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Abstract

Using a movers design I find that on average moving to a one standard deviation
better location at birth increases a child’s probability of completing primary school
by 15 percentage points in Benin, Cameroon, and Mali. Place matters more for girls
than boys and is correlated with local characteristics such as urbanization, access to
electricity, and employment in agriculture. Religion is weakly correlated with average
causal place effects but strongly correlated with the gender gap in the effect place has

on educational attainment.
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Since 1970 in Benin, Cameroon, and Mali, GDP per capita has doubled in real terms,
child mortality has halved and the human development index has also doubled.! However,
the rising tide has not lifted all boats. Inequality within countries, and across space is
pervasive. More worryingly, this spatial inequality might indicate differing opportunities
accruing to individuals growing up in different locations, rather than the result of sorting
across space. Inequality of opportunity determined by where a child grows up is intrinsically
undesirable, could interact with gender inequality, and may have negative consequences on
aggregate development.

In this paper, I quantify the magnitude of spatial inequality of opportunity, analyze the
correlates of local opportunity, and study it’s consequences on gender inequality in Benin,
Cameroon, and Mali. I use a movers design to estimate the causal effect of spending an
additional year of childhood on primary school completion, in every locality?-year cell, both
overall and by gender. I focus on primary education as it is the most salient margin of
education in this setting (a third of people in my sample complete primary school whereas
only 7% go on to complete secondary school) as is correlated with greater later life outcomes
broadly defined such as not working in agriculture, better housing quality, and higher wages.
The movers design focuses on a sub-sample consisting of those who move across localities,
and leverages variation in the exact age of a child when a family moves to identify place
effects.® This approach builds on the nascent place effects literature which aims to map the
causal effect of growing up in different areas on child outcomes. In this, I follow seminal work
by Chetty et al. [2016], Chetty and Hendren [2018a,b] and Chyn [2018] in the US context,
as well as work by Damm and Dustmann [2014] in Denmark, Deutscher [2020] in Australia,
Laliberté [2021] in Montreal, and Alesina et al. [2021] in Sub-Saharan Africa.

On average, children converge to the outcome of permanent residents in a given location
at a rate of 2.7% per year of childhood spent in the location. The validity of the movers

design rests on the key identifying assumption that selection effects do not vary over the age

!Statistics based on author’s calculations using data from the World Development Indicators, and the
World Bank, Feenstra et al. [2015] and Prados de la Escosura [2021], between 1970 and 2015.

2In this paper, I refer to second administrative divisions (Communes in Benin, Departments in Cameroon,
and Circles in Mali) as localities. These have a median population of 267,000 and can be thought of as similar
in scale to commuter zones in the US.

3Intuitively, this strategy considers children born in the same period ¢ and in the same location o, who
move to the same destination location d, but do so at different ages. I then compare the outcomes of children
who spend a larger proportion of their childhood in d vis-a-vis o to infer the causal effect of d relative to
o on primary school completion under the assumption that other determinants of children’s outcomes are
unrelated to the age at which they move. I then make all such possible comparisons across localities to
uncover the (relative) causal effect of spending an additional year of childhood in each location on the
probability of completing primary education.

4This is consistent with results from Chetty and Hendren [2018a] in the US and Alesina et al. [2021] in
Sub-Saharan Africa, both of which look at intergenerational mobility. Chetty and Hendren [2018a] find a
convergence rate of about 4% and Alesina et al. [2021] find a rate between 1.5% and 3%.



of a child when they move.? I validate this assumption in five ways. First, I show that there
is no evidence of varying selection effects on observables. Second, I demonstrate that results
are robust to including household fixed effects, that is leveraging cross-sibling age variation.
Third, I consider increasingly likely to be exogenous move events and show that results
remain stable. Fourth, I perform an over-identification test using variation across gender in
locality quality. Finally, I employ a placebo exercise and show that estimated place effects
for those who move after they’ve completed primary education are not correlated with those
found in my main specification.

Estimating locality-year effects, I find that opportunity is indeed unequally distributed
across space. Moving to a location with one standard deviation greater opportunity at birth
increases the probability of a child completing primary school by 15 percentage points. I
analyze whether spatial inequality varies across countries or over time and find that all three
countries exhibit high levels of inequality of opportunity across space, indicating that the
aggregate results are not driven by a single country. Next, I characterize areas of high op-
portunity. Urbanization, electricity provision, sanitation, and housing quality are associated
with higher observed primary completion rates and opportunity. Conversely, employment
in agriculture is negatively associated with both observed primary completion rates and
the causal effect of place. However, in all cases, less than half of the correlation between
characteristics and observed completion rates operates through the causal effects channel.

A key characteristic, often associated with education completion, is the prevailing religion
in a locality [Alesina et al., 2020, Panin et al., 2021]. I find that, although the proportion of
individuals in a locality indicating Islam as their religion is on average strongly negatively
associated with observed primary completion rates, religion impacts the causal effect of place
to a much lesser degree. Indeed, religion stands out among the characteristics considered as
one where a strong observational correlation doesn’t translate into a significant impact on
the causal effect place has on primary education completion.

Place could also play a role in mitigating or exacerbating prevailing gender inequalities.®
To study the relationship between spatial and gender inequality of opportunity, I estimate
separate overall convergence rates for boys and girls, as well as gender-specific locality-year
causal place effects. I find that girls converge to the outcomes of permanent residents at a
rate over twice that of boys, implying that place matters more for female than male out-
comes. By correlating place characteristics with the difference between relative male and

female causal place effects, I test whether place characteristics are relatively better for male

5This assumption allows households with better unobservables to move to better areas, but is violated if
they systematically do so earlier or later depending on their child’s age.

6 Although overall primary completion rates have increased substantially over the sample period, gender
gaps have remained persistently high: In Benin (1992-2013) increasing from 17 to 20 percentage points, in
Cameroon (1976-2005) decreasing from 21 to 12 percentage points, and in Mali (1998-2009) increasing from
6 to 8 percentage points.



than female outcomes and therefore contribute to, or detract from, gender inequality of op-
portunity. Urbanization and electricity availability increase gender inequality of opportunity,
but employment in agriculture reduces it. I also find that the average null correlation of local
religion on causal place effects hides considerable gender heterogeneity.

This paper is most closely related to Chetty and Hendren [2018a] and Chetty and Hendren
[2018b] who study the impact of place on income mobility in the US and estimate locality-
specific effects, and Alesina et al. [2021] who study observational education mobility in Africa
and estimate average place effects. I consider a different outcome, setting, and time frame
from Chetty and Hendren [2018a,b] and go further than Alesina et al. [2021] by estimat-
ing place-specific effects over time, considering heterogeneity across countries, and studying
the ramifications of inequality of opportunity on gender inequality. My main contributions
relative to these papers are fourfold. First, I quantify the time-varying spatial inequality
of opportunity in Benin, Cameroon, and Mali, and find that opportunity is unequally dis-
tributed in all countries. Second, I characterize place effects, describing what areas of high
opportunity look like, and show that religion does not impact causal place effects on aver-
age. Third, I study the confluence of spatial and gender inequality and find that place has
a potentially significant role to play in reducing gender inequality, but that characteristics
associated with higher opportunity may also be associated with greater gender inequality.
Fourth, I find that although religion is weakly correlated with average causal place effects, it
is strongly correlated with the gender gap in the effect place has on educational attainment.

This paper proceeds as follows: Section 1 describes the data and empirical setting; section
2 estimates overall causal place effects; section 3 estimates locality-year specific place effects;
section 4 characterizes place effects and considers the role of religion; section 5 studies het-
erogeneity by gender and place variables associated with greater(or lower) gender inequality.

Finally, section 6 concludes.

1 Setting and data sources

1.1 Why focus on Benin, Cameroon and Mali

Benin, Cameroon, and Mali, whilst representing important countries to study in and of
themselves, also provide a particularly interesting setting to examine how the location of
upbringing affects primary education completion and thus later life outcomes. There are
three main reasons for this. First, Benin, Cameroon, and Mali are developing countries
aiming to grow rapidly in the near future, and ensuring equitable growth is key to individual
well-being, as well as potentially aggregate success. Although exhibiting some similarities

Benin, Cameroon, and Mali also have many differences. Thus enabling this paper to speak



to issues of external validity and cross-country heterogeneity that could not be achieved
by just focusing on one country. Second, in these countries, primary completion is a key
measure of the opportunities available to individuals broadly defined as discussed in more
detail in subsection 1.3. Third: data requirements. Benin, Cameroon, and Mali are the only
countries in Sub-Saharan Africa that meet the high data requirements of this paper which

are explained in more detail in subsection 1.2.

1.2 Data description

This paper uses data on 8 million observations from 1976 to 2013, across 164 localities from
every available census from Benin, Cameroon, and Mali.” To estimate causal place effects
using a movers design it’s necessary to observe where an individual is when the census
was taken, their previous location, their birth location, and how long they have resided in
their current location.® In addition to migration information, I require data on primary
completion,? age, and gender, at a fine and consistent geographic level over multiple cross-
sectional waves.

Only three countries in Sub-Saharan Africa — Benin, Cameroon, and Mali fit the strin-
gent data requirements. In Benin, I use censuses from 1992, 2002, and 2013, encompassing
over 2.2m individual-level observations in 77 consistent localities (Communes). In Cameroon,
I use censuses from 1976, 1987, and 2005 covering over 3.4m individual-level observations in
39 consistent localities (Departments). Finally, in Mali, I use censuses from 1998, and 2009
giving over 2.4m individual-level observations in 48 consistent localities (Circles). In total,
this gives me a sample of over 8m individual-level observations across 164 localities and 444
locality-year cells. A benefit of using this data is that it is freely and publicly available from
IPUMS International for anyone to access.

Using available variables on the current location, previous location, and birth location

"Data is accessed from IPUMS [2020] and consists of 10% samples, with thanks to the National Institute
of Statistics and Economic Analysis in Benin, the Central Bureau of Census and Population Studies in
Cameroon and the National Directorate of Statistics and Informatics in Mali, who provided the underlying
data.

8In the censuses described, I can geo-locate individuals at the second administrative unit level. These
localities have a median population of 267,000 overall samples. Benin’s Communes have a median population
of 103,000 with an inter-quartile range of 71,000 to 173,000. Mali’s circles have a median population of 308,000
with an inter-quartile range of 197,000 to 520,000. Cameroon’s departments have a median population of
456,000 with an inter-quartile range of 225,000 to 907,000. A broadly comparable geographical unit in the US
would be commuter zones. To uncover causal place effects previous research [Chetty and Hendren, 2018a,
Laliberté, 2021, Deutscher, 2020] has mainly relied on administrative data that is not typically publicly
available. This data is necessary for these studies to observe full migration histories and to match child
and parent outcomes over long time frames. Such rich data is not needed to estimate place effects, in the
censuses I use, it’s possible to discern migration histories from cross-sectional evidence.

9In Benin, Cameroon, and Mali, education is compulsory for the first six years between the ages of 6 and
11/12 which covers primary school.



of individuals, I define three groups: (i) Permanent residents whose birth location equals
their current location. This group covers 81% of 14 to 18-year-olds in my sample. (ii) One-
time movers whose birth location does not equal their current location but is their previous
location. This group covers 13% of 14 to 18-year-olds in my sample. (iii) Multi-time movers
whose birth location doesn’t equal their current location or their previous location. This
group covers 6% of 14 to 18-year-olds in my sample. Thus, for all but 6% of the sample, I
can construct each 14 to 18-year-old individual’s full location history, including the age and
year of moving. In the online appendix, I discuss the differences and similarities between the
three groups.

The data described above comes from the same source as that used in Alesina et al.
[2021]. However, whereas Alesina et al. [2021] consider 27 counties in Africa for their main
analysis, and 16 countries when they analyze place effects, 1 focus only on three: Benin,
Cameroon, and Mali. This is because I have stricter criteria for inclusion in my sample. I
only consider censuses that include information on previous location as well as birth and
current location allowing me to trace out entire migration histories of one-time movers. To
the best of my understanding Alesina et al. [2021] discern age-moved using only birth and
current location coupled with information regarding time spent at the current location. Thus
Alesina et al. [2021] measure previous location with error bundling in those who indeed have
moved from their birth location with those who may have moved from some intermediate
location (32% of all movers in my sample). As Alesina et al. [2021] show, moves are on average
to better locations thus this has the potential to introduce non-classical measurement error
into movers’ change in location quality, and could bias estimates of the importance of place.
In addition, I only include countries with multiple cross-sections to enable an analysis of
place effects over time.

The Online Appendix provides some descriptive statistics from the census data. I show
that the distribution over localities of primary completion rates in Benin, Cameroon, and
Mali has shifted over time. There are considerable gains in Cameroon and Benin although
intra-national variation remains large, while in Mali the gains have been smaller. Addition-
ally, although most students complete primary education by age 12/13, (in all three countries
primary school should be completed by this age) a significant minority complete it only at
14 or 15. In the online appendix, I also analyze migration patterns and find that migra-
tion in Benin, Cameroon, and Mali is not easily characterizable by to-primate migration, or

rural-to-urban migration.



1.3 Education as a measure of opportunity across space in Benin,

Cameroon, and Mali

Education is one of the most important dimensions of development!® and for the majority
of individuals in Benin, Cameroon, and Mali, primary education is the most salient margin
of variation. In my sample, among those 19 or older 34% have completed primary education
and only 7% secondary education. Schooling has also been found to have high Mincerian
returns, Psacharopoulos and Patrinos [2018] estimate the return to an additional year of
education to be 10.5% in Sub-Saharan Africa — the highest of any region in the world.!*

Rather than relying on estimates of returns to education from other studies which consider
different samples, I can indirectly estimate the returns to education in my data. Although
I don’t observe wages or wealth, I do observe detailed information about housing quality.
In particular, I observe the material walls, floors, and roofs are made from, the level of
sanitation, the availability of clean running water, and whether or not the household has
access to electricity. From this, I create a composite housing quality index as the standardized
first principle component over these variables. Returns to education in each locality are
measured as the average housing quality those with primary education have above those
without. Figure Ia displays the distribution of returns by country over localities. In each
country returns to primary education are on average around half a standard deviation of
housing quality. This high mean hides significant variation across localities within a country.
In all three countries, there are some locations with very low returns to primary education
while in others they are as large as a full standard deviation.

Primary completion is also highly correlated with employment prospects. Figures Ic and
Id show the long differenced relationship between locality-level average primary completion
and the proportion working in professional services or agriculture respectively. All slopes
of the lines of best fit are significant at the 5% level. Both figures tell the same, albeit
correlational, story that areas in which primary completion rates most increased saw the
greatest transition away from agriculture and towards employment in the professional sector.

At the individual level, there is also evidence linking education and occupation. Figure
Ib shows that the proportion of individuals working in agriculture decreases substantially

with education completion. Primary education is a key route out of agricultural work (much

0To achieve universal primary education was one of the Millennium development goals [Bank, 2015] and
this aim continues in the updated sustainable development goals [Sachs, 2012]. Millennium development goal
2: achieve universal primary education aimed to ensure that, by 2015, children everywhere, boys and girls
alike, will be able to complete a full course of primary schooling. Sustainable development goal 4: quality
education aims, among other things to by 2030, ensure that all girls and boys complete free, equitable, and
quality primary and secondary education leading to relevant and Goal-4 effective learning outcomes.

HSimilarly Psacharopoulos and Patrinos [2004], Barouni and Broecke [2014], and Schultz [2004] find
evidence of high returns to education in Sub-Saharan Africa.



of which is in subsistence agriculture'?). However, it shouldn’t be taken as a panacea. Many

individuals with primary education are still employed in agriculture.

Figure I Education is associated with positive later life outcomes
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Note: Panel (a) shows the distribution of returns to primary education across localities for Benin, Cameroon,
and Mali. Returns to primary education are measured as the average housing quality of those with primary
education minus the average housing quality of those without primary education. Housing quality is measured
as the standardized first principle component over observables describing housing quality including floor, wall,
and roof material, sanitation provision, access to running water, and access to electricity. Panel (b) shows the
proportion employed in agriculture by education and sex. In both figures, the sample is restricted to include
only those of core working age, 25 to 55. Panels (c) and (d) display binscatter plots with corresponding linear
regression lines of the association between the locality level change in primary completion on the x-axis vs
the change in the proportion employed in a professional capacity in the left-hand panel and the change in
the proportion employed in agriculture in the right-hand panel. Each line represents a different regression,
the slope of each is significant at the 5% level with robust standard errors. The long difference for Benin is
from 1979-2013, for Cameroon from 1976-2005, and for Mali from 1987-2012.

12Measures of the proportion of individuals employed in subsistence agriculture are by their very nature
difficult to ascertain. Medina et al. [2017] estimates the size of the informal economy (part of which is
subsistence agriculture) to be 20-40% of GDP in Cameroon and greater than 40% in Mali and Benin,
however, a much larger proportion of the labor force will be employed in the informal economy due to its
relatively lower productivity.



In sum, the evidence presented in this section suggests that completing primary education
is associated with greater opportunity defined more broadly. Therefore, unequal access to
primary educational opportunities across space will be taken as indicative of unequal access
across space to opportunities more generally defined. Of course, there will be other dimen-
sions of opportunity that are not captured by primary education completion and notions of
inequality of opportunity that go beyond that which is across space. In this paper, I will
focus on inequality of opportunity defined across space and in terms of primary education
completion as this is a particularly salient margin of inequality of opportunity in this setting.

Primary school completion is also one of the most commonly available, and comparable
variables across countries and decades. Due to its universality and ease of recognition, it is
less likely to suffer from substantial measurement error. Primary school completion also has
the advantage of being a historically determined variable that is observable in a cross-section.
Most individuals have completed primary schooling by age 12 to 14, but it continues to be
observed no matter what age the individual is at the time data is collected. This allows me
to consider the impact of place after schooling has been determined constituting a natural

placebo test, place cannot causally impact primary school completion after the event.

2 How unequally distributed is opportunity across space

in Benin, Cameroon, and Mali?

Figure II shows that the observed distribution of primary education completion over space is
highly unequal in Benin, Cameroon, and Mali. However, it’s unclear from the raw variation
to what extent these discrepancies reflect differing characteristics of individuals living in
different locations or the underlying causal impact of place on primary completion rates.
The distinction has normative as well as policy implications: inequality in causal effects
is inequality of opportunity — simply by growing up in one location rather than another
children are more or less likely to complete primary education.

To set ideas consider a simple place effects model.

13
Yi = Z,uc(i,a) + 0; (1)
a=1

Where y; is a dummy variable taking the value one if an individual ¢ has completed
primary education, and ¢(4, a) denotes the location ¢ individual 7 resided in at age a. I split
the determinants of y into two parts. First, ; represents the individual-specific effects such
as raw ability which are orthogonal to location effects. Second, 2(1;):1 He(ia) Captures the sum

of all place effects individual ¢ has been exposed to during childhood, where place effects



Figure II Locality level observed primary completion rates

(a) Benin (2013) (b) Mali (2009) (c¢) Cameroon (2005)

Note: This figure shows the spatial distribution of observed primary education completion rates for those
above the age of 12 in Benin, Cameroon, and Mali. Each figure has its own scale and corresponding legend
where darker orange/red indicates higher completion rates. The data for Benin comes from the 2013 census,
for Mali from the 2009 census, and for Cameroon from the 2005 census.

can be thought of as location-specific fixed effects p.. Intuitively, u. captures any locality-
specific characteristic which may impact y, for example: weather, religio-cultural factors, or
the prevailing local returns to education.

This formalization introduces two assumptions. First, I assume that place impacts each
individual ¢ in the same manner. I relax this when considering differing effects by gender, but
in general, do not probe this assumption. Instead, results reflect the average over potentially
heterogeneous effects. Second, I assume additive separability of effects in what is effectively
a linear probability model. In the results presented below, I retain this assumption but
replicate qualitatively and quantitatively similar results using probit, logit, or pseudo-Poisson
approaches in the online appendix.

In the absence of random variation assigning children to locations, to estimate causal place
effects T use a movers design building on work by Chetty and Hendren [2018a], Aaronson
[1998], Weinhardt [2014], Finkelstein et al. [2016], Molitor [2018] and, Bronnenberg et al.
[2012] among others. This approach uses observational variation in the outcomes of children
that move across localities at different ages. If children who move to better areas'® earlier

have a higher probability of completing primary school, I conclude that the quality of a

13In general better can be defined on any dimension of interest, but In this setting, a better area is one
with a higher primary completion rate among permanent residents, that is those who don’t move from their
birth location. I consider other definitions of location quality in the online appendix and find similar results.

10



location matters. However, individuals who move earlier to better places could also have
better-unobserved characteristics. To disentangle causal place effects and selection I make,
and interrogate, one key assumption: that selection effects do not vary with the age of the

child at move.

2.1 Estimating the overall convergence rate

Formalizing the above identification strategy within the place effects framework, I estimate

models of the form given in equation 2.
Yi = Pos + ay + 6m : A?jgds +&; (2)

Where i denotes an individual, o their origin (birth) location, d their destination (current)
location, s their cohort and m the age at which they move. y; is an indicator variable taking
the value one if primary education has been completed. p,s is a set of origin by cohort
fixed effects. «,, is a set of age-at-move fixed effects which flexibly absorbs movement costs.
AP, = yh, — yP, is the difference in primary completion rates between the destination and
origin locations’ permanent residents who are in the same cohort as ¢ and ¢; is an idiosyncratic
error term.'* This equation is estimated on a sample of one-time movers between the ages
of 14 and 18. The decision to use a sample of 14 to 18-year-olds is the result of a balancing
act, on one hand, I want to be able to match as many children as possible to their parents
and can only do so if they cohabit, thus a younger sample is better. On the other hand,
I want to capture children after their primary completion status has been determined, so
later is better. [3,, are the coefficients of interest and can be interpreted as the percentage
point impact of moving at age m to a location with a 1 percentage point higher primary
completion rate among permanent residents.

We can decompose 3, into the causal effect of place b,, and the selection effect of place
O, as follows: (3, = b, +0,,. by, is the object of interest but cannot, in general, be separately
identified from ¢,,. To identify b,,, I make the additional assumption that selection effects do
not vary over the age at move. This is a potentially strong assumption and, in sub-section
2.2 I relax it, and test its validity, finding considerable evidence in support and thus, for the
main analysis, take it as given. Under the identifying assumption, I can estimate the causal

effect of spending an additional year of one’s childhood at age m in a one percentage point

14Tn the online appendix, I show that the distribution of the difference in location quality among one time
movers, that is the distribution of Ag?, . is symmetric around a mean close to zero. Implying that it is
not the case that all, or even a large majority, of moves, are to better locations. This gives some indicative
evidence against large selection effects. I also show that male and female children are similarly likely to move
to better or worse locations.

11



better location as 8,41 — Bm = bms1 — bm. As primary schooling should® be completed by
age 12, it must be that b,, = 0 for m > 12 and so in this range, [3,, estimates the selection
effect, 3, = 0 for all m greater than 12.

Figure IIT shows the results from estimating equation 2 where Bm is plotted against age
at move m in grey with corresponding confidence intervals. Standard errors are two-way
clustered at the birth locality and current locality level.'® After age 12, B is constant,
providing initial evidence in favor of the identifying assumption, as this shows selection
effects are constant for all m > 12 when primary completion is already mainly determined.
Between ages 1 and 12, I find a positive and increasing (with earlier ages) effect of place which
is well approximated by a linear trend (as illustrated by the red overlay). This implies that
where children grow up in Benin, Cameroon, and Mali, does exert a causal impact on their
probability of completing primary education. Additionally, the linearity of the effect implies
that there are no tipping points — or particularly important years [Cunha and Heckman,
2008]. Each additional year spent in a better location exerts roughly the same positive
impact as any other before age 13.

Due to the linearity apparent in causal place effects, I consider the pre-13 slope as the
single key parameter. This slope, of -0.027 (0.04), is interpreted as the rate of convergence.
That is, for each additional year spent in a new location, how fast do movers converge to
permanent residents in that location? As a robustness test, in the online appendix, I estimate
a parametric analog to equation 2 allowing a different slope and intercept for children moving
between the ages of 1 and 12 and those moving after age 12. Over various fixed effects
specifications, this recovers a very similar convergence rate and a precisely estimated zero
slope for post-12 moves.

Figure I1I is analogous to figure 4 in Chetty and Hendren [2018a] and figure 11 in Alesina
et al. [2021]. It recovers remarkably similar results to these studies which consider different
settings, the US in Chetty and Hendren [2018a], or different outcome variables in a larger
sample in Alesina et al. [2021]. Chetty and Hendren [2018a] find a convergence rate of about
4% and Alesina et al. [2021] find a rate between 1.5% and 3%. Relative to these studies, the
main contribution of this paper lies in estimating and analyzing locality-year specific place
effects which I turn to in section 3. Analyzing locality-year specific place effects allows me
to quantify and characterize the changing spatial distribution of opportunity and study the

ramifications of unequal opportunity across space on gender equality.

15Tn each of the countries studied and over the whole sample period, primary school is expected to end at
age 12. The online appendix documents that although many individuals complete primary school after age
12 by age 14 most who will complete have done so.

16Tn the online appendix I discuss inference in this setting and provide permutation-based inference results
which affirm the conclusions reached here.
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Figure III Plotting 3 from estimating equation 2

Effect of moving at year m to a 1pp. better location
on the probability of completing primary education

Place effect = slope Pure selection effect
.6 -0.027 (0.004) 0.136

T
0 2 4 6 8 10 12 14 16 18

Age at move

Note: This figure shows the estimated f3,, coefficients from the regression: y; = pos + @ + B - Ag’o’ds + &
estimated on a sample of one time movers between the ages of 14 and 18 for each available census in Benin,
Cameroon, and Mali. Corresponding 95% confidence intervals are indicated by gray bars where standard
errors have been clustered at the birth locality and current locality level. Superimposed on this in red are
two lines of best fit with a break at age 12. The horizontal gray dashed line indicates the post 12 mean of

Brm-

2.2 Validity of the movers design

I perform five validation exercises of the identifying assumption that selection effects do not
vary with the age of a child when the family decides to move. They are described in detail
in the appendix B and summarised here.

First, there is no evidence of varying selection effects on mothers’ observed primary edu-
cation. Mothers with primary education are more likely to move to better areas, but they do
not systematically do this to a greater or lesser extent with respect to the age of their child
at move. Second, results are robust to including household fixed effects and therefore only
considering cross-sibling age variation. By including household fixed effects, I shut down any
time-invariant dimensions of possible selection effects, for example, socioeconomic bracket,
the child’s revealed pre-school potential academic ability or parents’ attitudes towards edu-
cation.

Third, I restrict the sample to only include increasingly likely to be exogenous move events
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and show that results remain stable. To do this, I define statistically increasingly unusually
large out-move events from localities and restrict the sample to include only increasingly
unlikely events — capturing an increasing proportion of exogenous moves. I find that the
estimate of the causal effect of place is stable as I continue to restrict the sample, providing
evidence for the identifying assumption.

Fourth, I perform an over-identification test using variation across gender in locality
quality. This exercise utilizes differences in predictions from the place effects vs selection
effects explanations. The place effects model postulates that individuals should converge
to outcomes of permanent residents in their gender-specific sub-group in the destination
location. Whereas, to the extent that households cannot observe gender-specific outcomes,
selection effects should only operate at the aggregate level. By including own-gender-specific
location quality (average primary completion rate of permanent residents with the same
reported gender as individual 7) and other gender quality in one regression, I can explicitly
test the predictions of the two possible scenarios. If place effects are the driving force behind
the observed effects, then individuals will only react to the outcomes of children of their
own gender. Whereas, if selection effects were predominant, individuals will react equally
to the outcomes of children of both sexes. When performing this test, the coefficient on
own gender remains positive and significant while that on other gender attenuates to zero.
Giving further evidence in support of the place effects explanation.

In sum, any omitted variable bias or selection effects would have to operate within families
proportionally to exposure times, persist in the presence of moves induces by displacement
shocks, and precisely replicate permanent residents’ outcomes by gender in proportion to
exposure times in addition to not being observed on mothers education. I find it unlikely
that any qualitatively or quantitatively important threats to identification operate in this
manner.

In the online appendix, I also discuss the generalisability of my results which are based on
a sample of movers to the whole population. The assumption that place effects are the same
for movers and stayers can be decomposed into two components. First, that movers and
stayers do not systematically differ in a manner that interacts with place effects [Lagakos,
2020, Hamory et al., 2021]. Second, movers and stayers could be similar but due to the nature
of having moved to a new location, movers may interact differently with their surroundings.
In the online appendix, I describe and provide some evidence against both of these dimensions
by considering increasingly likely to be exogenous moves and replacing origin fixed effects

with destination fixed effects.
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3 Estimating locality-year specific place effects

To estimate locality-year specific effects, I generalize the specification presented in equation

2 by estimating equation 3 following Chetty and Hendren [2018b]:
Yi = Qodt + M * €1 + €; (3)

Where [ € L is a location, o € L is the birth location of individual i, d € L is i’s destination
location and ¢ is the sample year in which 7 is observed.!” a,g4 are origin by destination by
sample year fixed effects and ¢; is an idiosyncratic error term. Finally, e; is a variable equal

to the years of childhood (1 to 13) i spends in location [ and is given by equation 4.8

el = m; if 1 = o(7) (4)

0 otherwise

The causal place effects, {u;}, can only be recovered in a relative sense as I can only
compare across localities within a given census. Intuitively this approach considers all indi-
viduals who move from a given origin o to a given destination d in a given census year t and
compares the outcomes of those who move earlier relative to later. If it is the case that those
who moved from o to d earlier have better outcomes (are more likely to complete primary
education) I conclude that pg > pier- I then combine information from all such comparisons
to estimate each locality’s causal place effect. By including origin-destination-year fixed
effects, aq, 1 only use variation in the age of a child at move rather than comparing the
outcomes of families that move to/ from different areas. py; can therefore be interpreted as
the causal effect of spending an additional year of childhood in location [ in a given year t,
on primary completion rates relative to the average location.

Figure IV shows the recovered causal place effects in each country-year sample. It shows
considerable variation across space within each country. Across all censuses, I find that
the average signal variance'? of opportunity across localities is O'Z = 1.2 percentage points
per year. This means that on average moving to a location with one standard deviation

higher opportunity at birth causes a 15.0 percentage point (1.2pp. a year times 13 years of

17t is defined as the year the census is taken, however, it can be thought of as capturing place effects across
the childhoods of the 14 to 18-year-olds in the sample at time ¢.
18This formulation assumes linearity of place effects, an assumption that is made based on the evidence
provided in section 2.1.
From the set of estimated place effects I can back out an estimate of oy but in actuality, we’re interested
in 0, the signal standard deviation. As place effects are measured with error I can write fi;y = py¢ +m1¢, and
2 2

then find the signal standard deviation as follows: o, = o7 — o2. The standard deviation of the error, oy, is

estimated as the average standard error of ji;; denoted as s;;. Then o, = \/E[Sft], and so an estimate of o,
can be recovered. Details of this procedure are presented in the appendix section C.
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childhood) increase in the probability a child completes primary education. Figure IV shows
significant variation in all country-year cells with the exception of Cameroon in 2005 which
has a considerably tighter distribution. This is because, in contrast to the other countries
and other years, spatial variation in observed primary completion rates in Cameroon in 2005
is relatively small due to a rightward shift in the distribution (and obvious truncation at
1). This doesn’t mean that opportunity is equally distributed in Cameroon in 2005, in the
online appendix I show that considerable variation remains in the causal effect of place on
secondary school completion in Cameroon in 2005.

Figure IV Distribution of recovered causal place effects

Benin 1992 Benin 2002 Benin 2013
A 05 0 05 R 05 0 05 R 05 0 05 A
Cameroon 1976 Cameroon 1987 Cameroon 2005
A 05 0 05 R 05 0 05 I 05 0 05 A
Mali 1998 Mali 2009
1 05 0 05 1 1 05 0 05 1

Note: This figure shows the distribution of recovered causal place effects in each census. Causal
place effects are estimated from equation 3 and plotted relative to a 0 baseline. The x-axis is
measured in yearly percentage-point effects, that is the impact of moving to a given location a
year earlier on a child’s probability of completing primary school.

Table I reports the total and signal variance of causal place effects in each country-
year cell. I do not report estimates for Cameroon in 2005 for the reasons described above.
Table I confirms what figure IV shows graphically, that the considerable average inequality
of opportunity uncovered is not restricted to a specific country or specific time period.
That being said, there are considerable differences in the signal variance of place effects
across censuses. Table I also reports the within-country cross-census correlation. Although
the average within-country cross-time correlation is positive, this is not the case for each
consecutive period. In Benin locations with high place effects in 1992 on average had higher

place effects in 2002 but locations with high place effects in 2002 had on average lower place
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effects in 2013. In Cameroon, the correlation between locations’ place effects in 1976 and
1986 is high, whereas in Mali the relationship between 1998 and 2009 remains positive but
considerably weaker. The online appendix provides maps of the resulting estimated spatial

distribution of opportunity.

Table I Quantifying inequality of opportunity

Benin Cameroon Mali
1992 2002 2013 1976 1986 1998 2009

Total Variance 4.80 7.01 3.76 3.94 267 5.25 2.51
Signal Variance 0.72 4.64 1.75 2.04 1.47 2.714  1.21
Correlation

. . 0.29 -0.23 0.62 0.09
with previous census

Note: This table reports statistics from causal place effects recovered from equation
3 across censuses, that is country-year pairs. The first row reports the total variance
measured per year of exposure. The second row reports the signal variance measured
per year of exposure. The third row reports the within-country cross-year correlation
between estimated effects.

4 Characteristics of place effects

Previous work has considered various correlates of observed primary completion (or educa-
tional inter-generational mobility) rates in Sub-Saharan Africa (e.g. Majgaard and Mingat
[2012], Alesina et al. [2020], Shafiq et al. [2019], Shifa and Leibbrandt [2022]). These correla-
tions could reflect sorting or they may be predictive of a characteristics’ correlation with the
causal effect a place has on individuals. In this paper, I can ask whether such known relation-
ships indicate that an area with such a characteristic is associated with more opportunity or
simply attracts people more likely to complete primary education anyway. To do this, I use
the estimated place effects, jiy, as the dependent variable in regressions with locality-level
covariates on the right-hand side. Specifically, I decompose the observed location-year pri-
mary completion rate, g, into an estimated causal effect of place, fi:, and a selection effect,
0.

Uiy = Qcensus + 13+ fus + O + vig (5)

Where aensus are census fixed effects, and vy is an idiosyncratic error term. Consider some

explanatory variables X;; then suppose the following relationships hold where 3, and 3y are
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the objects of interest and ¢}, 3, €}, are idiosyncractic error terms.

13- fuy = B - Xy + 511t
O = Bo - Xuy + 51215

3
Vi = €

As 0, is not observed we cannot directly estimate By. Instead, I combine the above terms

with equation 5 and estimate [ from equation 6.

1755 = Qlcensus T (@L + Bo) - X + gllt + 512t + 5?1& (6)
T —
€t

From this, I can then back out 3y. Note that £y or 3, can only be interpreted as capturing
correlations. That is, a significant positive estimated Bu implies only that a characteristic of
a location is correlated with higher local opportunity, not that it causes greater opportunity
in a location. When estimating 3, I use an outcome variable (the estimated causal place
effects j1;;) which is observed with error. However, classical measurement error in the left
hand side variable will not impact estimates of 3, and thus is not a concern.

Figure VIII plots the impact of standardized locality characteristics on observed pri-
mary completion rates (B reported in orange) and causal place effects (Bu reported in blue).
Greater urbanization, greater access to electricity, better housing quality, and perhaps sur-
prisingly a greater proportion of single-mother households, are all associated with higher
observed primary completion rates, and causal place effects. Similarly, a lack of sanitation,
a higher proportion employed in agriculture, and a higher proportion of Muslims, are all
negatively associated with both observed primary completion rates and the causal effect of
place. The proportion of individuals born abroad has little impact. In blue, causal place
effects share the same association, but to a lesser degree. Percentages below characteristic
names indicate the proportion of the overall variation that operates through the causal effect
channel. For example, a one standard deviation higher urbanization rate is correlated with
an 11.3 percentage point higher observed primary completion rate and a 5.7 percentage point
higher causal effect of place on primary completion. The online appendix reports results from
a multi-variate version of these regressions.

For most characteristics, at least half of the correlation between them and primary com-
pletion rates can therefore be attributed to selection or the differing characteristics of indi-
viduals across space. This implies that such intuitively known correlations like “education
rates are higher in urban areas” are picking up significant effects that operate through the
selection channel rather than purely correlations with the underlying distribution of local

opportunity.
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Figure V Correlates with observed primary completion rates and causal place effects

Urban | ®
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Housing quality | ®
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Muslim | ®
(15.8% causal) F e

Born abroad | ®
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Single mother | ®
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Note: This figure shows the results from running regressions of observed permanent resident primary com-
pletion rates and estimated causal place effects against place characteristics including census fixed effects.
Each dot (with corresponding confidence intervals) represents a coefficient from an individual regression with
the explanatory variable indicated on the y-axis. In orange, the dependent variable is observed permanent
residents’ primary completion, and in blue it is estimated causal place effects multiplied by thirteen. In
italics, beneath characteristic labels, the proportion of the total correlation that operates through the causal
place effects channel is noted. Standard errors are clustered at the locality level. Regressions are weighted
by locality population.

I can also consider heterogeneity in characteristics across the three countries I study.
In the online appendix, I present a figure analogous to figure VIII allowing each coefficient
to vary by country. Although the broad qualitative conclusions from the pooled analysis
hold, important differences arise. I find that, whereas the causal impact is very close to the
overall impact for all variables in Mali, in Benin it appears that the observed correlations
operate significantly less through the place effects channel. In Mali previous research on
determinants of local primary completion operate mainly through the causal effects channel,
whereas in Benin much of the relationship may instead be driven by selection effects.

Of the place-level characteristics considered in figure VIII, the proportion of Muslims in
a location has the strongest relationship with observed primary completion rates, but one of
the weakest with causal place effects. In Benin, Cameroon, and Mali, as well as many other
countries across the world, religion, and education intersect [Auriol et al., 2020, Panin et al.,

2021, Stoop et al., 2019]. The reasons behind known large differences in primary completion
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rates between those following different religions are often attributed to identity and legit-
imacy Manglos-Weber [2017], culture and persistence from colonization Platas [2018], the
role of religious schools Tsimpo and Wodon [2014], Boyle [2014], Izama [2014], or religious
violence Bertoni et al. [2019]. Armed with locality-specific causal place effects in figure VIII
I go further than previous work and find that the spatial relationship between observed local
primary schooling outcomes and the predominant local religion operates mainly through the
selection effects channel. Table II in the appendix shows that the relationship between reli-
gion and causal place effects is robust, and considers heterogeneity by country.?’ In Benin,
the association is much weaker and mainly driven by place effects. On the other hand, in
Cameroon, the association is stronger and it appears that place effects have a small, but not
insignificant, role to play.

In sum, these results show that the previously observed relationship between develop-
ment/ opportunity and religion is more nuanced than broad cross-country averages allow.
Although the predominant religion in a locality does impact the opportunities children grow-
ing up experience, observational correlations across space will significantly overestimate the

role of place, and averages across countries will obscure significant cross-country heterogene-

ity.

5 Heterogeneity by gender and the impact of place on
gender inequality of opportunity

In my sample, 39.82% of males complete primary school but only 25.68% of females do.
Whereas there have been aggregate increases in education completion, the gender gap has
remained stubbornly high, in Benin (1992-2013) increasing from 17 to 20 percentage points,
in Cameroon (1976-2005) decreasing from 21 to 12 percentage points and in Mali (1998-
2009) increasing from 6 to 8 percentage points. There is a large and well-developed literature
studying the importance of female education in Sub-Saharan Africa, and the reasons behind
this large gender education gap. Among the most common reasons cited are cultural norms,
early marriage, the disproportionate burden of household work, teacher attitudes, teenage
pregnancy, and religion [Ombati and Ombati, 2012, Baten et al., 2020, Tuwor and Sossou,
2008, Anderson, 2005, Eloundou-Enyegue, 2004, Johannes and Noula, 2011, Aikman and
Unterhalter, 2005, Cooray and Potrafke, 2011]. However, little attention has been paid to

the potential role of place.

20Information on religion is only recorded in 2005 in Cameroon and 2009 in Mali and all years in Benin,
but I will focus on 2013. Therefore, for this analysis, I restrict my sample to include only the most recent
census waves for which I have data. In Benin and Cameroon 25.8% and 13.9% follow Islam respectively and
46.8% and 77.7% are Christians. In Mali, however, there is much less variation with 94.9% Muslim.
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In this section, I ask: does the locality in which a child grows up play as large a role
in determining male as female outcomes? In addition, I consider which characteristics of
locations are associated with relatively greater opportunity for females vis-a-vis males, and
therefore contribute to narrowing the gender gap in primary education completion. To answer
these questions I replicate the analysis in section 2 estimating overall and locality-specific
causal place effects for each gender separately.

Figure VI replicates the analysis in figure I1I for each reported gender individually. I find
that females are more responsive to locality than males, moving to a one standard deviation
better location at birth causes females to increase the probability of completing primary
school by almost 8pp, whereas for males the completion rate only increases by about 4pp,
a statistically significant difference. This means that if a child moves at birth, a female
child would converge completely to the outcomes of permanent residents in the destination

location whereas a male child would only converge 50%.
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Figure VI Plotting /3’9 from estimating equation 2 splitting the sample for each gender

Effect of moving at year m to a 1pp. better location Overall causal effect of
on the probability of completing primary education moving at birth to a
1SD better location

.6
10
81 7.9pp
6.46
6 pp
4 ¢ 3.83pp
2 -
0 0
T T T T T T T T 1
0 2 4 6 8 10 12 14 16 18 .
Average primary
Age at move completion: 33.57%

® Baseline © Female @ Male

Note: The left-hand side panel of this figure shows the estimated (9, coeflicients from the regression: y; =
Pos + am + B9, - Agji’ds + ¢; estimated on a sample of one time movers between the ages of 14 and 18 for
each available census in Benin, Cameroon, and Mali, constricting the sample to gender g. Corresponding
95% confidence intervals are indicated by gray bars where standard errors have been clustered at the birth
locality and current locality level. Superimposed on this in red are two lines of best fit with a break at age
12 and in blue and black the 1 to 12 lines of best fit for females and males respectively. The horizontal gray
dashed line indicates the post 12 mean of 3,,. In the right-hand side panel, the slope of the 1 to 12 line of
best fit has been translated into the overall impact of moving at birth to a one standard deviation better
location where over the whole sample a one standard deviation improvement in location quality is equal to
a 20pp increase in primary completion rates.

The finding that place matters more for female than male outcomes, opens up the possi-
bility that place may have a role to play in determining the gender primary completion gap.
To study this I replicate the analysis in subsection 3 on each gender-specific sub-sample.
This procedure recovers two place-effect estimates for each locality-year cell, one for males
and one for females. Each estimate is relative to the mean gender-specific causal place effects
within that census. That is, a high female-specific causal place effect estimate in Benin in
2013 means that growing up in this location increases the probability that females complete
primary school relative to females growing up in other localities in Benin in 2013. This

does not allow a direct comparison between the level of female and male place effects as
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gender-specific means are not identified, however, I can consider whether characteristics of
locations affect relative gender effects differently.

First, I consider whether places that are relatively good for males are also relatively
good for females by estimating the following relationship: u{; = B 1 + Veensus + €it, Where
Yeensus are census fixed effects. Which recovers 5’ =0.36 (0.06). This significant and positive
coefficient indicates that places that have relatively more opportunity for males also hold
relatively more opportunity for females. However, the coefficient is significantly less than
one, so although there is a strong correlation, it’s far from a perfect relationship, leaving
scope for locality characteristics to be differently correlated with gender-specific causal place
effects.

In figure VII, I consider whether the locality characteristics explored in section 4 differ-
ently impact male and female relative place effects. I run regressions of the following form:
13- (a — ﬂé) = B+ Xit + Yeensus + €1t- A [ coefficient greater than 0 indicates that a given
characteristic is more strongly correlated with a high male relative to female causal place
effect. For example, figure VII shows that the coefficient on urban is around two, and sta-
tistically different from zero. This means that a locality with one standard deviation higher
urbanization rate is associated with opportunity for males 2 percentage points higher than
that for females. Therefore, locations with higher urbanization rates are correlated with
greater within-location gender inequality of opportunity. Figure VII shows a similar story
for electricity availability and housing quality, but the opposite story for agricultural employ-
ment, and the proportion of the population who are Muslim. That is, if a larger proportion
of the population is employed in agriculture, this is associated with better relative causal
place effects for females vis-a-vis males and thus indicates that agricultural employment is
associated with lower gender differences in opportunity across space.

Variables most commonly associated with development such as the urbanization rate,
electricity provision, and housing quality, are found to be associated with worse gender
equality of opportunity. This cautions against a uni-dimensional view of development and
suggests that care needs to be taken for policy aimed at increasing development not also
increasing gender inequality. This result is reminiscent of the U-shaped female labor supply
development curve [Goldin, 1994, Ngai et al., 2022] whereby as a country moves away from

agriculture female labor supply first decreases before increasing with the rise in services.
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Figure VII Correlates with p;} — ,ulji
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Note: This figure shows the results from running regressions of the difference between relative male and
female causal place effects against various place-level characteristics. Regressions are weighted by population,
include country-year fixed effects, and standard errors are clustered at the locality level.

Characteristics may have differing impacts on the inequality of opportunity by gender
across each of the countries studied. In the online appendix, I present an analogous figure to
VII where I allow each coefficient to vary by country. These results show broad similarities
across countries but also highlight some areas of difference. Urbanization and electricity pro-
vision have a similar effect, as to increase gender inequality, in Benin, Cameroon, and Mali.
Sanitation appears to have little impact in all three countries. Agricultural employment and
housing quality display some differences. For both, Cameroon displays a weaker relationship
than either Benin or Mali — however, power concerns preclude any strong conclusions.

Finally, in section 4 I found that although the predominant local religion is highly predic-
tive of observed primary completion rates, it has little correlation with average causal place
effects. Figure VII shows that this average null effect hides considerable gender heterogene-
ity. Perhaps surprisingly, the negative coefficient suggests that a greater Muslim population
is relatively better for female vis-a-vis male opportunity in a region. In table III in the
appendix I consider robustness of this result and heterogeneity by country. I find that this
effect is driven by Benin, with Cameroon showing little impact and the estimate for Mali
being imprecise no doubt due to the lack of religious variation in Mali.

In this section, I have shown that place matters more for female than male outcomes and
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that although place effects are correlated across genders, some locality characteristics are
associated with exacerbating or reducing the gender gap in opportunity. Spatial inequality
has a role to play in reducing gender inequality, however as variables commonly associated
with development are also associated with increasing gender inequality, future research is
needed to identify how place-based interventions may best be harnessed by policymakers to

reduce gender imbalances whilst promoting development.

6 Conclusion

In this paper, I have quantified and explored the impact of spatial inequality of opportunity
relating to primary school completion in Benin, Cameroon, and Mali using a movers design. |
find that moving to a better location at birth has a significant impact on a child’s likelihood of
completing primary school. Specifically, moving to a one standard deviation better location
at birth increases the probability of completing primary school by 15 percentage points.
Gender is an essential factor in this analysis, with place having a more significant effect on
girls than boys. Furthermore, local characteristics such as urbanization, access to electricity,
and employment in agriculture are associated with place effects.

Religion also plays a role in the educational outcomes of children in these countries.
Although it is weakly correlated with average causal place effects, it is strongly correlated
with the gender gap in the effect of place on educational attainment. These findings highlight
the importance of considering both gender and local characteristics in addressing spatial
inequality of opportunity and improving access to education. This work illustrates the need
for, and potential scope of, place-based policies in reducing inequality of opportunity. In
future work, it will be crucial to understand the underlying causes of this variability, and

arm policymakers with the tools to mediate spatial inequality of opportunity most effectively.
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APPENDIX

A Additional results

Figure VIII Correlates with observed primary completion rates and causal place effects: Multivari-

ate regression
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Note: This figure shows the results from running regressions of observed permanent resident primary comple-
tion rates and estimated causal place effects against place characteristics including census fixed effects. Each
dot (with corresponding confidence intervals) represents a coefficient from a single multivariate regression of
all characteristics. In orange, the dependent variable is observed permanent residents’ primary completion,
and in blue it is estimated causal place effects multiplied by thirteen. Regressions are weighted by locality

population.
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Table II Impact of the proportion following Islam on observed primary completion rates and causal
place effects (CPE).

(1) (2) 3) (4) (5) (6)
Primary comp. CPE  Primary comp. CPE Primary comp. CPE
Prop Muslim -0.519*** -0.123 -0.562*** -0.207*
(0.0906) (0.0772) (0.0924) (0.0658)
Prop Muslim x Benin -0.257** -0.252*
(0.0664) (0.134)
Prop Muslim x -0.795** -0.172%*
Cameroon (0.172) (0.0499)
Drop Mali X X X X
R? 0.641 0.0356 0.514 0.126 0.584 0.129
N 146 146 102 102 102 102

Note: This table shows the results from regressing either observed primary completion rates or estimated
causal place effects against the proportion who indicate that they are Muslim in a locality. Regressions include
country fixed effects, are weighted by locality population, and standard errors are robust. In Columns one,
three, and five the dependent variable is the observed primary completion rate, in columns two, four, and six
it is the estimated causal place effect. In columns, three to six Mali has been dropped from the sample. Due
to data constraints I only use the 2005 census in Cameroon, the 2009 census in Mali, and the 2013 census
in Benin when estimating these regressions.

Table IIT Impact of the proportion following Islam on observed gender differences in primary com-
pletion rates and causal place effects (CPE).

(1) (2) 3) (4) (5) (6)
Male - Female CPE diff prim Male - Female CPE diff prim Male - Female CPE  diff prim

Prop Muslim -0.192** 0.0354 -0.185** 0.0344

(0.0888) (0.0374) (0.0899) (0.0383)
Benin x Prop -0.372* -0.165"**
Muslim (0.191) (0.0223)
Cameroon X -0.0517 0.176*
Prop Muslim (0.0578) (0.0563)
Mali x Prop -0.495 0.0785
Muslim (0.475) (0.0662)
Drop Mali X X
R? 0.0315 0.270 0.0444 0.212 0.0504 0.506
N 137 137 96 96 137 137

Note: This table shows the results from regressing either the gender difference in primary completion rates
or estimated causal place effects against the proportion who indicate that they are Muslim in a locality.
Regressions include country fixed effects, are weighted by locality population, and standard errors are ro-
bust. In Columns one, three, and five the dependent variable is the observed gender difference in primary
completion rates, in columns two, four, and six it is the estimated gender difference in causal place effects.
In columns, three to six Mali has been dropped from the sample. Due to data constraints I only use the
2005 census in Cameroon, the 2009 census in Mali, and the 2013 census in Benin when estimating these
regressions.
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B Validating Causal Place effects

The identifying assumption underpinning the above analysis, that selection effects into place
do not vary with the age of moving, is potentially strong. For example, this prohibits those
with better unobservables from systematically moving to better areas earlier. However, it
doesn’t preclude selection overall. I allow 6 > 0, that is for those with better characteristics
to move to better places, just that this does not vary systematically with the child’s age at
move. This is also a common identifying assumption used in the literature [Chetty et al.,
2016, Chetty and Hendren, 2018a,b, Chyn, 2018, Damm and Dustmann, 2014, Deutscher,
2020, Alesina et al., 2021, Laliberté, 2021].

I interrogate this assumption in four ways. Firstly, I consider whether it holds for char-
acteristics of individuals we can observe. Secondly, I relax the assumption by including
household fixed effects absorbing any time-invariant selection and only using cross-sibling
variation in the age at move. Thirdly, I consider a sample of increasingly likely to be ex-
ogenous moves by looking at increasingly unusual migration periods. Lastly, I consider an
over-identification outcome-based test where I show that individuals respond to their own-
groups outcomes in line with the place effects, rather than selection effects, story. In all
four approaches, I find evidence to support the identifying assumption. This means that
any omitted variable bias or selection effects would have to operate within families propor-
tionally to exposure times, persist in the presence of moves induces by displacement shocks,
and precisely replicate permanent residents outcomes by gender in proportion to exposure
times in addition to not being observed in observable dimensions such as mothers education.
I find it unlikely that any qualitatively or quantitatively important threats to identification

operate in this manner.

B.1 Is there evidence of varying selection effects on observables

For characteristics of individuals that are observed, I can directly consider the identifying
assumption. Of course, not finding selection on some dimension doesn’t preclude selection
on another potentially unobserved dimension. Due to the cross-sectional nature of my data,
I do not observe time-varying characteristics of individuals, however, as I can construct
households I can consider selection on time-invariant characteristics of the household such as
parents’ education level. To investigate selection I first partition the distribution of observed
differences in location quality due to moves, that is Ag’, into below-average moves and
above-average moves. I then compare the difference in the average quality of individuals
between those who made good vs bad moves at each age at move. If I find that overall those
who made better moves had better observables this is evidence of selection. If I additionally

find evidence of systematic variation in this relationship by age at move - this would be
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evidence against the identifying assumption of constant selection effects.

Figure IX shows the results from performing this kind of analysis where we consider the
individual mothers’ primary completion rate as our observable measure of individual quality.
Consistent with figures in the main text I find evidence of significant positive selection effects
overall. In addition, and also consistent with evidence from post-12 moves I find no slope
in selection effects over child’s age at move. That is, I do not find evidence that individuals
with more educated mothers systematically move to better areas earlier or later. On this

dimension at least, there is no evidence of selection effects varying by age at move.

Figure IX Children with more educated mothers don’t move to better areas earlier

15

10+

T
0 5 10 15 20
Age moved to current location

Note: This figure plots the average difference in mover children mothers’ primary completion rates between
those who move to better vs worse locations by the age of the child when the move occurs. Vertical lines
indicate 95% confidence intervals.

B.2 Focusing on within household variation

By including household fixed effects I can relax the assumption of constant selection by al-
lowing selection effects to vary across, but not within, households and only consider variation
in age at move between children within the same household. This specification estimated the
following equation: y; = pos + m + Bm - AY . +1n +€;. Where h denotes i’s household. This

specification imposes considerable data requirements, firstly I can only consider multi-child
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households?! and secondly 1), is a high dimensional object?? to be estimated. To reduce the

data burden I estimate the linear parametric model, results reported in table IV.

Table IV Parametric estimates of place effects including HH fixed effects

Year born, year

Year born - birth born by ¥,s Year born, year
location and age and age move born by s Year born and
at move FE all by sample FE and age move FE age moved FE
-0.0181* -0.0180*** -0.0201* -0.0349***
5 (0.00834) (0.00618) (0.00785) (0.0114)
0.00245 -0.0141 -0.0141 0.00878
By (0.0131) (0.0145) (0.0130) (0.0197)
R? 0.779 0.745 0.741 0.727

Note: This table shows the robustness of the parametric convergence rate estimates over various fixed
effects specifications where I always control for household fixed effects and therefore only use between sibling
variation.

Although recovering a smaller coefficient than when estimating on the full sample without
household fixed effects, the difference is not statistically significant and may be a function
of attenuation bias from the demanding specification (incidental parameter problem). This
points to the conclusion that across household selection is unlikely to be driving a meaningful
portion of causal place effects I find. The results are also robust to alternative specifications
as shown in table IV. The possibility remains that time-varying selection effects are con-
founding my results, to address this I consider increasingly likely to be exogenous moves in

the next section.

B.3 Time varying selection effects - increasingly likely to be ex-

ogenous moves

Time vary shocks could still invalidate my identifying assumption. A household could receive
a windfall and move to a better location simultaneously increasing investment in their child’s
education. To investigate whether this kind of force invalidates my identifying assumption I
consider plausibly exogenous moves in two ways.

I use the data-driven strategy developed by Chetty and Hendren [2018a,b] to identify
location-year cells that exhibited likely to be exogenous movement events. The data-driven
method of Chetty and Hendren [2018a,b] first constructs a shock variable k;; for each location

[ and year t which is the size of that years out movers relative to that regions average number

21This cuts the sample with estimating variation from 79,778 to 27,807.
22In my main regressions there are 12,175 households.
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Outyy
Out; *
t and Out; = ), Outy is the locality average over time ¢. High values of kj represent

of out movers: kj; = Where Outj; is the number of out-movers from region [ at time
unusually large outflows in a given year from that given area. This method hypothesizes
that higher values of k;; represent unusual episodes and that these moves are more likely to
be exogenous. Note that we don’t require some cut off after which we determine that all
such moves are undoubtedly exogenous. Instead, we only suppose that the proportion of
moves due to exogenous reasons is increasing with kj;. If place effect estimates remain stable
as the sample is restricted to larger and larger values of k;; , that is more and more likely to
be exogenous moves, this is evidence in favor of the identifying assumption.

Figure X reports Bf’ found by estimating equation equation 4 in the main text on a
sample of location years for which k;; > k, where k, is the r’th percentile of k;. In both
figures, I find little systematic evidence of our estimated exposure effects being driven by
time-varying selection. That is, there is no significant evidence of the effect eroding as we
restrict variation to moves more likely to be exogenous. As before I set the selection effects

component to be the same and only plot changes in the slope to aid comparability.

B.4 Over-identification outcome-based test

Finally, I use heterogeneity in permanent residents outcomes across reported gender to con-
sider the validity of the identifying assumption. The logic here is that in the causal place
effect model movers’ outcomes should converge to permanent residents outcomes for their
own subgroup in this case gender. On the other hand, a selection effects model would predict
convergence to general location quality. The second statement requires either that house-
holds do not observe gender-specific location quality above overall location quality or that
if they do observe it they don’t select on it. The former seems a reasonable informational
assumption, especially when you consider the high correlation between gender-specific loca-
tion qualities, and that I don’t find that individuals move disproportionately to better areas
as shown in the main text.

To formally test the hypothesis proposed above, I estimate the main parametric speci-
fication firstly including the own-gender measure of location quality - that is the primary
completion rate of permanent residents who have the same gender as i, secondly with the
other-gender measure of quality and finally with both. It’s worth noting two things, first
male and female primary completion rates across localities are highly correlative with cor-
relation 0.82. Second, by reducing the number of permanent residents in each location we
introduce potential measurement error in the main explanatory variable which could result
in attenuation bias. Table V shows the results.

Column one of table V re-estimates my main equation on the reduced sample for which

gender is reported to provide a relevant comparison unit. Column two reports results us-
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Figure X Considering increasingly likely to be exogenous moves

Effect of moving at year m to a 1pp. better location Overall causal effect of
on the probability of completing primary education moving at birth to a
1SD better location
Place effect = slope Pure selection effect
6
15
10
5_
0__ i — —
0 -5
T T T T T T T T 1 5I0 7l 9‘0
0 2 4 6 8 10 12 14 16 18 5
Age at move Move percentile

Note: This figure shows in the left hand side panel the estimated S, coefficients from the regression:
Yi = Pos + Qm + B - Ayfjds + ¢; estimated on a sample of one time movers between the ages of 14 and 18 in
Benin, Cameroon and Mali. Additionally, corresponding 95% confidence intervals are indicated by gray bars
where standard errors have been clustered at the birth locality and current locality level. Superimposed on
this in red are two lines of best fit with a break at age 12. The horizontal gray dashed line indicated the post
12 mean of Bm. Results from the linearised specification are also plotted in increasingly light gray where the
sample is increasingly restricted to evermore unusually large movement events. In the right-hand side panel,
the slope of the 1 to 12 line of best fit has been translated into the overall impact of moving at birth to a
one standard deviation better location where over the whole sample a one standard deviation improvement
in location quality is equal to a 20pp increase in primary completion rates. The overall effect is represented
by the red vertical line and the corresponding points and standard errors in gray calculated over increasing
likely to be exogenous move events are plotted for comparison.

ing the permanent resident outcomes of those individuals who have the same gender as the
moving child. Column three reports results using permanent residents outcomes for those
who have the opposite gender to the moving child, it’s unsurprising here that the coeffi-
cient changes little from column one to column two given the high correlation between the
two measures. Column four shows the results from including both measures in the same
regression. Here, if both coefficients were similar and attenuated that would be evidence
for the selection effects model. However, that’s not what I find, instead, the same-gender
coefficient remains positive and highly significant whereas the other-gender coefficient falls
to a precisely estimated 0. Therefore, instead, I find evidence in favor of the causal place

effects model and thus the main identifying assumption.
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Table V Outcome based placebo test

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

Base 0.0209***

(0.0029)
Same reported 0.0176*** 0.0123***
gender specific (0.0025) (0.0041)
Other reported 0.0164**  0.00664
gender specific (0.0025)  (0.0041)
N 65560 65560 65560 65560
R? 0.358 0.356 0.358 0.358

Note: This table shows the results from the outcome-based over-identification test. Column one replicates
the main analysis on the slightly smaller sample where gender information is available. Column two uses a
gender-specific measure of location quality, that is the primary completion rate of permanent residents of
the same gender born in the same year. Column three uses the opposite gender-specific measure of location
quality. In column four both measures are included in one regression. Standard errors are clustered at the
origin and destination locality level. Age at move and origin by census year fixed effects are included in all
regressions.

In sum, across all four approaches taken, I find consistent and strong evidence in favor
of the key identifying assumption. Any omitted variable bias or selection effects would have
to operate within families proportionally to exposure times, persist in the presence of moves
induces by displacement shocks, and precisely replicate permanent residents outcomes by
gender in proportion to exposure times, and not show up in observable such as mothers
education. I find it unlikely that any qualitatively or quantitatively important threats to

identification operate in this manner.

B.5 Locality-year specific identifying assumption

When estimating locality-year specific fixed effects I require a stronger identifying assump-
tion: that selection effects are constant over age at move for each location [ in each period
t, rather than just on average. Formly I require that: E[e; - &;|aoa] =0 VI € L.

The results supporting the validity of the on-average identifying assumption summarized
in section 2.2 also provide evidence for this location-specific assumption. In addition, I
perform a placebo test estimating equation 3 on a sample of those who move between 14
and 18, after primary education completion is determined. In this case, place effects
should just be noise and unrelated to the actual estimated place effects. A scatter diagram
in the online appendix summarizes the relationship between actual and placebo place effects,
statistics are weighted by locality population. Actual and placebo estimates exhibit little

relationship with a regression slope coefficient indistinguishable from zero (0.07(se=0.05))
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and a very small R-squared (0.01). In addition, less than five percent of the individual

placebo coefficients are significant at the 5% level.

C Signal to noise ratio of estimated place effects

I estimate equation 3 separately for each country on a sample of (o,d,t) cells with more
than 20 observations.?® I can estimate the signal to noise ratio by decomposing estimated

place effects into actual place effects and orthogonal measurement error, fi;; = e + My, and

estimating the true variation, &il = 02 — 02 . A natural estimator of o2 is given by the
t Hit Tt it
average squared standard errors sj, recovered when estimating equation 3: o7 = El[sj].
Using this decomposition I estimate the proportion of the raw variance which is due to
6’2 % _ 1 2
signal not noise as 0’2—” = U““UQ—NZS“ x 100 = 41.4, that is 41.4% of the raw variance is

due to signal not noligte.24 Thewsitandard deviation of place effects is estimated to be 15
indicating substantial spatial inequality of opportunity. Moving to a location with a one
standard deviation higher place effect increases children’s probability of completing primary
education by 14 percentage points. Benin has larger spatial inequality of opportunity with

a standard deviation of 23.7 compared to 17.5 in Mali and 2.9 in Cameroon.
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