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Abstract

Climate change is a leading barrier for SDG4 progress, particular across poorer re-
gions which are more affected by it. This study estimates the impact of climate
change on communities’ completion rates across the life-course in four sub-Saharan
African countries. Our analysis is based on 2,524 communities of four countries (i.e.,
Cameroon, Ethiopia, Guinea and Nigeria) using a non-parametric approach to ac-
count for heterogeneity of climate change-education linkage. We find that raising
temperatures, lower rainfall, aridity and modifications on the quality of vegetation
are all related to lower completion rates, with these impacts being more prominent
in contextual disadvantaged communities, suggesting the urgent need for mitigating
policies.
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1. Introduction

The current impacts and future hazards of climate change caused by human activ-
ities have transformed Earth’s environment with severe implications for human and
planetary health (Abbass et al., 2022; Helldén et al., 2021; Masson-Delmotte et al.,
2021; Mora et al., 2022). Since temperature records began, the highest average global
temperature (i.e., 14.98◦C) happened during the year 2023 by a wide margin, 0.17
degrees higher than the latest record of 2016 (UNEP, 2023). Also, the 10 warmest
years in the 174-year record have all occurred during the last decade (2014–2023) and
2023’s record temperatures were 1.18◦C above the 20th-century average (of 13.9◦C)
(Lindsey and Dahlman, 2020; Siljander et al., 2023).

Due to climate change’s far reaching impacts on ecosystems and on all parts
of society, climate change’s effects will be particularly relentless among the most
disadvantaged groups as nearly half of the world population (between 3.3 to 3.6
billion people) live in contexts that are highly vulnerable to it (Lee et al., 2023;
UNEP, 2023), be it in countries and areas which are poorer, hotter and located
at lower altitude (Tol, 2018), features aligned to the realities of various African
countries. Watson et al. (2019)’s estimates for ecosystems indicate that more than
half of Africa’s bird and mammal species could be lost and the productivity of lakes
could decline by 20–30% by year 2100.

Because of widespread poverty in sub-Saharan Africa (henceforth SSA), the pro-
jected impact of climate change and degradation of ecosystems will be severe due
to its strong link with poverty alleviation and food security (for a recent regional
analysis, see: Adesete et al., 2023). SSA presents unique physical vulnerabilities to
climate change (Serdeczny et al., 2017) given the livelihoods of a large proportion
of SSA’s population depend on rainfed agricultural systems. There is also a vast
increase in rural-urban migration in the region (Di Falco et al., 2024) which is pro-
jected to triple, with more than half of SSA’s population to be living in cities by
2035 (Cartwright, 2015), leading to an acceleration in deforestation on the back of
agricultural expansion (Abernethy et al., 2016; Rudel, 2013).

The role in monitoring the actions to tackle and adapt and combat climate change
(namely SDG13) is, therefore, a catalyst element behind a successful progress among
other goals of the SDG agenda (e.g., Dagnachew and Hof, 2022; Xiao et al., 2023).
One of the key barriers for achievement of SDG4 (education goal) is climate change
because the negative impacts of climate change can be concentrated on children and
women (Adesete et al., 2023; Hanna and Oliva, 2016), who are especially vulnerable
to food and nutritional insecurity. Impacts of climate change in SSA can range
from poverty (Tamasiga and Bakwena, 2023), malnutrition and infectious diseases
(Serdeczny et al., 2017; Tirado et al., 2015; Thiede and Strube, 2020), and broad child
health outcomes (Davenport et al., 2020, 2017), with these effects being spurred on
by migration and conflict (Serdeczny et al., 2017).

These impacts will be translated into the educational domain since bad nutrition
and poor health (Baker and Anttila-Hughes, 2020), loss in family disposable income
caused by shocks that result in damage to crops and thus losses in agricultural
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income, will all have negative influences on educational performance. For example,
Randell and Gray (2019) find that children from West and Central Africa who are
exposed to below average rainfall during early life have lower attainment, 1.8 years
fewer years of schooling. In a study for ten SSA countries, Yang and Fen (2023) find
that cumulative exposure to climate anomalies (rainfall and temperature) during
early childhood has significant negative effects on primary school completion rates
(e.g., between 2.4%-10.3% due to precipitation anomalies), with these effects varying
depending on socioeconomic status.

Concurrently to SSA’s broad and far-reaching negative impacts of climate change
for future generations, the SSA region has the lowest attaintment rates by educa-
tional level and the largest out of school (OOS) populations. For instance, regional
estimates for 2020 show that the out-of-school rate was 33% at lower secondary and
48% at upper secondary and, more worryingly, these estimates have either stagnated
during the last decade or have grown instead of declining (UNESCO, 2022). Hence,
investigating the nexus of climate change and attainment for the SSA region is vital.

This paper adds to the empirical body of research on climate change and ed-
ucation for the Africa region by looking into this association for a selected group
of four SSA countries (i.e., Cameroon, Ethiopia, Guinea and Nigeria) using four
completion/attainment rates (primary, lower secondary, upper secondary and ter-
tiary) and four markers of climate change (aridity, temperature, rainfall and modi-
fication on the quality of ecosystems, proxied by Enhanced Vegetation Index, EVI)
with geo-localised (coordinates) data at the community level. The selection of the
four SSA countries for our study is consistent with specific countries’ challenges due
to differential ecosystems. For instance, Ethiopia has a diverse climate and land-
scape, ranging from equatorial rainforest with high rainfall and humidity in the
south and southwest, to the Afro-Alpine on the summits mountains and Woina Dega
zones where much of the country’s population is concentrated (areas of 1,500-2,500
meters), to desert-like conditions in the north-east, east and south-east lowlands
(World Bank, 2021a); whereas, Nigeria, is located primarily within the lowland and
humid tropics and it is overall characterised by high temperatures throughout the
year, having a relatively wet coastland and highly arid northern zones (World Bank,
2021b).

We rely on a non-parametric approach at the community level to assess climate
and education associations. The modelling approach followed allow us to pin down
heterogeneities shaping these associations, yielding unique local estimates for the
climate-completion association for each community, rather than an average associa-
tion across the sample. In doing so, we extend the literature in different directions.
Namely, we assess climate change-education associations across the lifecourse (from
primary to tertiary); we consider the quality of ecosystems (through changes on EVI
rates) impacted and modified by human activity among our set of climate change
variables; we benchmark results at the community level accounting for heterogeneity
and dissimilar mechanisms of communities’ resilience against climate change; and,
for long term implications of our analysis, we offer some forecast estimates based on
different emissions scenarios in the next decades.
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Specifically, in this paper, relying on data from the Demographic and Health
Surveys (DHS)1 for a set of four SSA countries (i.e., Cameroon, Ethiopia, Guinea
and Nigeria), we attempt to answer the following research questions (RQ):

� RQ1. How does the impact of key climate change variables on communities
vary across completion rates for different educational levels?

� RQ2. What is the role of communities’ dimensions of disadvantages (be it loca-
tion, poverty, women’s empowerment, health status) as intermediate pathways
on how climate channels educational attainment inequality?

The rest of the paper is organised as follows. Section 2 contains a literature
review on the nexus of climate and environment with education attainment, giving
some insights on the heterogeneity nature of this nexus. Section 3 describes the data
and key indicators for the analysis. In Section 4 we describe the methodological
approach. Main results are included in Section 5. In Section 6 we offer some forecast
of completion rates based on emission scenarios. Section 7 includes some concluding
remarks.

2. Literature review

In September of 2015, the global community, through its heads of state, commit-
ted to the Sustainable Development Goals (UNGA, 2015). The declaration declared
that the 17 goals are “integrated and indivisible” with “interlinkages” being of “cru-
cial importance” (UNGA, 2015, p. 1-2). One of those interlinkages is between climate
change and education. With both the environment and the education sector being
typified as complex systems (Faul and Savage, 2023; Slingo et al., 2009), their in-
terlinkages are equally complex. To make sense of such complexity, we present a
simplifying conceptual framework divided into two broad directional pathways, from
climate change to education and then from education to climate change. For each of
these we present conceptual pathways of influence, both direct and indirect. Draw-
ing from the literature on the effects of education on climate change, we identify
three direct and three indirect pathways of influence. We then turn to the literature
on the influence of the climate on education to develop two direct and two indirect
pathways –the shared elements of these pathways then constitute the focus of our
empirical analysis.

2.1. Effects of education on climate

The majority of the literature on the interaction between climate change and
education has focused on the influence of education on people’s knowledge, attitudes,
and behaviours related to climate change. The broadly optimistic trend in this
literature is inspired by SDG 4.7 and “education for sustainable development”, in
which education is seen as contributing to increased personal and political actions to
mitigate climate change or adapt to its effects (Fredriksson et al., 2020; Mochizuki
and Bryan, 2015; Reimers, 2021).
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Within this literature, one direct pathway runs from education to knowledge
about climate change. In some instances, this knowledge transmission focuses on
the scientific mechanisms that drive climate change –such as students learning how
greenhouse gases trap excess heat or learning how increased temperatures can lead to
increased polar ice-melt and subsequent increases in coastal flooding (Hinkel et al.,
2014; Yin and Foy, 2019). A second direct pathway articulated in the literature fo-
cuses on education’s role in shifting attitudes –often in addition to changes in knowl-
edge (Czarnek et al., 2021; Kurokawa et al., 2023). This includes education’s role in
changing the attitudes and beliefs of climate skeptics, reinforcing learners’ attitudes
about the importance of changing personal and political behaviors to address climate
change, and instilling attitudes about the importance of addressing climate change
among learners who have not yet developed clear attitudes (e.g., young learners).The
final pathway in this literature links education to changes in behaviour. Examples
focused on changes in behaviour include participatory projects, political action, or
institutional engagement that seek to link learning to action (Hemminki-Reijonen
and Logadottir, 2021). Other interventions combined traditional educational mate-
rial with behaviourally informed “nudges” to support behavioural change outcomes
(Kurokawa et al., 2023).

In addition to these more direct pathways, the other streams of literature con-
sider indirect influences from education to climate change, including negative effects.
We label these indirect because there is at least one intervening step between edu-
cation and climate change that lies conceptually outside of both the education and
environment sectors.

The first of these is the influence of education on family planning, with more
educated individuals waiting longer to have children and having fewer children (Mc-
Crary and Royer, 2011; Subbarao and Raney, 1995), albeit with some debate in
the literature. This association supports less population growth and thus less of
the consumption that contributes to climate change (Ray and Ray, 2011; Yahaya
et al., 2020). The next indirect pathway runs from education directly to consump-
tion before leading to climate change. In this pathway, education is associated with
increased levels of consumption. For example, this can include an increased dietary
footprint, as has been found in Mexico (López-Olmedo et al., 2022). Other studies
have found increased education was associated with higher household level carbon
footprints, for example in the context of Malaysia (Zen et al., 2022). The final and
related pathway leads from education to increased economic growth to worsening
climate change conditions. While the nature of the association between education
and economic growth continues to be debated, there are numerous studies supporting
an association between education and personal economic advancement and macroe-
conomic growth (Hanushek, 2013; Kamens, 2015; Psacharopoulos, 1994). Despite
efforts to delink growth and climate degradation (see studies such as Hickel, 2020,
2019; Mastini et al., 2021 on degrowth to avoid/minimise climate breakdown), eco-
nomic growth in most of the globe continues to be tied to worsening climate change
conditions, such as increased greenhouse gas emissions (Van Den Bergh, 2017; Yusuf
et al., 2020).
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Taking these six pathways jointly, it is no surprise that research has often found a
complex, non-linear relationship between education and environmental degradation.
For example, several studies have found a u-shaped relationship in which education
initially has negative effect on the environment and later has a positive effect (Cui
et al., 2022).

2.2. Effects of climate on education

The relationship between climate change and education can also move in the
other direction, with changes in the climate influencing educational outcomes. We
outline four channels here, two direct and two indirect for this relationship from
climate change to education outcomes.

While the evidence of causality remains contested, there is a growing consensus
that climate change is contributing to patterns of migration and forced displacement.
Increased severity and regularity of flooding and droughts can displace learners and
teachers while also causing the closure of schools. In 2022, the International Dis-
placement Monitoring Center (IDMC) estimated that more than half of the year’s
internal displacements (32.6 million out of 60.9 million) were related to environmen-
tal disasters (IDMC, 2023). In 2022, the continuing drought in Somalia triggered
the internal displacement of 1.1 million people and in two state more than 80 schools
were closed due to the drought (IDMC, 2023, p. 29).

Environmental disasters, made more frequent by climate change, can destroy
schools or make them temporarily inaccessible to students. Large-scale floods provide
a case-in-point. The extreme flooding in Pakistan in 2010, reduced students’ access
to schooling –destroying many schools, especially in rural areas (Ahmed et al., 2022).
In addition, more frequent, small-scale flooding can increase absenteeism and force
schools to redirect resources away ultimately reducing academic outcomes among
students (Cadag et al., 2017).

Reductions in rainfall can also have indirect effects on schooling. In Kenya,
experiencing rainfall reductions of one standard deviation compared to average lev-
els during the first two years of life disrupted cognitive skill development, weaken
children’s health, reduced household wealth, and have negative impact on later edu-
cational progression and school expenditure (Nübler et al., 2021). Looking at rainfall
during an individual’s year of birth in Indonesia, Maccini and Yang (2009) found that
an above average rainfall was associated with greater height, increased educational
attainment, and greater household assets but only for women. They find evidence
that supports a pathway from rainfall to health, to education, and then to assets.

The relationship between climate and education may be mediated through em-
ployment opportunities, or the lack there of both for adults and for children. Re-
search in rural Zimbabwe found that the drought of 2015 to 2016 was associated
with increased attainment but reduced academic performance (Nordstrom and Cot-
ton, 2020). The authors suggested that the increase in schooling was an indirect
effect of the lower opportunity cost of schooling created by the reduced occupational
opportunities in agriculture or pastoralism. In Ethiopia, Randell and Gray (2016)
found that patterns of rainfall and temperature during the first seven years of a
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child’s life are most strongly associated with school attainment. They further found
that the climate during the summer growing season had the most predictive power.
They interpret these patterns to support an indirect model in which climate changes
agricultural productivity which influences children’s physiological development and
later educational attainment. In India, Joshi (2019) provides additional support for
the negative effects of droughts on educational outcomes, specifically children’s math
and reading scores. They also show more powerful negative effects for females and
weaker effects when their fathers had a higher education and socio-economic status.
They argue that the pattern in their data support an indirect pathway from climate
to income to education.

Overall, less has been written about the effects of climate change on education,
it is to this literature that our paper makes a direct contribution. From these four
pathways, it is clear that droughts, floods, and agriculture all feature prominently in
these pathways from climate change to education outcomes. In our analysis, we proxy
these features using four different measures: aridity, land surface temperature, rain-
fall, and an enhanced vegetation index. We then measure the relationship between
changes in these climate variables and completion rates at primary, lower-secondary,
upper-secondary, and tertiary education.

3. Data

3.1. Data sources

The paper’s analysis is based on Demographic and Health Surveys (DHS) data
(Measure-DHS, 2023) for four sub-Sahara African countries (i.e., Cameroon, Ethiopia,
Guinea and Nigeria), with key educational attaintment (i.e., completion rates) and
geo-climate indicators being aggregated at the community level. The total number of
communities (or sampling clusters) is 2,527, which is divided as follows: Cameroon
(= 412), Ethiopia (= 557), Guinea (= 311) and Nigeria (= 1,247), with DHS years
falling into the 2016-2018 period (Table 1).

The DHS program has provided technical assistance in around 90 low and lower-
middle income countries, producing over 400 surveys since the 1980s, with detailed
information on health, women’s empowerment, nutrition, population and education
themes used in various studies for the SSA region (e.g., Adedokun and Yaya, 2021;
Akombi et al., 2017; Delprato and Farieta, 2023; Dietler et al., 2021). Importantly, for
the cross-country study we focus on here, the DHS sampling procedure has the double
advantage of country data being nationally representative as well as comparable
across countries (ICF-International, 2012), permitting a cross-country evaluation of
the impact of geo-climate variables on educational attainment for the sample of four
countries. Furthermore, the community (or cluster) in DHS –our level of analysis– is
a small contiguous area, known as a primary sampling unit (PSU), with a geographic
space that corresponds to census enumeration areas and administrative divisions of a
country.2 Typically, PSU sizes can vary but contains at least 30 households, ensuring
representativeness (Rutstein et al., 2006).
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The working data for the empirical analysis is obtained by merging various DHS
datasets.3 We follow definitions of completion rates which are based on the WIDE
dataset which, in parallel to the UIS.Stat dataset, are the frameworks to monitor the
education goal (SDG4) related to attaintment. Definitions of the completion rates
(at primary, lower and upper secondary, and tertiary) and the age-intervals used are
included in Table 1 notes. These four rates, capturing bottlenecks at given landmarks
of the educational lifecourse, are then averaged at the community level (the unit
of analysis) and merged with communities’ geo-location identification. Hence, we
restrict our working sample to communities with geographical coordinates available
(from spatial data) and with non-missing observations on key covariates.

The geographic distribution of communities with the latitude-longitude location
(XY coordinates) are shown in Figure 1. DHS collects coordinates for the centroid
of the survey cluster/PSU (Wilson and Wakefield, 2021) but, for confidentiality, the
geo-coordinates of clusters are randomly displaced, up to two kilometres (0-2 km) for
urban clusters and up to five kilometres (0-5 km) for rural clusters (Perez-Heydrich
et al., 2013). Random displacement is not a limitation for our analysis as we do not
engage with spatial modelling per se. Vitally for the analysis, within spatial geo-
located data at the community level, there is an array of contextual variables and
key climatic and environmental variables (population, footprint, droughts, temper-
ature, precipitation, vegetation, etc.) available in the DHS spatial data repository
(DHS.spatial.covariates).4 Details on the construction of DHS spatial covariates can
be found at: Mayala et al. (2018) and Boyle et al. (2020).

[Figure 1 here]

We employ four climate-related covariates in the analysis, namely: aridity (arid-
ity index-AI), land surface temperature (LST), rainfall and the enhanced vegetation
index (EVI). The AI is the ratio of annual precipitation to annual potential evap-
otranspiration (Greve et al., 2019); LST is a more robust indicator of temperature
and a basic determinant of the terrestrial thermal behaviour (Hulley and Ghent,
2019; NourEldeen et al., 2020); and EVI is used to monitor vegetation condition and
severe fluctuations of the health of ecosystems due to developmental activities and
climate change (Vancutsem et al., 2021; Vijith and Dodge-Wan, 2020; Wang et al.,
2023). Aridity, temperature and rainfall are measurement for the year 2015, whereas
for EVI we measure rates of change for the 40-year period (1985-2015). EVI long
term alterations can show ecosystems’ stress and changes related to drought because
of EVI’s linkage with LST (Bari et al., 2021; Guha and Govil, 2021). Broadly, forest
cover changes and degradation can impact on the delivery of important ecosystem
services, including biodiversity richness, climate regulation, carbon storage and water
supplies (Hansen et al., 2013).

The paper’s contribution is to expand the body of literature of climate and envi-
ronmental variables and development outcomes for the SSA region (using a selected
group of four ecologically diverse countries) from an educational angle since most of
existing studies for the region tends to focus on explaining health outcomes (e.g.,
Eissler et al., 2019; Grace et al., 2015; Thiede et al., 2022; Thiede and Strube, 2020).
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3.2. Education indicators and climate explanatory variables

Sample features and summary statistics for educational attainment are displayed
in Table 1. As mentioned above, the number of communities used for the analysis
varies per country (from 311 in Guinea to 1,247 in Nigeria). As expected, completion
rates diminish in value across the lifecourse, showing the heightened disadvantages
students face to stay-in and complete educational levels in the region (e.g., Evans
and Mendez Acosta, 2021; Kuepie et al., 2015; UNESCO, 2020). When considering
the total sample, the reduction in the chances of completing primary against lower
secondary is of 16.4%, between lower and upper secondary of 10.8%, with a largest
drop after secondary and tertiary of 24.3%. In Cameroon, for instance, over three
quarters of students complete primary, less than half lower secondary, one out five
upper secondary and just over one out of ten students have attended at least two
years of tertiary.

[Table 1]

Communities educational performance varies enormously inside countries by their
geographical location. Figure 2 shows that, within each country, communities’ aver-
age educational performance for the four education indicators is highly heterogenous,
even within administrative areas. A visualisation of interpolations across communi-
ties completion rates from left (primary) to right (tertiary) shows that areas with
darker colour (i.e., of higher educational performance) become progressively smaller
in size, thereby implying close and clear defined clusters of high performance in more
urbanised/larges cities.

[Figure 2 here]

In particular, consider the specific cases of Cameroon and Ethiopia for the lower
secondary completion rate indicator shown in Figure 2. In the central region of
Cameroon high rates are found across the southern parts (especially in the capital
Yaoundé) and decreasing rates moving north within this region, while for Ethiopia
(within the SSNR region) increasing rates are found towards northeastern zones. In
consequence, the observed large educational attainment heterogeneity inside coun-
tries points towards the needs to account for community heterogeneity methodolog-
ically. We address this by using a local non-parametric approach (see Section 4).

Moreover, the group of plots of Figure 3 displays countries’ interpolations for
the four climate explanatory variables (AI, LST, rain and EVI) we use as drivers of
educational inequality. Here, too, climate covariates show substantial heterogeneity
due to the presence of various sub-ecosystems (e.g., tropical rainforest, savannas,
mountain forest, deserts) and dissimilar pattern of development within each country5

affecting the impact of climate change variables and fluctuations of vegetation. It
is interesting to identity a country’s areas where EVI rates are negative for the last
four decades (lightest green colour located in the right set of maps of Figure 3), as
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this may indicate deforestation and the impact of human activity on the health of
ecosystems. For example, in Nigeria, these hot spots can be found across the Niger
Delta low-lying region in the south of the country; and, for Ethiopia, west of the
capital and towards the Amhara region.

[Figure 3 here]

3.3. Summary statistics by educational performance

The empirical relevance of climate and environment association with communi-
ties’ educational attainment is corroborated by the summary statistics of Table 2 (for
the pooled sample), where mean values of covariates are shown by low-high values
of completion rates.6 Panel A shows that the group of weak performing communi-
ties, in comparison to those communities of high performance (and irrespective of
the education indicator considered), also suffers relatively more in terms of higher
aridity and temperature, smaller precipitation and changing (larger) rates of EVI.
The low-high gaps decrease for completion rates at higher educational levels.

In particular, climate gaps shown in Table 2 against low performing communities
are: higher LST of 1.10◦ (primary), 0.66◦ (lower secondary), 0.33◦ (upper secondary)
and 0.03◦ (tertiary); higher AI between 11.85 (primary) to 3.23 (tertiary); and re-
duced precipitation in the range of -356 mm (primary) -57 mm (tertiary). Likewise,
we observe higher rates for EVI (of 5.2%-3.15%) in communities with below average
completion rates, possibly caused by combination of higher LST at a given precipi-
tation threshold (Zhong et al., 2021).

[Table 2 here]

These raw differences validate the motivation behind our main research question,
and they are in line with studies for the African region showing the trade-off between
social/developmental and educational outcomes and climate and environmental vari-
ability (Davenport et al., 2017; Galway et al., 2018; Randell et al., 2022; Randell and
Gray, 2019, 2016).

Table 2 also demonstrates that the degree of completion rates a community can
achieve is determined by its social context. Summary statistics for an array of socio-
economic, women’s empowerment and health covariates (which are used later as
controls in the analysis) by the two performing groups of communities are shown in
Panel B of Table 2. Using primary completion rates (columns 1 and 2) as an example
on the detrimental effect that broad disadvantages have on educational outcomes,
a low performing community is 42% more likely to be located in rural areas than
in urban areas, and 69% of poor communities fall into the low performing group
but 51% in the high performing group, with low performing communities having a
degree of bankarisation around 40% lower than the one observed in high performing
communities. Similarly, lower women’s empowerment and lower health are observed
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in communities with low primary completion rates in comparison to communities
with primary completion rates above the mean. The gaps on rates for these two set
of communities are of 14% for early marriage and of 2.3% for fertility and of 8% for
stunting rates. Summary statistics for the covariates for the remaining education
indicators (columns 3 to 8, Table 2) show similar patterns.

4. Methods

Because of the type of educational outcomes used in the paper as dependent
variables (i.e., completion community rates, so Y ∈ (0, 1)), and the fact that we
do not know a priori how climate covariates may influence completion along the
spectrum of communities’ rates and the heterogeneity shaping these associations, we
follow an agnostic approach, i.e., non-parametric regression. This approach offers,
from a policy-wise perspective, some insights related to how heterogeneity behaves
across the four countries yielding unique local estimates for the association of climate-
completion for each community, rather than an average association across the sample.
Unlike parametric estimation, nonparametric regression assumes no functional form
for the relationship between outcomes and covariates (Cameron and Trivedi, 2022;
Fan and Gijbels, 1996; Li and Racine, 2004), relaxing assumptions on the form of the
regression function and allowing data search to find out a suitable function describing
the data well (Fan, 2018).

Our parameter of interest (the conditional mean of completion rates for each
country) is an unknown function m(.) of the k-dimensional vector of covariates x;
that is: E(y|x) = m(x) because E(ε|x) = 0, where ε is the error term. Local-linear
regression estimates a regression for a subset of observations for each point in the
data. In particular, we follow local linear regression with kernel (Eubank, 1999;
Fan and Gijbels, 1996; Li and Racine, 2023) which is an adaptation of a general
locally weighted regression in the context of kernel smoothing. That is, the aim is
to estimate m(x) at given values of x, say x0 (or more broadly in an interval of
observations xi close to x0, with higher weights given to closest observations to x0)
without imposing restrictions on the functional form of m(.)

Formally, kernel regression uses the local weighted average (for each country, c =
1,...,4, with a total number of observations or communities N):

m̂(x0) =
N∑
i=1

w(xi,x0,h)× yi (1)

where the weights w(xi,x0,h) increase as xi 7→ x0 and decrease if the bandwidth
parameter h increases. The weighting function is the product of kernel functions:

w(xi,x0,h) =
K∏
j=1

wj(xi,x0, hj) (2)

and with the kernel weight for given regressor jth given by:
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wj(xi,x0, h) = Kj

(
xji − xj0

h

)/ N∑
i=1

Kj

(
xji − xj0

h

)
(3)

and for continuous and discrete covariates Epanechnikov and Li-Racine kernel
functions are used, respectively.7

Local linear regression, for each data point x (e.g., x0), solves the minimisation
problem with respect to the constant α0 and slope β0 by minimising the weighted
sum of squares:

min
N∑
i=1

w(xi,x0,h)×
(
yi − α0 − (xi − x0)

′β0

)2
(4)

where the estimated constant α̂0 is the conditional mean estimate m̂(x0) and the
estimated slope parameter is the derivative of the mean function for each point of x,
that is: β̂0 = m̂′(x0) ≡ ∂m(x)

/
∂x

∣∣
x=x0

. Once the minimisation is repeated over the
whole range of x, we obtain the entire mean function and its derivatives.

We estimate Eq. (4) under two specifications: (i) a null model which only includes
as x the climate covariates xcli, and (ii) a full model where we add the remaining
non-climate covariates xnon-cli (i.e., those shown in Panel B of Table 2) to gauge if
relationships obtained between completion rates and climate variables hold net of
contextual features of communities. We obtain the optimal bandwidth, a crucial ele-
ment of non-parametric regressions, by using cross-validation (Li and Racine, 2004)
which balances the trade-off between bias and variance of the mean function estima-
tor; standard errors for the derivatives are calculated by bootstrap using R = 400
replications.8

Additionally, because of the different units of climate variables and to facili-
tate grasping the significance of our results (Boillat et al., 2022), estimated mean
derivatives are scaled up by mean values of dependent and independent variables,
and presented in terms of elasticities (evaluated at the sample mean). Namely, we
report:

(
∂y/∂xk

)
×

(
x̄k/ȳ

)
, i.e., the proportional change on completion rates (y)

following from a 1% change in the given climate covariate xk. This procedure allows
to answer RQ1, the mean effect of climate variables on completion rates. For RQ2,
the sub-sample analysis, we re-run Eq. (4) by rural/urban location, poor and rich
communities, communities with low-high rates of early marriage and by low-high
stunting rates, which sheds light into whether climate, as a barrier of educational
attainment, is more prevalent in given communities’ settings.

5. Results

5.1. Main findings

This section deals with RQ1. Non-parametric, local regression kernel estimates
for the four completion rates dependent variables based on Eq. (4) are presented
in Table 3 (for aridity and temperature) and in Table 4 (for rainfall and EVI). Our
focus is on the partial derivatives of the mean function for the four climate covariates
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(i.e., m̂′(xcli)) under a null model (without controls: columns 1, 3, 5 and 7) and a
full model (with controls: columns 2, 4, 6 and 8).9 For reference, we also include
OLS estimated coefficients for climate covariates in the Appendix (see: Tables B1
and B2).

To begin with, results of Panel A (Table 3) show an overwhelming consistency
of estimates as regards to the negative impacts that increasing community aridity
indices (AI) has across the four countries and for the four completion indicators. Only
three out the total 16 estimates (for the full model specification) are non-statistical
significant. This is expected as the AI, a combined indicator of temperature and
rainfall, can capture long term weather patterns with severe bearings, especially
within rural communities as aridity is strongly linked to agricultural production, food
security, health, internal migration and income (Lickley and Solomon, 2018; Nhamo
et al., 2019; Piemontese et al., 2019). In the pooled sample, 60% of communities
are located in rural settings, reaching higher values in Ethiopia (67%) and in Guinea
(76%).

[Table 3 here]

Results of Panel A (Table 3) show an important reduction on the estimated effects

of AI on completion rates (β̂AI) when moving from the null specification to the full
specification. For instance, for completion rates at primary level (columns 1 and 2)
and at lower secondary level (columns 3 and 4), reductions on the estimated effects
are of 29%-55% and 49%-68%, respectively, indicating that socio-economic context
of communities heavily matters and can thus act as ecological resilience factor for
the transmission of climate-educational inequalities. Still, as said above, most of the
statistical power of AI remains; therefore, aridity conditions are a prevailing barrier
for educational attainment, net of the array of communities’ features.

First, we discuss countries’ estimates based on the full specification (Table 3-
Panel A; columns 2, 4, 6 and 8). Estimates are slightly decreasing when completion
is measured from primary to end of secondary (with the exception of Cameroon), and,
for Ethiopia, impacts are larger at upper secondary level (= -0.41) and at tertiary
level (= -0.60). Impacts of AI are consistently high for Guinean communities in
comparison to the other countries. In particular, in Guinea, a 1% increase on aridity
above its mean value (∆aridity = 3.9) leads to a reduction of completion rates up
to secondary level of 70%-86%. Whereas in Cameroon the reduction is of 35%-48%
and in Nigeria of 22%-45% (with, interestingly, the impact at primary being twice
as large as the impact at upper secondary in absolute terms).

Second, when we move into the land surface temperature (LST) estimates (i.e.,

β̂LST), for an increase in LST –shown in Panel B of Table 3, full controls– impacts are
higher for Cameroon and Nigeria (outcomes: primary and lower secondary) where
0.5% increase in the average value of LST (∆LST in the interval 0.12◦-0.13◦) would
lead to reductions of primary completion rates of around 66%-67% and, for lower
secondary completion rates, of 52%-63%. For Guinea, this pattern only holds for
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primary, while for Ethiopia, negative impacts are found across all four indicators
(between 45% and 28%; for a ∆LST = 0.12◦).

In Table 4 we present estimated elasticities for the other two explanatory vari-
ables: rainfall and EVI rate. On the one hand, in Panel A, one can see that for rain-
fall, and for primary and the two secondary completion rates, estimates of β̂rainfall are
positive and generally statistically significant. Larger impacts are found for Guinea
and Cameroon, followed up by Nigeria and with relatively smaller impacts holding
in Ethiopia. For instance, a 1% of increment in a country yearly average rainfall
(∆rainfall: Cameroon of 15.5 mm, Guinea 19.3 mm and Nigeria 13.1 mm) is linked
to an increment of primary completion rates in the range of 25%-42% (column 2) and
of 27%-47% for lower secondary (column 4); though, for upper secondary comple-
tion rates, impacts are smaller. Hence, robust environments and increasing rainfall
have overall positive associations with educational attainment, boosting communi-
ties’ completion rates.

[Table 4 here]

Stable vegetation are a defining feature of healthy ecosystems. Wang et al.
(2023)’s study finds that leading driving factors behind vegetation EVI fluctuations
are climate, terrain and human activities, therefore, shifts in the EVI rates and long
term modifications on the quality of vegetation can be detrimental for social out-
comes. Panel B (Table 4) estimates of β̂EVI-rate confirm this for the educational
dimension of social outcomes. Increments of 1% in EVI rates are linked to nega-
tive impacts on completion rates; even though this is mostly true for Cameroon and
Nigeria (and to a lesser extent for Ethiopia and Guinea, full models). For instance,
an increment in the EVI rate of 8% (12%) in Cameroon (Nigeria) would lead to re-
ductions on communities completion rates at primary (column 2) of 7.5% (6%) and
of 24% (7.9%) for upper secondary (column 6).10

5.2. Impacts of climate variables by sub-samples of communities contextual disad-
vantages

Here, to assess RQ2, we look into dimensions or divergent pathways of dependence
from climate variables to completion rates indicators, shedding light onto whether
impacts are homogenous or heterogenous by communities’ cumulative social barriers.
Our aim is to evaluate if climate impacts are more pronounced in certain dimensions
of contextual disadvantages faced by SSA communities of the four selected countries.
We carry out sub-sample analyses for some of results outlined in Section 5.1 due
space constraints, focusing on one climate covariate, namely: aridity. Importantly,
AI condenses in one indicator both temperature and rainfall, and aridity leads to
droughts which have longer onset and duration than other weather and climate events
(Alpino et al., 2016). Further sub-sample analyses for temperature and rainfall are
included in the Appendix (Figure D1).

Drawing on previous studies around disadvantaged populations affected by cli-
mate change (see, for instance, reviews such as Benevolenza and DeRigne, 2019;
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Helldén et al., 2021, and Randell and Gray, 2019), we select four empirical dimen-
sions of community disadvantages linked to educational’s barriers for the SSA region
(Bashir et al., 2018; Delprato et al., 2017; Evans and Mendez Acosta, 2021; Huisman
and Smits, 2015). They are: location, poverty, women empowerment (proxied by
early marriage rates) and children long-term health status (proxied by stunting), as
well as topographic conditions (community altitude).

Figure 4 displays primary completion’s estimates by sub-samples in terms of elas-
ticities. In the case of Cameroon, estimated impacts are substantially dissimilar by
communities’ location (rural = -0.76, urban = -0.15) and by communities’ altitude
(altitude ≤ 654 m–low = -0.42, altitude > 654 m–high, not significant). Also, the
impact of aridity is higher in poorer communities (-0.39 versus -0.35) and in those
communities with higher stunting rates (-0.37 versus -0.35), whereas by women em-
powerment gaps on completion rates are larger (early marriage high = -0.43, early
marriage low = -0.34). For Ethiopia, a largely arid country, we only find statistical
significance estimates for the group of communities located in places of low altitude
(below 1764 m). For Guinea, estimates show important heterogeneity by location
(rural communities = -1, and non-significant in urban communities), by degree of
poverty (-0.78 against -0.54), and by stunting rates (-0.75 against -0.47), and only es-
timates in communities’s whose altitude is below the mean (476 m) are statistically
significant. In the case of Nigeria, poverty, early marriage and health are leading
pathways (even larger than location, where the rural-urban gap is of 0.49), with
estimates’ gaps due to increasing poverty of 0.88, and of increasing early marriage
and decreasing health status of 1.1 and 0.6, respectively. Further, aridity has larger
impacts in high-altitude communities (above 249 m).

[Figure 4 here]

Results for the dependent variable lower secondary completion are shown in Fig-
ure 5. Compared to primary completion, in Cameroon we can now see wider gaps on
β̂AI by poverty rates and by early marriage communities prevalence rates and, at the
same time, by health status; thereby suggesting how socio-economic constraints and
social norms become more revelant as channels of widening educational inequalities
at secondary level due to aridity. For example, 0.25 and 0.79 are the differential
coefficients by poverty and by early marriage groups. In the case of Ethiopia we
find, as before, very few coefficients which are statistically significant; whereas for
Guinea –and perhaps because of the large degree of selectivity underpinning sec-
ondary attendance– the covariate AI only has statistically significant impacts on
contextual advantaged communities. In the case of Nigeria, conversely, the same
dimensions of disadvantages hold as for primary level (i.e., location, poverty, women
empowerment and health status), and of similar magnitudes. For instance, the im-
pact of AI is three times as large in rural areas and in communities with high stunting
rates than in their counterparts, and six times larger in poorer communities and four
times higher in communities with above average rates of early marriage.
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[Figure 5 here]

6. Completion rates gaps forecast by emission scenarios

In this section, we compare predictions of completion rates by the evolution of
temperature and rainfall linked to three emission scenarios: low, medium and high
(WB-climate-change). Emissions scenarios are based on Representative Concentra-
tion Pathway (RCP), a greenhouse concentration trajectory, measuring the total
radiative forcing (cumulative measure of GHG emissions from all sources) pathway
and level by 2100 (Robinson, 2020).11 We compare estimated completion rates at
the beginning and at the end of each period (first period: 2015-2034, second period:
2035-2054) and contrast them, showing the impact of alterations of temperature and
rainfall on educational attainment.

Figure 6 shows estimates for these contrasts for primary completion rates.12 First,
comparison of predictions based on temperatures (top plot) clearly indicates the
damaging effect that increasing temperatures would have in terms of completion
rates, with higher impacts in the case of Cameroon, Guinea and Nigeria. Consider for
instance the high and medium emission scenarios and their cumulative detrimental
effects of higher temperatures for the two periods, from 2015 to 2054. For Cameroon
the reduction on primary completion rates at the community level would range from
4.5% (medium emission scenario) to 5.8% (high emission scenario), while for Guinea
primary completion rates would be reduced in the high (medium) emission scenario
by 4.8% (3.1%), and in Nigeria by 5.5% (4.4%). In Ethiopia, impacts would be
somewhat lower, between 1.4% and 2.2%.

[Figure 6 here]

Second, primary completion rates predictions comparison based on changes of
rainfall (bottom plot) tend to show positive changes for the first period, albeit smaller
in magnitude and below 0.08% (except from Nigeria). Though, interestingly, for
the second period (2035-2054), impacts shift and become negative in the case of
Cameroon and Guinea. Overall, this prediction exercise highlights the role that
climate change and unexpected climate shocks would have for educational attainment
for these four SSA countries in the next few decades, and the requirement of designing
policies which may mitigate the negative climate impacts within the educational
sector.

7. Conclusions

Educational progress and narrowing inequalities within educational systems of
the global south as measured by SDG4 are at odds with the overreaching impacts
and strains that climate change (SDG13) is placing across the health of ecosystems
and different aspects of society (Dagnachew and Hof, 2022; Helldén et al., 2021;
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Mora et al., 2022; Xiao et al., 2023). Because climate change is more widespread
and operates more powerfully in fragile and vulnerable contexts (Adesete et al.,
2023; Serdeczny et al., 2017; Tamasiga and Bakwena, 2023), with extreme weather
patterns, natural hazards and food and water shortages threatening the lives of
people living in poverty, assessing the nexus between climate change and education
is therefore fundamental (Randell and Gray, 2019).

Even more so looking at this nexus is relevant on equity grounds because most
people affected by climate change lives in low and lower-middle income countries
(Lee et al., 2023). Climate change can directly impact educational outcomes due to
effects on school infrastructure and personnel, via a reduction of disposable income
leading to less educational investment of parents or yielding negative impacts on
children’s health and their cognition capabilities (Randell and Gray, 2019; Yang and
Fen, 2023).

Hence, underpinned by this scenario –and based on DHS survey data with geo-
located (XY coordinates) data for educational attainment rates and climate indi-
cators for 2,524 communities of four SSA countries (that is: Cameroon, Ethiopia,
Guinea and Nigeria)–, this paper investigated the effect of climate change on com-
pletion rates across the educational lifecourse (from primary up to tertiary), with
the aim of obtaining specific estimates per community through a non-parametric
approach accounting for the degree of communities’ heterogeneity behind the cli-
mate change-education pathway. A supplementary aim of the paper was to address
how the negative climate gap linked to education is also disproportionately affecting
the most marginalised communities of these countries, adding a further burden to
pre-existing inequalities by dimensions (or targets) of SDG4’s monitoring (such as
by location, poverty and gender). The paper used four climate change variables:
land surface temperature (LST), rainfall, aridity and modifications on the quality of
vegetation (Enhanced Vegetation Index, EVI).

7.1. Main findings

The leading findings of the paper can be summarised into three groups. First, and
not surprisingly considering that most (60%) communities are located in rural areas
across the sample, we find that the impact of aridity –which combines in one indicator
temperature and humidity/rainfall– on completion rates is consistently negatively net
of all community controls, with estimates decreasing when attainment is measured at
higher educational levels. In particular, Guinea shows the largest impacts (between
70%-86% primary and secondary rates) for a 1% increment on the aridity index (AI),
followed by Ethiopia (41%-60%), Cameroon (35%-48%) and Nigeria (22%-45% ). In
the same vein, we find negative associations of land surface temperature (LST) with
completion rates accounting for controls, which are larger in Nigeria and Cameroon
where increments of LST of 0.12◦-0.13◦ are related to reduction on primary and lower
secondary communities’ completion rates on the range of 67%-52% and, in the case
of Ethiopia, between 45% and 28%.

Second, rainfall estimated elasticities are positive and generally statistically sig-
nificant across indicators and countries with smaller impacts at upper secondary.
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For example, increment in precipitation in the interval 13.1 mm-19.3 m would lead
to an increment in primary completion rates of 25%-42% among Cameroon, Guinea
and Nigeria communities. Cumulative weather anomalies would, in the long term,
modify the extent and quality of vegetation and ultimately the quality of ecosystems
(Zhong et al., 2021), so EVI’s changes and alterations over the last decades are also
related to communities’ completion rates. We find that increments of 1% in EVI
rates are linked to negative impacts on completion rates, with these associations
largely holding in the case of Cameroon and Nigeria.

Third, and in accordance with earlier literature on contextual pathways channel-
ing climate change impacts (e.g., Benevolenza and DeRigne, 2019), in our sub-sample
analysis for the AI we consistently find that the burden of climate change falls into
most disadvantaged communities, regardless how disadvantage is captured (that is
by location, poverty, social norms or health). Taking primary completion as an ex-
ample, for Guinea we find large heterogeneity of AI by communities’ location, only
having significant effects on rural communities but not in urban communities, while
in Cameroon and Nigeria the rural-urban gap on estimates is of around 0.50. Cli-
mate change effects are also larger in communities with weaker social norms and
health (with higher early marriage and stunting rates). In Nigeria, for instance, dif-
ferential on estimated AI elasticities are of 1.1 and 0.6 for increasing early marriage
and decreasing health status, and of 0.88 due to poverty. Because of the linkage of
altitude with weather patterns (Barbier, 2015), our AI’s estimates show heterogene-
ity by communities’ altitude; being only significant in low located communities (for
Cameroon and Guinea) and in higher place communities (particularly in Ethiopia).

7.2. Implications for SDG4 monitoring

The empirical analysis for these four SSA countries has demonstrated why mit-
igation strategies for unexpected climate shocks degrading ecosystems are required
to improve educational attainment in these four SSA countries, emphasising the
necessity of a better parallel monitoring of SDG13 and SDG4 and their interlink-
ages. On the one hand, policies prioritising SDG13 targets 13 on climate action such
as 13.2 (“Integrate climate change measures into national policies, strategies and
planning”) and 13.5 (“Promote mechanisms for raising capacity for effective climate
change-related planning and management...focusing on marginalised communities”)
should be embedded into the frameworks of national educational policies. This pol-
icy re-configuration should start in a scaffolding manner, beginning with the groups
of communities further left behind in relationship to SDG4 progress; namely, poor
and rural communities which also exhibit compounded barriers for educational at-
tainment due to malnourishment and poor health and negative social norms.

On the other hand, our forecast for the next decades clearly shows the additional
set back of completion rates these countries may suffer under medium or high emis-
sion scenarios. Since the SSA region has the lowest access rate to modern energy,
with energy systems being dominated by solid biomass, power generation, agricul-
ture and non-CO2 emissions show the largest potential for climate change mitigation
if good practice measures are implemented in the region (Dagnachew et al., 2021,
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2017). Coal-fired power plants, for instance, are responsible for over three quarters of
SSA’s emissions from the power sector (IEA, 2020); consequently, shifting to renew-
able energy systems is very promising for the region creating a sustainable, reliable
and resilient infrastructure.
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Notes

1. See: DHS-overview.

2. See: DHS-sampling.

3. Namely, education completion rates and key explanatory variables used as controls are derived from
PR (household recode) dataset. Women’s empowerment covariates are from IR (women) dataset,
while health covariates are from the IR (women dataset) and BR (birth recode dataset) and KR
(children dataset). Further information of the DHS data structure can be found at: DHS-data-
structure.

4. Studies using DHS geo-spatial data, can be found at: studies-DHS-GPS.

5. Ethiopia, for instance, has a diverse climate and contrasting landscapes, ranging from rainforest
with high rainfall and humidity in the south and south west, to the Afro-Alpine in the center and
desert areas in the north-east and east.

6. The same information per country is included in the Appendix (Figure A1).

7. Epanechnikov kernels (used for continuous covariates) are defined as: K(z) =
(
3/4

√
5)(1−(1/5)z2

)
×

1
(
z ≤

√
5
)
; and for discrete variables Li-Racine kernels are employed which are defined as follows:

K(xi − x0, h) = 1 if xi − x0 and equals to h otherwise, with 0 ≤ h ≤ 1.

8. Estimations are carried out using the Stata command npregress kernel.

9. Estimates for the control variables (or non-climate variables: xnon-cli) are available from the authors
upon request.

10. In Figures C1 and C2 of the Appendix, we include additional results on the impact of climate
covariates and their degree of heterogeneity.

11. Values of temperature and rainfall for each period per country used in this forecast exercise are
shown in the Appendix (Table E1.)

12. Table E2 includes estimates for lower and upper secondary completion rates.

13. See: SDG13-targets.
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Figure 1: Location of communities in the working sample

Notes: (1) Countries left to right: Cameroon, Ethiopia, Guinea and Nigeria.
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Figure 2: Completion rates distribution/prediction

Notes: (1) Data interpolations to obtain smooth maps are obtained using the interpolation Empirical
Bayesian Kriging (EBK). (2) Countries names per row: Cameroon, Ethiopia, Guinea and Nigeria.
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Figure 3: Climate variables distribution/prediction

Notes: (1) Data interpolations to obtain smooth maps are obtained using the interpolation Empirical
Bayesian Kriging (EBK). (2) Countries names per row: Cameroon, Ethiopia, Guinea and Nigeria.
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Figure 4: Estimates (elasticities) for primary completion of climate variables by community’s dis-
advantages and location

Notes: (1) Light colour bars denote non-statistically significant estimates.
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Figure 5: Estimates (elasticities) for lower secondary completion of climate variables by community’s
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Notes: (1) Light colour bars denote non-statistically significant estimates.
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Table 1: List of countries and mean value for completion rates

Country Year Primary Lower secondary Upper secondary Tertiary

(1) (2) (3) (4)
Cameroon 2018 0.786 0.479 0.202 0.113
N 412 412 412 412
Ethiopia 2016 0.533 0.344 0.330 0.171
N 557 557 556 556
Guinea 2018 0.323 0.144 0.067 0.057
N 311 309 310 311
Nigeria 2018 0.768 0.666 0.564 0.174
N 1247 1244 1244 1245

Total sample 0.664 0.501 0.392 0.149
N 2527 2522 2522 2524

(1) Number of communities with XY coordinates. (2) The age intervals for calculating the different completion
rate indicators are as follows: primary completion (finishing primary school age+1, finishing primary school
age+5); lower secondary completion (finishing lower secondary school age+1, finishing lower secondary school
age+5); upper secondary completion (finishing upper secondary school age+1, finishing upper secondary school
age+5); tertiary completion (finished 2 years of higher education for the age group 25-29).
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Figure A1: Climate variables gaps by high-low values of communities’ completion rates of each
country

Notes: (1) High group consists of communities whose completion rate is above the country mean of the
completion rate, and low group if equal or below the mean.
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Appendix C–Climate impacts degree of heterogeneity within each country and by the
prevalence of communities’ completion rates

Results of Tables 3 and 4 are average estimates
(∑N

i=1 m̂
′(xi)

)
. A more nuanced

understanding of how each climate variable impacts on educational attainment can be
gained by plotting each community estimated partial derivative, showing the degree
of within-country heterogeneity of the climate-completion rates associations. Here,
we discuss temperature-related covariates.

Figure C1 displays these densities. In the first plot for aridity, we can see that,
for primary and lower secondary completion, the range of estimates for Guinea and
Cameroon are quite narrow, with a wider heterogeneity and more spread of AI esti-
mates in the case of Ethiopia and Nigeria (which is even larger). For upper secondary
we find a similar pattern, though AI densities tend to overlap around mean effects.
The densities of communities’ derivatives for temperature (displayed in second bot-
tom plot) markedly show that Nigeria’s relationships of LST with primary and lower
secondary completion rates are well below the other countries, while for upper sec-
ondary its heterogeneity increases and there is a shift of Ethiopia’s impacts (below
Cameroon), more aligned with Nigeria’s derivatives. Again, the shape of distribu-
tions of specific impacts at each country’s communities resembles the ones for AI.
Overall, we find that impacts tend to be more homogeneous across Cameroon and
Guinea and there are more heterogeneous in the case of Ethiopia and (largely) Nige-
ria.

Furthermore, a way to look deeper into the roots of heterogeneity behind effects
of climate on communities’ educational attainment is to simultaneously compare
communities’ specific impacts and community completion rates values. In other
words, to assess whether or not there are higher (lower) observed effects of climate
covariates in communities with weaker (stronger) educational performance.

In Figure C2 we assess this. For aridity and temperature, plots show a clear
upward tendency for Ethiopia and Nigeria; hence, communities mostly negative af-
fected by aridity in terms of primary and lower secondary completion rates are those
with low attainment. Whereas, on the contrary, for Cameroon and Guinea the fitted
lines are flat (primary) or point downwards (lower secondary). For EVI rate, we find
decreasing tendencies (in Cameroon and Nigeria), therefore suggesting that commu-
nities with larger attainment have also larger (in absolute terms) impacts driven by
alterations on their EVI rates.
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Figure C1: Climate variables non-parametric communities estimates (derivatives) densities

Notes: (1) Kernel densities of country average derivatives are shown with dotted vertical lines.
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Figure C2: Communities estimated mean functions (completion rates) and derivatives of climate
variables

Notes: (1) Scattered plots of estimated communities derivatives and values of the estimated rates (mean
function) for communities. (2) Thick lines shown are local linear regressions between them.
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Figure D1: Estimates (elasticities) for climate variables temperature and rainfall by community’s
disadvantages and location

Notes: (1) Light colour bar denote non-statistically significant estimates.
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Table E1: Temperature and rainfall forecast based on different emission scenarios

Country Emission 2015 2034 2035 2054 Period Period
scenario 2015-2034 2035-2054

(1) (2) (3) (4) (5) (6)
Panel A- temperature
Cameroon low 25.26 25.86 25.76 26.19 0.6 0.43
Ethiopia low 23.83 24.26 24.42 24.56 0.43 0.14
Guinea low 26.71 27.4 27.33 27.65 0.69 0.32
Nigeria low 27.66 28.3 28.32 28.59 0.64 0.27
Cameroon medium 25.35 25.72 25.8 26.46 0.37 0.66
Ethiopia medium 23.87 24.29 24.36 24.87 0.42 0.51
Guinea medium 26.8 27.24 27.37 27.98 0.44 0.61
Nigeria medium 27.7 28.13 28.28 28.91 0.43 0.63
Cameroon high 25.34 25.77 26 26.89 0.43 0.89
Ethiopia high 23.9 24.34 24.48 25.5 0.44 1.02
Guinea high 26.78 27.38 27.57 28.46 0.6 0.89
Nigeria high 27.72 28.11 28.37 29.18 0.39 0.81

Panel B - rainfall
Cameroon low 1830.61 1881.35 1867.63 1867.65 50.74 0.02
Ethiopia low 1039.62 1103.21 1050.21 1103.71 63.59 53.5
Guinea low 1800.59 1826.11 1775.47 1807.86 25.52 32.39
Nigeria low 1127.29 1159.13 1141.26 1156.96 31.84 15.7
Cameroon medium 1817.99 1850.36 1883.61 1857.26 32.37 -26.35
Ethiopia medium 1032.5 1058.65 1074.37 1086.74 26.15 12.37
Guinea medium 1768.57 1874.58 1864.12 1775.23 106.01 -88.89
Nigeria medium 1123.56 1153.99 1183.99 1161.23 30.43 -22.76
Cameroon high 1824.07 1890.81 1912.39 1891.18 66.74 -21.21
Ethiopia high 1045.41 1118.36 1096.58 1129.31 72.95 32.73
Guinea high 1755.65 1828.85 1827.8 1729.94 73.2 -97.86
Nigeria high 1124.8 1219.13 1189.35 1205.44 94.33 16.09

(1) Data source for climate variables forecast are from: WB-climate-change. (2) Temperature is the average
mean surface air temperature over the aggregation period, and rainfall is aggregated accumulated precipitation
(in mm). (3) Emissions scenarios are based on the Representative Concentration Pathway (RCP), a greenhouse
concentration trajectory, measuring the total radiative forcing (cumulative measure of GHG emissions from all
sources) pathway and level by 2100. Low (RCP2.6), medium (RCP4.5 ) and high (RCP8.5). For details, see:
Robinson (2020).
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