An,t ’t,
ˆHn,t
ˆYa,t (Ha,t )
©
= G(Ct )Aa,t ’t.
ˆHa,t
wn,t ©

wa,t

(3)

The total factor productivities are assumed to be exogenous in each time period
t. This means they may vary between time periods and will probably increase over
time capturing technological change. For simplicity, this type of technological
change is not captured explicitly in the model. It is, however, assumed in the
following that the total factor productivity is higher in the urban sector (i.e.,
An,t > Aa,t ). This assumption reflects real-world productivity and wage differences
between both sectors with a higher productivity in the urban than in the rural
sector (Gollin et al., 2014b).

2.2

Preferences

Individuals derive utility from the wage payment they obtain for their inelastically
supplied units of labor.5 These wage payments are determined by the amount of
efficiency units of labor Es,t that individuals supply on the labor market. In
addition, individuals derive disutility from the effort of moving between regions
and the effort of acquiring education. This is reflected by the individual-specific
movement cost x⁄rú r,t œ [0, 1] and the individual-specific cost of education e⁄s,t œ
[0, 1]. The former parameter captures the costs of moving from region rú to region
r, where x⁄rú rú ,t = 0. Hence, individuals have heterogeneous abilities to acquire
education and heterogeneous preferences over the region where they want to live.
The utility of an individual with skill-level s born in region rú and moving to
region r is denoted by:
Ur⁄ú r,s,t = ln(wr,t Es,t ) + ln(1 ≠ x⁄rú r,t ) + ln(1 ≠ e⁄s,t ) ’rú , r, s, t.

(4)

The amount of efficiency units of labor low-skilled individuals supply is normalized to unity (El,t = 1). As stated above, individuals increase the efficiency
units of labor they can supply by acquiring high-skilled education (Eh,t > 1). Consequently, investments in education increase the wage payments obtained on the
labor market.
However, education investments are not costless. Individual ⁄ incurs a strictly
positive cost of investing in high-skilled education (e⁄h,t > 0). The cost parameter
e⁄s,t reflects the innate ability of individuals to acquire education. It is assumed
that staying uneducated is effortless. In this case the cost of acquiring low-skilled
education is equal to zero for all individuals (e⁄l,t = 0 ’⁄). The individual-specific
5

This formulation implicitly accounts for the consumption of goods by assuming that the
earned wages are exclusively spent on buying consumption goods.
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cost of education for the high-skilled individuals is distributed on [0, 1] according
to the following cumulative distribution function:
F1 (eh,t ) = ez+1
h,t ,

(5)

where the parameter z governs the slope of the density function f1 (eh,t ) =
(1 + z)ezh,t . This function is increasing in eh,t . The fraction of individuals with a
high ability to become high-skilled (i.e., with low high-skilled education cost) is
decreasing in the size of z. The parameter z determines the abundance of highly
educated individuals.6
Furthermore, an additional simplifying assumption is made at this stage. College education is predominantly obtained in urban regions. Hence, it is assumed
that individuals in the rural region do not have the option to invest in high-skilled
educational attainment. This type of education can only be attained in the urban
sector.7
As stated above, the wage payment per efficiency unit of labor in each sector
is determined by the marginal product of labor. By assumption, this marginal
product is higher in the nonagricultural sector than in the agricultural sector. With
positive movement costs (i.e., x⁄rú r,t Ø 0 ’rú , r, t), there are only one-directional
movements of individuals from the agricultural to the nonagricultural sector. It is
simply not beneficial for individuals to move from the urban to the rural region,
since wage payments are higher at the origin. Therefore, we focus only on the
group of individuals born in the agricultural sector when analyzing the movement
decision. For some of these individuals moving internally may be optimal. This
depends on the individual-specific movement cost parameter x⁄an,t . This parameter
can be broadly interpreted as the effort required to move between regions. It
also captures individual preferences for living in urban or rural regions and other
drivers of internal migration (Bryan et al., 2014). In addition, the cost could
also be interpreted as reflecting the ability of individuals to provide funds for the
moving process. Similarly to the education cost, it is assumed that the movement
cost x⁄an,t is distributed on [0, 1] according to the following cumulative distribution
function:
F2 (xan,t ) = xv+1
(6)
an,t ,
where v governs the slope of the density function f2 (xan,t ) = (1 + v)xvan,t . This
function is increasing in xan,t . The higher the value of the parameter v, the lower
the fraction of individuals for which moving becomes beneficial.8

2.3

Individual decisions

The timing of individual decisions follows a stepwise pattern. First, individuals
discover their movement cost x⁄rú r,t and decide on moving between sectors. At
this stage individuals do not know their education cost e⁄s,t but know how it is
distributed. Hence, it is assumed that individuals have complete information about
6

Note that for z = 0 the distribution is equal to the uniform distribution.
In principle, it could also be assumed that education is simply more accessible in urban
regions. In this case high-skilled education would also be available in rural regions. It is key,
however, that education is more accessible in urban regions which is in line with the observation
that the educational infrastructure is usually more advanced in urban areas.
8
As mentioned above, the distribution is equal to the uniform distribution for v = 0.
7
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wage payments but may not have complete information about all their individualspecific cost characteristics. This assumption can be interpreted as reflecting that
individuals have complete information about markets but may not have detailed
knowledge about specific abilities required to adjust to these markets. After the
movement decision is made, those individuals that live in the urban sector decide
in a second step on education. Both decisions follow a discrete choice in order to
maximize the utility function given by Equation (4).
To better illustrate the decision structure, Figure 2 portrays a timeline of the
decision process in period t. Climatic changes influence the productivity level in
the rural sector. This affects the wage payments. Consequently, climatic changes
have the potential to change individual decisions via the impact on wages. Individual moving decisions are made in the first stage. In the second stage, individuals
decide on acquiring higher education. In order to determine the optimal individual
decisions, the problem is solved backward in the following.
Stage 1
climatic conditions

Stage 2

individual movement

movement
decision

educational attainment

time

education
decision

Figure 2: Timeline
Education decisions. – After individuals moved and settled in the region where
they prefer to live, the education decision is made. By assumption, individuals
living in the rural sector do not have the option to invest in high-skilled education. However, individuals in the urban region decide on such an investment.
Urban individuals decide on acquiring education by maximizing Equation (4). The
individual-specific cost of high-skilled education e⁄h,t determines whether an individual acquires high-skilled education. From transforming Equation (4) a threshold level of the education cost can be derived:
êh,t ©

Eh,t ≠ 1
’t.
Eh,t

(7)

Individuals with a high-skilled education cost parameter lower than êh,t invest
in education, whereas individuals with an education cost higher than êh,t do not
acquire education. The threshold education cost is increasing in the efficiency units
ˆê
of labor high-skilled individuals can supply on the labor market (i.e., ˆEh,t
> 0).
h,t
This means more individuals invest in high-skilled education if the increase in
wage payments generated by a higher efficiency is higher.
Given the distribution specified in Equation (5), the share of individuals that
live in the urban region and invest in high-skilled education is described by:
hn,t ©

A

Eh,t ≠ 1
Eh,t

Bz+1

’t.

(8)

The share hn,t is increasing in the efficiency units of labor high-skilled individuals
ˆhn,t
can supply on the labor market (i.e., ˆE
> 0) and decreasing in the parameter
h,t
z (i.e.,

ˆhn,t
ˆz

< 0).
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Movement decisions. – Before individuals decide on acquiring high-skilled education, individuals in the rural sector decide on moving to the urban sector.9
The decision to move between both regions depends on the difference in the future generated income in both sectors and the individual specific movement cost
x⁄rú r,t . Individuals do not have information on their exact education cost. However,
they anticipate the probability that their realized individual-specific high-skilled
education cost e⁄h,t is below the threshold level êh,t . This means individuals know
they will invest in education with probability pt if they live in the urban region.
Following Equation (5), the probability pt is equal to hn,t and given by Equation
(8). Individuals born in the rural sector decide on moving to the urban sector by
maximizing their expected utility. From transforming Equation (4) a threshold
level of an individual moving cost from a to n can be derived:
x̂an,t © 1 ≠

wa,t
(Eh,t ‰t )≠pt ’t,
wn,t

(9)

⁄
where ‰t © eE t [ln(1≠eh,t )] is a term that captures the expected disutility from an
investment in high-skilled education. Since there is no uncertainty about wages,
the uncertainty about future utility arises from the lack of information about the
individual-specific education cost. Individuals with a moving cost higher than
x̂an,t stay in the rural region, whereas individuals with a moving cost lower than
x̂an,t move to the urban region.
The threshold parameter x̂an,t is inversely proportional to the ratio of wages
in both sectors. If the difference between current wages in both sectors is higher,
more individuals move from rural to urban areas. This difference is higher if either
the wage in the urban sector is higher or the wage in the rural sector is lower (i.e.,
ˆ x̂an,t
x̂an,t
> 0 and ˆˆw
< 0).10 Finally, the threshold moving cost is increasing in the
ˆwn,t
a,t

size of the parameter capturing education-induced efficiency (i.e.,

ˆ x̂an,t
ˆEh,t
11

> 0) and

decreasing in the size of the expected disutility (i.e.,
> 0). This means
more individuals move internally if the expected payoff of education investments
is higher.
Given the distribution specified in Equation (6), the share of individuals that
are born in the rural region and decide to move to the urban region is described
by:
A
Bv+1
wa,t
≠pt
man,t © 1 ≠
(Eh,t ‰t )
’t.
(10)
wn,t
ˆ x̂an,t
ˆ‰t

The share man,t is decreasing in the parameter v (i.e.,
9

ˆman,t
ˆv

< 0).

Note that as emphasized above, the assumption on the wage differential between both sectors
impedes movements from the urban to the rural sector.
10
Note that if the movement cost is interpreted as reflecting individual abilities to secure funds
for the moving process, climatic changes affect the moving decisions of those individuals that are
in the middle of this distribution. This is in line with the conclusion of Kubik and Maurel (2016)
that individuals in the middle of the wealth distributions react to weather shocks by moving
internally.
11
The disutility is higher for smaller ‰t .
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2.4

Educational attainment

The individual decisions determine the size of the group of individuals that acquire
high-skilled education. The share of individuals born in the rural sector in period
t is denoted by rt . Consequently, the share of individuals born in the urban sector
is given by 1 ≠ rt . The share of individuals that decide to acquire high-skilled
education Ht is given by:
Ht = [(1 ≠ rt ) + rt man,t ] hn,t ’t.

(11)

Combining Equations (3), (8), (10) and (11) leads to the following term:
Ht =

S

U(1 ≠ rt ) + rt

A

G(Ct )Aa,t
1≠
(Eh,t ‰t )≠pt
An,t

Bv+1 T A
V

Eh,t ≠ 1
Eh,t

Bz+1

’t.

(12)

This expression explicitly links the climatic conditions in period t to the share
of individuals that invest in high-skilled education. It simply states that the share
of individuals moving from the rural region is higher, the more severe the adverse
climatic condition. The share of individuals living in the urban region is higher if
the share of individuals moving from the rural region is higher. The future share
of tertiary educated individuals is higher if the share of individuals living in the
urban region is higher.12
Formally this can be concluded by analyzing the signs of the partial derivatives
of Equation (12). The threshold level x̂an,t , that determines the share of individuals migrating internally, is decreasing in the function G(Ct ) which captures the
ˆ x̂an,t
climatic conditions Ct (i.e., ˆG(C
< 0). Therefore, the share of individuals investt)
ing in high-skilled education in period t is decreasing in the function that reflects
ˆHt
the size of adverse climatic conditions in period t (i.e., ˆG(C
< 0). Since G(Ct )
t)
is decreasing in Ct , the share of individuals investing in high-skilled education is
t
increasing in the size of adverse climatic conditions (i.e., ˆH
> 0).
ˆCt
Proposition 1 For given values of rt , Ar,t , Eh,t , ‰t , for exogenous parameters
z, v, and for
1 a negative
2 impact of adverse climatic conditions on agricultural
ˆG(Ct )
productivity
< 0 , adverse climatic conditions (Ct ) increase the share of
ˆCt
highly educated individuals (Ht ).

3

Empirical validation

The theoretical framework provides key predictions. This section aims at validating these predictions by means of an empirical investigation drawing on two
data sets. The first sub-section describes the data sources and how some of the
variables are constructed. The following sub-sections outline different estimation
approaches in order to validate the key theoretical predictions of the model.
12

Higher returns to education in the destination region (the urban sector) promote individual
educational attainment. Therefore, the theoretical prediction of the model is akin to the central
argument of the brain gain literature that is described above.
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3.1

Data

The first data set used in the empirical section contains unbalanced panel data for
37 African countries. The variables of this data set are provided at the country
level in intervals of five years (i.e., the difference between period t and t + 1
amounts to five years). The second data set provides data at the province level
for 111 provinces of 17 African countries. Collecting data at the province level for
African economies is more difficult than obtaining data at the country level. Data
for provinces are accessible only for recent years. Therefore, the second data set
has a cross-sectional character.
3.1.1

Panel data

The crucial dependent variable in Equation (12) is the share of individuals investing in high-skilled education.13 Data on the shares of people with completed
tertiary education are provided by Barro and Lee (2013). These data are available
for 38 African countries in five-year intervals from 1950 until 2010. Note that this
variable captures the stocks of highly educated individuals. Since there is a time
gap between the decision to invest in education and the completion of education,
the share of individuals investing in tertiary education in period t is proxied by
the stock of college educated individuals in period t + 1.14
Moreover, Equation (12) builds on the share of individuals born in the rural
region. The World Bank database on the World Development Indicators 2017
contains yearly data on the share of the rural population for 52 African economies
from 1960 to 2015. The shares of the population in the urban sector are simply
obtained as the reciprocal shares. To be in line with the variable reflecting highskilled educational attainment, the quinquennial averages of the urban and rural
shares are obtained by computing the average of the yearly values five years around
the year of interest.15
Following the approach of Beine and Parsons (2015), the impact of long-run
environmental factors is analyzed. In other words, the following analysis focuses
on slow-onset variables as opposed to addressing the impact of fast-onset shocks.
Rainfall and temperature data are obtained from the TS4.0 data set which is
provided by the Climatic Research Unit of the University of East Anglia. This data
set contains monthly weather observations on high-resolution 0.5¶ x 0.5¶ grids. The
country level annual observations are the averages of the area weighted monthly
observations. Quinquennial values are obtained by computing the mean of the
five annual observations before the year of interest. The approach differs from the
13

In this section and the following sections we focus on the percentage shares for expositional
convenience.
14
In general, there is no specific restriction or prediction on the time it takes for internal
migration to have an impact on stocks of tertiary educated individuals. Given that most college
degrees take around three years to complete, it is reasonable to assume a time gap of five years
for the analysis.
15
Note that the model relies on the stock of individuals in urban areas in order to capture
internal migration movements. Different fertilities between sectors are not accounted for in
the theoretical framework. The literature has shown that for the period between 1960 and
1990 around half of African urbanization can be explained by internal migration movements
(Zachariah and Conde, 1981; Kelley, 1991; Barrios et al., 2006). If this share is constant,
fertility differentials should have no qualitative impact on the results of the empirical analysis.
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approach taken above, because it is assumed that individuals adapt their decisions
to climatic conditions they observed in the recent past. The effect of the absolute
levels of rainfall or temperature might simply reflect the educational attainment
for more humid or warmer countries.16 Hence, the way in which adverse weather
impacts are measured is very important. As in Beine and Parsons (2015) or
Dallmann and Millock (2013), several different measures of the weather conditions
are computed.
First, deviations are characterized by the difference between the country level
quinquennial mean and the long-run mean given by:
Devi,t (Clim) = µ5i,t (Clim) ≠ µLR
i (Clim),

(13)

µ5i,t (Clim) ≠ µLR
i (Clim)
Anoi,t (Clim) =
,
‡iLR (Clim)

(14)

where the index i denotes the country, µ5i,t (Clim) denotes the quinquennial means
of the climate variable (Clim œ {P re, T em}), that can be precipitation (P re)
or temperature (T em), five years before time t and µLR
i (Clim) denotes the 20th
century long-run mean of the climate variable. Hence, the long-run refers in this
context to the period 1901 until 2000.
Second, anomalies are obtained by normalizing the deviations by dividing
through the long-run standard deviations:

where ‡iLR (Clim) denotes the 20th century long-run standard deviation of temperature or rainfall. As argued by Marchiori et al. (2012), this measure corrects
for scale effects.
Third, similarly to Iyer and Topalova (2014), a non-linear measure of the
climatic conditions is constructed by simply counting positive and negative climatic conditions. A positive rainfall (respectively temperature) shock is defined
as a yearly rainfall (respectively temperature) level that is one standard deviation
above (respectively below) the long-run mean for the 20th century. Equivalently,
a negative rainfall (respectively temperature) shock is characterized as a yearly
rainfall (respectively temperature) level that is one standard deviation below (respectively above) the long-run mean. For each year a variable is constructed
which takes the value of one if a positive and minus one if a negative rainfall or
temperature shock occurred:17
Y
_
_
]1

LR
P rei,tÕ > µLR
i (P re) + ‡i (P re)
LR
Dumi,tÕ (P re) = _≠1 P rei,tÕ < µLR
i (P re) ≠ ‡i (P re)
_
[
0
otherwise

Y
_
_
]1

16

LR
T emi,tÕ < µLR
i (T em) ≠ ‡i (T em)
LR
Dumi,tÕ (T em) = ≠1 T emi,tÕ > µLR
i (T em) + ‡i (T em)
_
_
[
0
otherwise

(15)

(16)

Note that there is arguably a high correlation between temperature and institutional quality
(Acemoglu et al., 2002; Sachs, 2003; Rodrik et al., 2004).
17
Unreported results show that a regression analysis using separate dummy variables for positive and negative weather shocks leads to similar results. For this reason, the analysis focuses
on a variable that jointly captures positive and negative weather events.
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These variables are then summed for the five years before time period t in order
to obtain the non-linear measure:
N lini,t (Clim) =

t
ÿ

tÕ =t≠5

Dumi,tÕ (Clim).

(17)

The non-linear variable capturing the climatic conditions can take a value between
minus five and five. The higher the value of this variable, the more positive are
the climatic conditions five years before time period t.
Finally, some control variables are included in the empirical specifications.
Data on the gross domestic product per capita are taken from the World Bank
database on the World Development Indicators 2017. The yearly data are given
in constant 2010 US Dollars for the period between 1960 and 2016. Moreover, as
in Castelló-Climent and Mukhopadhyay (2013), the adult population is defined as
the sum of individuals that are older than 15 years. Yearly population data by
age group are provided by the United Nations Population Division for the period
between 1950 and 2015. These data allow computing the share of population that
is older than 15 years for each country. To be in line with the other variables of
the data set, quinquennial averages of both variables are computed by taking the
mean of the yearly values five years around the year of interest.
Table 1 reports some descriptive statistics for the variables of the panel data
set. The merged data set is unbalanced and provides information for 37 economies
in Africa for the years between 1960 and 2010.18
Table 1: Descriptive statistics - panel data
Tertiary completed
Urban population
Pre. Deviation
Tem. Deviation
Pre. Anomaly
Tem. Anomaly
Non-linear Pre.
Non-linear Tem.
ln(GDP per capita)
Adult population

count
370
370
370
370
370
370
370
370
335
370

mean
1.63
29.49
-0.99
0.15
-0.09
0.37
-0.20
-0.78
6.89
56.16

sd
1.94
17.00
6.93
0.39
0.59
1.02
1.49
2.23
0.93
4.19

min
0.0
2.1
-40.5
-0.7
-1.7
-1.5
-4.0
-5.0
4.9
50.0

max
11.7
83.4
21.8
1.5
1.5
6.1
3.0
4.0
9.6
75.4

Notes: This table reports some descriptive statistics for the share of individuals with completed
tertiary education (tertiary completed), the share of people living in urban regions (urban population), the logarithm of the GDP per capita (ln(GDP per capita)), the share of people that are
older than 15 years (adult population), as well as the temperature and precipitation deviation
(Devi,t (Clim)), anomaly (Anoi,t (Clim)), and non-linear measures (N lini,t (Clim)). Depicted
shares are percentage shares.

3.1.2

Cross-sectional data

The Gallup World Polls provide data on individual educational attainment. For
111 African provinces the province-specific share of high-skilled individuals is computed as the weighted sum of tertiary educated individuals divided by the weighted
18

Table A 1 in the appendix lists the countries of the panel data set. Figure A 1 in the
appendix provides a map of Africa with the countries included in the panel data set.
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sum of all individuals living in the respective province. As stated above, the individual decision to invest in high-skilled education is not immediately reflected in
the stocks of tertiary educated individuals. The share of individuals investing in
tertiary education in a certain period is proxied by the province-specific stock of
college educated individuals between two and nine years later.19
Henderson et al. (2017) focus on weather variables at the province level in
their study of the connection between climate change and urbanization in African
provinces. Their data is used in this paper in order to analyze the impact of
climatic conditions at the province level. Following the approach of Henderson et
al. (2017), the change in climatic conditions is defined as:
Changej (Clim) =

ln(Climj,t ) ≠ ln(Climj,t≠4 )
,
4

(18)

where the index j denotes the province, Climj,t is the climate variable at time t,
that can be precipitation (P re) or temperature (T em). The change in rainfall or
temperature is measured in a four-year interval. This comes closest to the approach
applied for the panel data analysis which consists of computing the differences over
five years. The variable Changej (Clim) reflects the assumption that the change
in the climatic conditions in the recent past impacts on individual decisions.
Finally, three control variables are included in the empirical specifications. Two
of these variables are only available at the country level. As before, the countryspecific share of the population that is older than 15 years is computed from data
provided by the United Nations Population Division. For this control variable the
means of the yearly values five years around the year 2005 are computed. In addition, similarly to Castelló-Climent and Mukhopadhyay (2013) a country-specific
control variable on the government expenditures is used in the cross-sectional
regression analysis. The UNESCO Institute for Statistics provides data on the
government expenditures on education as a share of total government expenditures. The shares of the year 2005 are included in the cross-sectional specification
as an additional control variable.20 The control variable on the economic capacity
can be computed at the province level. The Gallup World Polls provide data on
household income. Similarly to the approach for the province-specific high-skilled
shares described above, the average of the household income levels are computed
for each of the 111 provinces. The logarithmic values of these province-specific
income levels are used as a proxy for the GDP per capita in each province.21
Table 2 reports some descriptive statistics for the variables contained in the
cross-sectional data set. Data are available for one time period per country only.
The time periods match years between 2000 and 2009.22
19

Limitations with respect to the availability of data only allow to match the provincial data
on the basis of this wide time frame.
20
Due to data limitations, information on the government expenditures on education of the
year 2006 is used for Niger.
21
For Zimbabwe no province-specific income levels can be computed from the Gallup World
Polls. Therefore, the GDP per capita from the World Development Indicators 2017 is taken as
a proxy for the income levels in the provinces of Zimbabwe.
22
Table A 2 in the appendix lists the countries and provinces of the cross-sectional data set.
Figure A 2 in the appendix provides a map of Africa which depicts the provinces of the crosssectional data set. The cross-sectional data set is corrected in some ways. First, data for Kenya
are available at a more detailed scale, so that data on several administrative regions are merged

14

Table 2: Descriptive statistics - cross-sectional data
Tertiary completed
Pre. Change
Tem. Change
ln(income)
Adult population
Expenditures

count
111
111
111
111
111
111

mean
1.81
0.0017
0.0012
6.42
55.86
19.26

sd
2.14
0.0111
0.0019
0.57
3.48
6.27

min
0.1
-0.0368
-0.0062
5.0
50.8
7.7

max
10.7
0.0420
0.0074
7.7
64.9
32.4

Notes: This table reports some descriptive statistics for the share of individuals with completed
tertiary education (tertiary completed), the change in precipitation and temperature at province
level (Changej (Clim)), the logarithm of the household income levels (ln(income)) at province
level, the share of people that are older than 15 years at the country level (adult population),
and the government expenditures on education as a share of total government expenditures.
Depicted shares are percentage shares.

3.2

Linear regression - reduced form

In a first step, this sub-section investigates whether educational attainment and
adverse climatic changes are correlated in Africa.23 The approach consists of
estimating the reduced form of the model in order to analyze whether climatic
conditions and human capital accumulation are related. Equation (12) illustrates
the dependence of the share of high-skilled individuals on the climatic conditions.
The main prediction of the model is that the share of tertiary educated workers is
higher if the adverse weather impact is stronger.24 The data sets allow to estimate
a linear dependence of this form.
3.2.1

Panel data

The regression analysis using the panel data focuses on two estimable equations.
The first part of this sub-section analyzes the simplest specification in order to assess the potential correlation between climate change and high-skilled educational
attainment. The following equation is estimated:
c
Hi,t = —0l.p.A + —1l.p.A Ci,t + —2l.p.A ln(yi,t
) + —3l.p.A popai,t + ki + ‘l.p.A
i,t ,

(19)

where the index i denotes the country, Hi,t is the share of individuals with completed tertiary education (at time t + 1), Ci,t is a measure for the climate variable
c
at time t, ln(yi,t
) is the logarithm of the GDP per capita at time t, popai,t is the
share of individuals older than 15 years at time t, ki is a country fixed effect, and
‘l.p.A
is the error term.
i,t
at the province level. Second, for other countries of the data set some provinces are merged.
Third, data on educational attainment appear unreasonably high in very few cases, so that
provinces with a share of high-skilled individuals that exceeds 0.11 are dropped from the data
set. This leads to the exclusion of three observations.
23
Appendix 5.2 provides graphs which depict the correlation between the climate variables
contained in the data sets and the variables capturing future educational attainment. Note that
the slopes of the lines illustrating the linear fit have the expected signs.
24
Remember that the partial derivative of Equation (12) with respect to the measure of the
t
adverse weather impact is positive (i.e., ˆH
ˆCt > 0).
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Similarly to Castelló-Climent and Mukhopadhyay (2013), the linear regression
analysis controls for the GDP per capita and the size of the adult population. Both
measures are expected to impact on the share of individuals obtaining high-skilled
education.25 Furthermore, country fixed effects capture the role of idiosyncrasies
at the country level. Finally, one could also think of adding time fixed effects.
However, the empirical analysis focuses on one continent. Overall, the weather
conditions analyzed here (rainfall and temperature) could potentially be correlated
across regions. For instance, exceptionally hot or cold years might affect a whole
continent in a similar manner. If this is the case, time fixed effects would absorb
some of the variation in the weather conditions. For this reason, the analysis
refrains from including time fixed in the estimated equations.
Table 3 gives the estimation results. Columns (1), (3), and (5) contain the
results of the estimations using rainfall data. Columns (1) and (3) show that there
is a negative correlation between precipitation deviations as well as anomalies and
the share of tertiary educated individuals five years later. Column (5) indicates
that a higher number of positive rainfall shocks that occurred in the recent past
is correlated with a lower future share of college educated workers.
Columns (2), (4), and (6) depict the results of the estimations using the temperature data. The results indicate that temperature deviations or anomalies
occurring in Africa are positively correlated with the share of individuals investing in high-skilled education. Column (6) shows that higher numbers of positive
temperature shocks are negatively correlated with the shares of tertiary educated
individuals five years later.
Furthermore, the reduced form estimation of the model assesses the robustness
of the results by changing the specification. Many of the macroeconometric analyses addressing high-skilled educational attainment propose a dynamic specification
of human capital accumulation. Commonly a —-convergence specification is estimated.26 The second part of this sub-section follows this approach and focuses on
the following estimable equation:
A

Hi,t
ln
Hi,t≠1

B

= —0l.p.B + —1l.p.B Ci,t + —2l.p.B ln (Hi,t≠1 )

(20)

c
+ —3l.p.B ln(yi,t
) + —4l.p.B popai,t + ki + ‘l.p.B
i,t ,

where the index i denotes the country, Hi,t is the share of individuals with completed tertiary education (at time t + 1), Hi,t≠1 is the share of individuals with
completed tertiary education (at time t), Ci,t is a measure for the climate variable
c
at time t, ln(yi,t
) is the logarithm of the GDP per capita at time t, popai,t is the
share of individuals older than 15 years at time t, ki is a country fixed effect, and
‘l.p.B
is the error term. This specification focuses on the change in the shares of
i,t
25

The use of additional control variables may further increase the precision of the empirical
analysis. For instance, Castelló-Climent and Mukhopadhyay (2013) use total or development
expenditures as additional control variables. However, including such measures comes at the
severe cost of drastically reducing the number of observations in the panel data set. Data on
government expenditures are only available for 91 observations in the data set used in this
section. In the cross-sectional analysis a control variable on government expenditures can be
included.
26
For instance, Beine et al. (2008) use a —-convergence equation for their analysis of the brain
drain phenomenon.
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Table 3: Linear fixed effects regression
VARIABLES
Pre. Deviation
Tem. Deviation

(1)
-0.0564***
(0.0160)

Pre. Anomaly

(2)
(3)
(4)
(5)
Tertiary completed (5 years later)

1.805***
(0.225)

Tem. Anomaly

-0.843***
(0.127)

Non-linear Pre.

0.592***
(0.101)

Non-linear Tem.
ln(GDP per capita)
Adult population
Constant
Observations
Number of countries
R-squared

0.904**
(0.388)
0.221***
(0.058)
-9.025**
(4.413)

0.906**
(0.375)
0.116**
(0.056)
-3.406
(4.306)

0.944**
(0.388)
0.217***
(0.057)
-9.675**
(4.283)

1.047***
(0.387)
0.142**
(0.057)
-6.190
(4.368)

335
335
335
335
37
37
37
37
0.646
0.681
0.660
0.670
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.336***
(0.0582)

(6)

0.945**
(0.382)
0.219***
(0.057)
-9.603**
(4.398)

-0.288***
(0.0386)
1.002***
(0.376)
0.138**
(0.057)
-5.733
(4.387)

335
37
0.661

335
37
0.675

Notes: This table reports the coefficients of the linear fixed effects regression. The independent
variables include the deviation in precipitation and temperature (Devi,t (P re) and Devi,t (T em)),
the precipitation and temperature anomalies (Anoi,t (P re) and Anoi,t (T em)), and the non-linear
measure of precipitation and temperature (N lini,t (P re) and N lini,t (T em)). The control variables include the logarithm of the GDP per capita (ln(GDP per capita)) and the share of the
population older than 15 years (adult population). Country fixed effects are not depicted. The
dependent variable is the share of individuals with completed tertiary education five years after
period t. Shares are measured in percentage.

high-skilled individuals. It departs from Equation (12) which is derived in the
theoretical section and links climatic conditions to the share of individuals living
in urban areas and the share of individuals investing in tertiary education.27
Table 4 provides the estimation results of the dynamic specification. In line
with the literature (see Beine et al., 2008), there is a statistically significant negative effect of the share of tertiary educated individuals in the previous period.
This indicates a catching-up process in terms of human capital.
Equivalently to table 3, columns (1), (3), and (5) of table 4 give the results
27

Many studies addressing internal migration analyze a similar change in the shares of individuals living in urban areas at different points of time. For instance, Henderson et al. (2017)
focus on the annualized growth of the urban population share. In general, the current analysis
could follow a similar strategy by adding a specification investigating the change in the shares of
individuals living in urban areas. However, a specification focusing on the change in the urban
population shares departs further from the main theoretical prediction derived above. Therefore,
the current analysis does not include such a specification.

17

Table 4: Linear fixed effects regression - dynamic specification
VARIABLES
Pre. Deviation
Tem. Deviation

(1)
-0.0157*
(0.00823)

Pre. Anomaly

(2)
(3)
(4)
(5)
Change in tertiary completed (in 5 years)

0.177
(0.170)

Tem. Anomaly

-0.180**
(0.0883)

Non-linear Pre.

0.0455
(0.0555)

Non-linear Tem.
ln(tertiary completed)
ln(GDP per capita)
Adult population
Constant
Observations
Number of countries
R-squared

-0.206***
(0.0663)
0.105
(0.0915)
-0.0019
(0.009)
0.255
(1.149)

-0.209**
(0.0915)
0.121
(0.106)
-0.0141*
(0.008)
0.805
(0.977)

-0.220***
(0.0725)
0.128
(0.0951)
-0.0025
(0.009)
0.00239
(1.199)

-0.197**
(0.0878)
0.125
(0.115)
-0.0100
(0.007)
0.511
(1.099)

331
331
331
331
37
37
37
37
0.220
0.183
0.215
0.177
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-0.0579
(0.0356)

(6)

-0.210***
(0.0752)
0.123
(0.0971)
-0.0029
(0.009)
0.111
(1.232)

-0.0228
(0.0271)
-0.198**
(0.0884)
0.124
(0.111)
-0.0106
(0.007)
0.550
(1.076)

331
37
0.200

331
37
0.178

Notes: This table reports the coefficients of the linear fixed effects regression based on the dynamic specification. The independent variables include the deviation in precipitation and temperature (Devi,t (P re) and Devi,t (T em)), the precipitation and temperature anomalies (Anoi,t (P re)
and Anoi,t (T em)), and the non-linear measure of precipitation and temperature (N lini,t (P re)
and N lini,t (T em)). The control variables include the logarithm of the share of individuals with
completed tertiary education in period t (ln(tertiary completed)), the logarithm of the GDP
per capita (ln(GDP per capita)), and the share of the population older than 15 years (adult
population). Country fixed effects are not depicted. The dependent variable is the logarithm of
the share of individuals with completed tertiary education five years after period t divided by
the share of individuals with completed tertiary education in period t. Shares are measured in
percentage.

of the estimations using the rainfall data, while columns (2), (4), and (6) depict
the results of the estimations using the temperature data. Columns (1) and (3)
show that there is a negative correlation between precipitation deviations as well
as anomalies and the change in human capital. For the other climate variables
no statistically significant effect can be recorded. Nevertheless, the signs of the
coefficients are in line with the previous results depicted in table 3. This additionally indicates that unfavorable climatic conditions are positively correlated with a
change in human capital accumulation.
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3.2.2

Cross-sectional data

Similarly to the analysis at the country level, the correlation between climatic
conditions and educational attainment can be investigated at the province level.
The regression analysis using the cross-sectional data focuses on the following
estimable equation:
Hj = —0l.c + —1l.c Cj + —2l.c ln(yjc ) + —3l.c popai + —4l.c expi + ‘l.c
j ,

(21)

where the index i denotes the country, the index j denotes the province, Hj is
the share of individuals with tertiary education, Cj is a measure for the climate
variable, ln(yjc ) is the logarithm of the income levels, popai is the share of individuals
older than 15 years, expi is the share of educational government expenditures, and
‘l.c
j is the error term.
Table 5: Linear regression - province data
VARIABLES
Pre. Change
Tem. Change
ln(income)
Adult population
Expenditures
Constant

(1)
(2)
Tertiary completed (2-9 years later)
-25.06
(23.36)
1.455***
(0.423)
-0.0104
(0.0625)
-0.0495
(0.0458)
-5.958**
(2.497)

219.2*
(121.1)
1.443***
(0.387)
0.0676
(0.0686)
-0.0822
(0.0496)
-9.909***
(3.301)

Number of provinces
111
111
Number of countries
17
17
R-squared
0.120
0.128
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: This table reports the coefficients of the linear regression using the cross-sectional province
data. The independent variables include the change in precipitation (Changej (P re)) and the
change in temperature (Changej (T em)) between period t and four years before period t. These
variables are region-specific. The control variables include the province-specific logarithm of the
household income levels (ln(income)), the country-specific share of the population older than
15 years (adult population), and the country-specific government expenditures on education as
a share of total government expenditures. The dependent variable is the region-specific share
of individuals with tertiary education between two and nine years after period t. Shares are
measured in percentage.

Table 5 shows the results of the reduced form estimation of the model at the
province level. Column (1) contains the result of the estimation that uses the
change in rainfall as a proxy for the climatic conditions. The result points to a
negative correlation between precipitation and the share of tertiary educated individuals several years later. However, the coefficient is not precisely estimable.
19

Column (2) illustrates the result of the estimation analyzing the effect of temperature changes. An increase in temperature levels that occurred in the recent
past is correlated with a higher future share of college educated workers. The depicted coefficient is statistically significant at the ten percent level. These results
are in line with the results of the linear country fixed effects regression analysis
described above. The coefficients have the expected signs but are only significant
when temperature data is used.
Overall, the results of the linear regression analyses might only reflect correlations between different variables. They are results of a reduced form estimation.
However, these results align with the model prediction on the sign of the partial
derivative of Equation (12) with respect to the climatic variation. In this light, the
linear regression analysis can be understood as a first step in empirically validating
the theoretical predictions of the model. In the next sub-section an alternative
approach is taken in order to reinforce the results.

3.3

Two-Stage least squares regression - structural form

The central claim of the theoretical model is that climatic changes impact on
tertiary educational attainment via their effect on internal migration. A TwoStage least squares regression analysis based on the panel data set allows to isolate
and test this effect. This aims at estimating the structural form of the model and
builds the main empirical validation of the predictions derived from the theoretical
framework.
Column (1) of table 6 shows that there is a significant positive effect of the
share of people living in urban areas on the share of individuals with completed
tertiary education five years later. In an analogous manner to columns (1) to (6) of
table 3, this column provides the coefficients of a country fixed effects estimation
including the usual control variables. Column (2) provides the estimation results
based on the dynamic specification. The coefficient of interest is not statistically
significant but has the expected sign.
A Two-Stage least squares country fixed effects regression analysis is conducted
in order to investigate whether the correlation between higher shares of the urban
population and future tertiary educational attainment may be a result of weather
changes. The regression analysis is based on the following two stages. First stage:
p
t
2SLS
ui,t = –02SLS + –12SLS Ci,t
+ –12SLS Ci,t
+ ki + vi,t
,

(22)

p
where ui,t is the share of the urban population at time t in country i, Ci,t
is the
t
variable capturing rainfall variation at time t in country i, Ci,t
is the variable
capturing temperature variation at time t in country i, ki is a country fixed effect,
2SLS
and vi,t
is the error term.28 In line with the linear regression analysis, two
variations of the estimation of the second stage are analyzed. The simplest version
of the second stage is given by:
c
Hi,t = —02SLS.A + —12SLS.A ûi,t + —22SLS.A ln(yi,t
) + —32SLS.A popai,t + ki + e2SLS.A
, (23)
i,t
28

Two instrumental variables are used jointly in the first stage regression to test the validity
of the instrumental variables included in the Two-Stage least squares regression analysis. This
differs slightly from the expression of the theoretical model. Using only one of the instruments
at a time gives very similar and significant results as shown by unreported results.

20

Table 6: Correlation between urban population and tertiary educational attainment
VARIABLES
Urban population
ln(GDP per capita)
Adult population
ln(tertiary completed)
Constant

(1)
Tertiary completed
(5 years later)

(2)
Change in tertiary completed
(in 5 years)

0.119***
(0.0107)
-0.0640
(0.232)
0.194***
(0.0411)

0.0137
(0.00908)
0.0486
(0.0731)
-0.0052
(0.0081)
-0.275**
(0.119)
0.0813
(1.295)

-7.459*
(4.173)

Observations
335
331
Number of Countries
37
37
R-squared
0.791
0.201
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: This table reports the coefficients of the linear fixed effects regression based on the
simple and the dynamic specification. The control variables include the logarithm of the share of
individuals with completed tertiary education in period t (ln(tertiary completed)), the logarithm
of the GDP per capita (ln(GDP per capita)), and the share of the population older than 15 years
(adult population). Country fixed effects are not depicted. The dependent variable is the share
of individuals with completed tertiary education five years after period t (column (1)) and the
logarithm of the share of individuals with completed tertiary education five years after period t
divided by the share of individuals with completed tertiary education in period t (column (2)).
Shares are measured in percentage.

where Hi,t is the share of highly educated individuals (i.e., the stocks of individuals
c
with completed tertiary education five years after time t) in country i, ln(yi,t
) is
a
the logarithm of the GDP per capita at time t, popi,t is the share of individuals
older than 15 years at time t, ki is a country fixed effect, and e2SLS.A
is the error
i,t
term.
In addition, a dynamic specification of the second stage is analyzed. This is
given by:
A

Hi,t
ln
Hi,t≠1

B

= —02SLS.B + —12SLS.B ûi,t + —22SLS.B ln (Hi,t≠1 )

(24)

c
+ —32SLS.B ln(yi,t
) + —42SLS.B popai,t + ki + e2SLS.B
,
i,t

where Hi,t is the share of individuals with completed tertiary education five years
after time t in country i, Hi,t≠1 is the share of individuals with completed tertiary
c
education at time t in country i, ln(yi,t
) is the logarithm of the GDP per capita
a
at time t, popi,t is the share of individuals older than 15 years at time t, ki is a
country fixed effect, and e2SLS.B
is the error term.
i,t
Table 7 depicts the coefficients for the first stage of the Two-Stage least squares
country fixed effects estimation. Negative rainfall and positive temperature devi21

Table 7: 2SLS fixed effects regression - first stage
VARIABLES
Pre. Deviation
Tem. Deviation
Pre. Anomaly

(1)

(2)
(3)
Urban population

-0.320***
(0.0659)
12.98***
(1.184)

Tem. Anomaly
Non-linear Pre.

-4.486***
(0.801)
4.112***
(0.470)

Non-linear Tem.
Constant

27.24***
(0.455)

27.61***
(0.462)

Observations
335
335
Number of Countries
37
37
R-squared
0.384
0.349
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

-1.868***
(0.312)
-1.922***
(0.213)
27.61***
(0.457)
335
37
0.359

Notes: This table reports the results for the first stage of the Two-Stage least squares country fixed effects estimation. The independent variables include the deviation in precipitation
and temperature (Devi,t (P re) and Devi,t (T em)), the precipitation and temperature anomalies
(Anoi,t (P re) and Anoi,t (T em)), and the non-linear measure of precipitation and temperature
(N lini,t (P re) and N lini,t (T em)). Country fixed effects are not depicted. The dependent variable
is the share of individuals living in urban areas in period t. Shares are measured in percentage.

ations have a positive effect on urbanization rates as depicted in column (1). Similarly, column (2) shows that negative rainfall and positive temperature anomalies
have a positive effect on urbanization rates. Finally, column (3) indicates that a
larger number of years with positive rainfall and temperature shocks is associated
with a lower urbanization rate. This means the coefficients have the expected
signs. All results are significant at the one percent level.
Table 8 depicts the results of the second stage regression. The left panel of
the table reports the result for the simple specification, while the right panel provides the results for the dynamic specification. Columns (1) and (4) contain the
results of the estimations that use rainfall and temperature deviations in the first
stage. Columns (2) and (5) show the equivalent results for rainfall and temperature anomalies. Finally, columns (3) and (6) depict the results if the non-linear
measures of rainfall and temperature are used in the first stage. The coefficients
have the expected signs and are significant at the one percent level. Furthermore,
the reported F statistics are high and above ten in all cases. This indicates that
the instrumental variables are not weak. Moreover, for the simple specification the
instrumental variables seem not to be orthogonal to the error term in the second
stage. The reported Sargan p-values are high, so that the null hypothesis that the
instrumental variables are uncorrelated with the error term in the second stage
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Table 8: 2SLS fixed effects regression - second stage
VARIABLES

Urban population
ln(GDP per capita)
Adult population
ln(tertiary completed)
Observations
R-squared
Number of Countries
Craig-Donald Wald
F statistic
Sargan p-value

(1)

(2)
(3)
Tertiary completed
(5 years later)
(Dev)
(Ano)
(N lin)

(4)
(5)
(6)
Change in tertiary completed
(in 5 years)
(Dev)
(Ano)
(N lin)

0.117***
(0.0123)
-0.0433
(0.243)
0.1948***
(0.0253)

0.118***
(0.0126)
-0.0519
(0.245)
0.1947***
(0.0253)

0.122***
(0.0126)
-0.0898
(0.244)
0.1940***
(0.0253)

0.0482***
(0.0140)
-0.0905
(0.103)
-0.0067
(0.0100)
-0.539***
(0.111)

0.0511***
(0.0170)
-0.102
(0.111)
-0.0068
(0.0101)
-0.562***
(0.134)

0.0444***
(0.0154)
-0.0752
(0.105)
-0.0065
(0.0098)
-0.510***
(0.121)

335
0.552
37

335
0.552
37

335
0.552
37

331
-0.050
37

331
-0.086
37

331
-0.008
37

86.7
88.35
17.68
0.52
0.849
0.04
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

11.91
0.046

13.66
0.185

94.26
0.935

Notes: This table reports the results for the second stage of the Two-Stage least squares country
fixed effects estimation. The dependent variable in columns (1)-(3) is the share of individuals
with completed tertiary education five years after period t. The dependent variable in columns
(4)-(6) is the logarithm of the share of individuals with completed tertiary education five years
after period t divided by the share of individuals with completed tertiary education in period t.
Temperature and precipitation deviations (Dev), anomalies (Ano), and non-linear measures of
temperature and rainfall (N lin) are used as variables in the first stage. The control variables
include the logarithm of the GDP per capita (ln(GDP per capita)), the share of the population older than 15 years (adult population), and the logarithm of the share of individuals with
completed tertiary education in period t (ln(tertiary completed)). Country fixed effects are not
depicted. Shares are measured in percentage.

cannot be rejected at the one percent level. This indicates statistical validity of
the instrumental variables when the specification most closely related to the theoretical model is considered. For the dynamic specification the Sargan p-values
are lower and only close to 0.2 when the non-linear measures of precipitation and
temperature are included in the first stage regression.
In addition to the results of the linear estimation, the results obtained by estimating the structural form of the model confirm the predictions of the theoretical
framework. These results show that climatic variations affect the level of internal
migration, as measured by the share of people living in urban areas. Increased
urbanization in turn impacts on the proportion of highly educated workers within
each country.

4

Conclusion

This paper investigates the link between tertiary educational attainment and variation of climate variables in Africa. Recent analyses of this connection do not
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provide long-run conclusions at the macro-level. Numerous contributions to the
literature find that adverse weather changes have a negative impact on production, particularly in the agricultural sector. Moreover, several studies show that
the agricultural sector seems to be unable to adjust to these changes which potentially induces more people to leave rural areas. The paper incorporates these
findings in a theoretical model. This model predicts that unfavorable weather
changes in the past increase the share of individuals moving from rural to urban
regions. This will increase the future share of individuals investing in high-skilled
education, because the access and returns to education are higher in urban regions.
In this light, the model addresses the capacities of economies to adapt to weather
changes via increasing their share of highly educated workers.
The empirical section of the paper validates the key predictions of the model.
By drawing on a panel data set for 37 African countries and a cross-sectional
data set for 111 African provinces, the empirical analysis confirms that adverse
weather changes and future shares of tertiary educated individuals are positively
correlated. In addition, a Two-Stage least squares regression analysis indicates
that the correlation between urbanization and future tertiary educational attainment is a result of the impact of rainfall or temperature changes. The conclusion
that climate change might have beneficial effects on high-skilled human capital
accumulation may be somewhat unexpected. Nevertheless, is shows that climate
change potentially affects economies through multiple and complex channels and
that the overall effects of weather changes are not always purely one-directional.
Therefore, this analysis adds to the studies advocating in favor of a multidimensional analysis of the phenomenon of climate change.
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5

Appendix

5.1

African countries and provinces
Table A 1: African countries in the panel data set

Algeria (DZA), Benin (BEN), Botswana (BWA), Burundi (BDI), Cameroon (CMR), Central
African Republic (CAF), Congo (COG), Cote d’Ivoire (CIV), Democratic Republic of the
Congo (COD), Egypt (EGY), Gabon (GAB), The Gambia (GMB), Ghana (GHA), Kenya
(KEN), Lesotho (LSO), Liberia (LBR), Libya (LBY), Malawi (MWI), Mali (MLI), Mauritania
(MRT), Mauritius (MUS), Morocco (MAR), Mozambique (MOZ), Namibia (NAM), Niger
(NER), Rwanda (RWA), Senegal (SEN), Sierra Leone (SLE), South Africa (ZAF), Sudan
(SDN), Swaziland (SWZ), Tanzania (TZA), Togo (TGO), Tunisia (TUN), Uganda (UGA),
Zambia (ZMB), Zimbabwe (ZWE)

Table A 2: African countries and provinces in the cross-sectional data set
Benin (BEN): Atacora and Donga, Mono and Couffo, Borgou and Alibori, Zou and Collins,
Atlantique and Littoral, Oueme and Plateau
Botswana (BWA): North-East, Kgatleng, South-East, Ghanzi, Ngamiland-old, Central, Kweneng
Burkina Faso (BFA): Nord, Centre Nord, Centre Sud, Centre Est, Centre, Sud-Ouest, Hauts
Bassins
Cameroon (CMR): Nord-Ouest, Est, Ouest, Centre Sud, Nord and Adamoua and Extreme
Nord, Sud-Ouest, Littoral
Central African Republic (CAF): Ouaka, Basse-Kotto, Ombella-M’Poko and Bangui
Chad (TCD): Tandjile, Lac, Mayo-Kebbi, West Logone (Occidental), East Logone (Oriental),
Kanem and Bahr el Gazal, Guera, Chari-Baguirmi and N’Djamena and Hadjer Lamis
Ghana (GHA): Eastern, Ashanti, Northern, Volta, Brong Ahafo, Greater Accra, Western
Kenya (KEN): Eastern, North Eastern, Rift Valley, Central, Nyanza, Nairobi, Western, Coast
Lesotho (LSO): Maseru, Quthing, Mohale’s Hoek, Leribe, Mafeteng, Berea
Mali (MLI): Koulikoro, Segou, Kayes, Bamako, Gao and Kidal, Sikasso
Mozambique (MOZ): Niassa, Cabo Delgado, Province of Maputo, Sofala
Niger (NER): Agadez, Zinder, Diffa, Niamey/Tillaberi, Maradi
Senegal (SEN): Fleuve/Saint-Louis and Matam, Sine-Saloum (Fatick and Kaolack and Kaffrine), Cap-Vert/Dakar, Thies, Louga, Casamance (Kolda and Ziguinchor and Sedhiou), Senegal Oriental/Tambacounda and Kedougou, Diourbel
Sierra Leone (SLE): Western, Northern, Southern, Eastern
Tanzania (TZA): Mbeya, Mwanza, Mara, Tabora, Kigoma, Morogoro, Kagera, Dar es Salaam,
Iringa, Kilimanjaro, Shinyanga, Ruvuma
Zambia (ZMB): Western, Central and Lusaka, Southern, Eastern, Copperbelt, Northern,
North-Western
Zimbabwe (ZWE): Mashonaland East, Mashonaland West, Mashonaland Central, Matabeleland South, Matabeleland North, Midlands
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Figure A 1: Share of college educated individuals in 2010 in African countries
Notes: This figure reports the percentage share of college educated individuals for the year 2010
in African countries contained in the panel data set. Countries are grouped into five bins, each
bin representing a quintile of the distribution of tertiary educated individuals.

Figure A 2: Share of college educated individuals in African provinces
Notes: This figure reports the percentage share of college educated individuals for the provinces
in Africa contained in the cross-sectional data set. Provinces are grouped into five bins, each bin
representing a quintile of the distribution of tertiary educated individuals.
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5.2

Correlation between climate variables and human capital accumulation

(a) Precipitation Deviation

(b) Temperature Deviation

(c) Precipitation Anomaly

(d) Temperature Anomaly

(e) Non-linear Precipitation

(f) Non-linear Temperature

Figure A 3: Pooled panel data
Notes: This figure reports the correlation between the country-specific precipitation and temperature variables and the country-specific percentage shares of individuals with completed tertiary
education five years later. Observations are pooled.
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(a) Precipitation Change

(b) Temperature Change

Figure A 4: Cross-sectional data
Notes: This figure reports the correlation between the province-specific precipitation and temperature changes and the province-specific percentage shares of individuals with completed tertiary
education several years later.
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