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Moving Opportunity Local Connectivity and Spatial Inequality1

Luke Heath Milsom2

Résumé : Les inégalités spatiales au sein des pays sont un phénomène omniprésent
et persistant. Comment la connectivité d’un lieu détermine-t-elle les inégalités spa-
tiales sous-jacentes en termes d’opportunité ? Pour répondre à cette question, je
dérive un résultat statistique suffisant liant les opportunités locales aux conditions
d’accès au marché, en développant un cadre cohérent avec une large classe de mod-
èles d’équilibre général spatial. Je valide empiriquement ce résultat à l’aide d’une
nouvelle stratégie d’identification du chemin le moins coûteux et de données numérisées
provenant de cartes routières historiques du Bénin, du Cameroun et du Mali couvrant
la période 1970-2020. En utilisant ces estimations pour paramétrer un cas structurel
du modèle spatial, je montre que la construction de routes modifie la distribution
spatiale des opportunités. En considérant chaque amélioration de route possible, je
montre que si certaines routes diminuent l’écart type des opportunités de plus de 2%,
d’autres en revanche augmentent les inégalités dans des proportions similaires. Si la
distribution spatiale des opportunités est supposée fixe, je montre que pour obtenir
des réductions similaires des inégalités via la migration, il faudrait déplacer un nom-
bre prohibitif de personnes des zones à faibles opportunités vers les zones à fortes
opportunités - entre 13% et 44% de la population des zones à faibles opportunités.
Les décideurs politiques sont également confrontés à un compromis équité/efficacité
: 4 des 10 routes qui augmentent le plus les opportunités globales accroissent égale-
ment les inégalités spatiales en termes d’opportunités.

Mots-clés : Inégalités ; Opportunités ; Routes ; Accès aux marchés

Moving Opportunity Local Connectivity and Spatial Inequality

Abstract : Spatial inequality within countries is a pervasive and persistent phe-
nomenon. How does the connectivity of place determine underlying spatial inequal-
ity of opportunity?To answer this question, I derive a sufficient statistic result linking
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local opportunity to market access terms, developing a framework consistent with a
broad class of spatial general equilibrium models. I empirically validate this result
using a novel not-on-least-cost-path identification strategy and data from historical
road maps in Benin, Cameroon, and Mali covering 1970 to 2020, that I digitize. Us-
ing these estimates to parameterize a structural case of the spatial model, I show that
road building alters the spatial distribution of opportunity. By considering each pos-
sible road upgrade I show that although some roads decrease the standard deviation
of opportunity by more than 2%, others increase inequality by a similar amount. By
fixing the spatial distribution of opportunity I show that to achieve similar reductions
in inequality by moving people, a prohibitively large number would need to migrate
from low- to high-opportunity areas— between 13% and 44% of the low-opportunity
areas’ population. Policymakers also face an equity-efficiency trade-off: 4 out of the
top 10 aggregate opportunity-increasing roads also increase spatial inequality of op-
portunity.

Keywords : nequality, Opportunity, Roads, Spatial, Market Access
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Inequality of opportunity is undesirable, but across space it is ubiquitous. The literature

has previously suggested the policy response of moving people to areas of higher opportunity

[Chetty et al., 2016, Bryan et al., 2014], but this assumes that the underlying causal effect of

place is immutable. In this paper, I relax this assumption and consider the scaleable policy

alternative of moving opportunity to people. Such inequality across space is often rooted

in locations being cut off from markets and the economic opportunities they foster [Allen

et al., 2020c]. Thus, I study a large policy in a development setting, that affects a location’s

connectivity and position within the urban network: Road building.1 Connecting any two

locations increases the degree of local market integration and ease of migration, but could

also divert trade and opportunity away from other areas. Additionally, as observed spatial

differences in outcomes may reflect sorting rather than causal effects of place, it is unclear

ex-ante whether and how such investments influence spatial inequality of opportunity.

This paper studies the effects of transportation infrastructure investment on spatial in-

equality of opportunity in Benin, Cameroon, and Mali. These three countries have substan-

tially upgraded their road networks since 1970 and are likely to make significant additional

investments, due to rapid urbanization and population growth [UN, 2018, Gwilliam, 2011,

Foster and Briceño-Garmendia, 2009]. By studying three countries I am also able to identify

the importance of network-level characteristics in determining the effect of any given road

on the spatial inequality of opportunity — a crucial dimension when assessing the external

validity of findings from any given setting. I use data on the causal effect growing up in a

given location has on individuals from Heath Milsom [2021], and the changing connectivity

of place from historical Michelin road maps that I digitize covering the period 1970-2020.

There are three main empirical challenges to credibly estimating the effects of road in-

vestments on spatial inequality of opportunity. First, building a road in any given location

will have spillover and general equilibrium effects on other locations. Connecting an area

may negatively affect other locations if trade is diverted away from them — or positively if

trade is diverted towards a location they were previously well connected to. Additionally,

migration patterns may shift, causing an excess or shortage of labor, affecting wages. Such

changes to trade or migration patterns will alter prices across space — causing further ad-

justments. Second, roads may be built to galvanize flagging areas or service expanding ones,

that is, they may be built for endogenous reasons. Third, the effect of any given road will

depend on the entire preexisting road network and distribution of economic activity. This

means that network-level characteristics will be important determinants of effects — and a

1In 2021 alone over 10% of the World Bank’s lending was to finance transportation infrastructure invest-
ment.
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threat to external validity if one were to consider a single network.

To overcome the first challenge, of spillover and general equilibrium effects inherent in

road building, I prove a sufficient statistic result, applicable to a large class of models with

costly migration and trade and two sectors/types of workers: educated and non-educated.

This provides a way of measuring the impact of roads on local opportunity allowing changes

to the network to affect all other locations in a manner that is consistent with a broad class of

plausible data-generating processes and micro-foundations. This result states that the effects

of transportation infrastructure investments on educational opportunity are summarized by

four measures of market access, two that capture demand for each sector’s goods and two that

capture the supply of each type of worker. The model builds upon Allen, Arkolakis, and Li

[2020a] extending their framework by introducing costly migration, educational investments,

and two sectors/types. Therefore, the model endogenizes the local incentives and costs of

education, and thus local opportunities.

To estimate the sufficient statistic result, and counter the second challenge (endogeneity

of road building), I develop a novel “not-on-least-cost-path” identification approach. For

each focal location, I freeze the least cost path to all other locations and only use indirect

variation in that location’s market access that stems from how changes to the road network

affect other locations’ market access. Intuitively, if a planner builds roads to better connect

two locations, I don’t use this endogenous variation in connectivity and instead leverage the

indirect effects through changes to other locations’ market access. This procedure can be it-

erated to consider second-order indirect effects, or third-order, etc. — providing increasingly

more restrictive instruments and enabling an implicit test that most endogenous variation

has been removed, by checking if coefficients become stable. I take this approach as existing

alternative identification strategies can not be employed in this setting. Donaldson [2018],

Faber [2014], Moneke [2020], Banerjee et al. [2020] and others use placebo lines which are not

available or consider incidentally connected areas which require a set of locations planned to

be connected, which is also not available to me.2

2A placebo line strategy uses information of planned but not-built lines as a set of control connections
under the identifying assumption that the locations they connect are otherwise similar to those actual roads
connected ex-ante. Alternatively, the incidentally-connected approach leverages knowledge of the road-
builders objective function. Usually, it credibly argues that planners aim to connect hubs and therefore
locations that happen to be between such hubs become incidentally connected whereas relatively close
alternative locations which do not lie on the route do not. Due to the heterogeneous treatment effects of
roads stressed in this paper, these strategies will also likely suffer from bias due to essential heterogeneity and
spillover effects (SUTVA violations). My strategy can also be thought of as improving upon the previously
employed far-away variation strategy [Jedwab and Storeygard, 2021, Donaldson and Hornbeck, 2016]. The
intuition behind such strategies is that road building that occurs far from a given location is less likely to be
completed for reasons endogenous to said location. This suffers from two drawbacks, first, it’s unclear how
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Every road will affect every location differently, and this impact will depend on the entire

preexisting road network and distribution of economic activity. This network dependence

makes it difficult to quantify the impact of a specific road project on inequality of opportunity

— the third main empirical challenge. To counter this challenge, I develop a structural spatial

equilibrium model taken from the class of models that are consistent with the sufficient

statistic result. By specifying a structural model, I can quantify the counterfactual effects

of building/ upgrading any possible road, and understand how network-level characteristics

impact the effects. I solve the model in changes using exact hat algebra [Dekle et al.,

2008] and estimate parameters using the sufficient statistic coefficients, which can now be

interpreted as exact bundles of structural parameters.

To take the sufficient statistic relationship and not-on-least-cost-path identification strat-

egy to the data, I use variation in roads since 1970 from historical Michelin road maps that I

digitize. These maps are available roughly every decade and consistently distinguish between

three road types: dirt tracks, partially improved roads, and paved roads — providing both

intensive and extensive margin variation in road building. To capture variation in spatial

opportunity rather than the characteristics of individuals over space, I use a measurable

dimension of place effects: local educational opportunity. Following Heath Milsom [2021] I

define local opportunity as the causal effect of an individual growing up in a location3 on

their probability of completing primary education.4 Although there are many dimensions of

local opportunity, primary schooling is particularly salient5 and correlated with other indi-

cators of later life success such as earnings, housing quality, and not working in agriculture.

Many factors could influence these causal effects of place, but improvements to the road

network will impact local market integration and the ease of migrating, altering the returns

to, and costs of, education.

I find that changes in the connectivity of place in Benin, Cameroon, and Mali altered

the spatial distribution of opportunity. Expansion in access to demand for goods produced

far away is sufficiently far away, and second long connections may still be built for endogenous reasons. My
approach counters both of these potential drawbacks.

3Regions or localities in this paper refer to second administrative divisions: Communes in Benin, Depart-
ments in Cameroon, and Circles in Mali. These have a median population of 267,000 and can be thought of
as similar in scale to commuter zones in the US.

4This follows a burgeoning literature shows that the locality you grow up in shapes later life outcomes see
for example Chetty and Hendren [2018b], Laliberté [2021], Chyn [2018], Deutscher [2020], Alesina, Hohmann,
Michalopoulos, and Papaioannou [2021], Heath Milsom [2021]. See appendix A for details regarding the
estimation strategy used in Heath Milsom [2021].

5Primary-school completion is the most important, though not the only, dimension of educational success
in this context: 30 percent of adults 25 to 55 have completed primary school in my sample, while just 7
percent have completed further schooling.
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by educated workers increases opportunity by increasing the returns to education. Con-

versely, increases in access to the supply of educated workers decreases educated wages

and the returns to education and so opportunity. This result is robust to controlling for

clientelism, potential non-linearities, the presence of Koranic schools, endogenous schooling

supply/quality, and expected changes in market access [Borusyak et al., 2018]. These results

validate the theoretical approach and show a strong link between changes in connectivity

and the spatial distribution opportunity, whilst remaining robust to a broad range of mod-

eling approaches. However, to go further and answer policy-relevant questions, I turn to

counterfactual estimation using the structural spatial general equilibrium model.

First, I consider the counterfactual impact of road building since 1970 on spatial inequal-

ity of opportunity in each of Benin, Cameroon, and Mali. Comparing the most and least

affected locations within each country, I find a 7.5 p.p. gap in the impact of road building

since 1970 on the causal effect of growing up in a given location on primary school comple-

tion. A third of the within-country variation in effects is explained by larger gains being

associated with greater remoteness in 1970. By studying three countries, I am also able to

investigate network-level heterogeneity. While road building since 1970 had little impact on

the inequality of opportunity in Benin, it significantly increased inequality in Cameroon and

decreased inequality in Mali. There are two possible reasons for cross-country differences.

First, they could be explained by varying constraints faced by policymakers in 1970 such as

geography, or the pre-existing road network. Second, conditional on such initial conditions

they could be due to differences in policymakers’ road-placement decisions. To understand

the role played by factors outside policymakers’ control, I solve the model for 250 randomly

generated road networks of the same overall length in each country. The resulting impact on

inequality of opportunity from the random networks is tightly clustered around the impacts

realized by the actual networks. This finding indicates that varying constraints faced by

policymakers played a considerable role in explaining the observed differences in effects.6

A first-order policy question is how future changes in connectivity may affect spatial

inequality of local educational opportunity. I consider each of the 570 possible individual road

upgrades as separate counterfactual exercises. For each road, I calculate the resulting change

to the spatial distribution of opportunity and inequality of opportunity due to upgrading7 it

6An alternative explanation is that policymakers targeted an objective that was only weakly correlated
with reducing inequality or had poor knowledge of the mapping between road placement and impacts on
inequality. These possibilities cannot be ruled out. However, to the extent to which they are common across
policymakers do not diminish the importance of initial conditions in determining outcomes.

7In my data I can distinguish between road types: dirt track, partially improved road, and paved road.
I upgrade each road to a “highway” with an average travel speed of 80km/h, considerably faster than the
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whilst keeping the rest of the network constant at 2019 levels. I find significant heterogeneity

both across roads within a given network and across networks within a given road (that is

through counterfactually changing the network, keeping the road fixed). Some roads decrease

the standard deviation of opportunity by 2%, whereas others increase it by 2%. Roads

that connect two periphery areas on average increase inequality of opportunity by more

relative to those that connect periphery areas to a main city. The intuition is that periphery

locations have more to gain from the main city by being better connected to it than vice-

versa.8 By counterfactually changing the distance between locations within a given network,

I can study cross-network within-road heterogeneity, and find that the effect of any given

road is greater in networks where localities are closer together. Intuitively, by increasing

the distance between locations, it is harder for other areas not directly connected to make

use of any given improvement in connectivity — attenuating the impact of given road on

oportunity. The uncovered importance of network-level characteristics highlights potential

pitfalls in extrapolating the effects of road building from one setting to another.

Finally, I use the 570 estimated road-level results and consider the possible equity-

efficiency trade-off of building roads. I find that roads that increase aggregate opportunity

the most do not necessarily decrease inequality of opportunity the most. On average only 6

of the top 10 aggregate opportunity-increasing roads also decrease inequality of opportunity.

Policymakers are likely to give weight to inequality of opportunity due to normative concerns

around fairness. Indeed individuals have recently been shown to value equity across space

in and of itself [Gaubert et al., 2021]. My findings underpin that if policymakers consider

equity of opportunity to be an important objective, this will change where roads should be

built in the future.

This paper focuses on moving opportunity to people in order to decrease spatial inequality

of opportunity and improve outcomes. However, previously the literature has focused on the

other side of the coin — moving people to areas of high opportunity (see Bryan et al. [2014]

and Chetty et al. [2016] for two prominent examples). To benchmark my results against

the alternative policy of moving people to areas of high opportunity, I perform a back-of-

the-envelope calculation of how many people would have to be moved to achieve reductions

in inequality similar to those found by road upgrading projects. In a policy counterfactual

fastest previous category, paved roads which have an average speed of 60km/h.
8I show formally and empirically that the first-order effects of connecting any two locations can be

summarized by their initial trade and migration flows. If a given location i exports more goods produced by
educated than those produced by non-educated workers to a given location j, and/or if a larger proportion
of i’s in-migration from j comes from non-educated than educated workers, then connecting i and j is likely
to increase opportunity in i.
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analogous to the Moving To Opportunity experiment [Chetty et al., 2016], I move people from

the lowest to the highest opportunity areas. Fixing the spatial distribution of opportunity,

I find that to reduce the population-weighted standard deviation of opportunity by 1%, a

reduction achieve by many roads, between 71,000 and 466,000 individuals would have to

move. Under any reasonable assumptions, the associated movement costs would be far in

excess of the cost of upgrading a road, which [Buys et al., 2006] estimates to be roughly

12.8m USD for a 100km stretch.

This paper contributes to the literature in three main ways. First, it contributes to the

literature studying spatial inequality and place effects. Previously the literature has focused

on exploiting the possibilities represented by spatial variation within country borders by

moving people to areas of opportunity (see Bryan et al. [2014] and Chetty et al. [2016] for

example). In this paper, I instead consider how policymakers could move opportunity to

people via road building. I add to the place effects literature [Chetty and Hendren, 2018a,b,

Deutscher, 2020, Laliberté, 2021, van Maarseveen, 2021, Alesina et al., 2021, Rojas Ampuero,

2022], which previously has focused on estimating the causal effect of place, by going a step

further and asking how policy can alter the distribution of causal place effects. A recent

strand of this literature has considered place effects within a general equilibrium setting

[Chyn and Daruich, 2022, Eckert et al., 2021]. I build on this literature by: considering

changes in connectivity a low and middle income country setting, analysing cross-country

heterogeneity, and developing a framework that allows greater location-heterogeneity (rela-

tive to Chyn and Daruich [2022]) and takes a market access approach with costly trade as

well as migration.

Second, I contribute to the literature on quantitative spatial economic modeling, by deriv-

ing a novel sufficient statistic relationship from a broad class of models exhibiting: education

demand and supply, multiple sectors, and costly trade and migration. This builds on recent

theoretical work on quantitative spatial general equilibrium models and the generality of the

gravity-based approach [Redding and Rossi-Hansberg, 2017, Allen et al., 2020b, Donaldson

and Hornbeck, 2016, Donaldson, 2018, Allen and Arkolakis, 2022]. Empirically I consider

the effect of roads following (among others) Kebede et al. [2020], Sotelo [2020], Adamopoulos

[2019], Castaing Gachassin [2013], and Morten and Oliveira [2021]. A smaller literature con-

siders the interaction between observed educational attainment and trade [Fujimoto et al.,

2019, Khanna, 2022, Hsiao, 2022]. Edmonds et al. [2010] studies the impact of the Indian

tariff reform of the 1990s and find that the most impacted areas saw the smallest increases

in schooling. Atkin [2016] looks at the impact of growth in export manufacturing in Mexico
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and similarly finds that more affected areas saw greater declines in schooling. Most related

to this work, Adukia et al. [2020] and Asher and Novosad [2020], consider the impact of con-

necting villages in India to the main road network on educational and economic outcomes.

They find evidence of higher attainment in connected villages with enrollment increasing by

more in locations where the returns to education are the highest. I build on this work by

considering the impact of more large-scale inter-city road-building in a different empirical

setting and explicitly considering the impacts on the inequality of opportunity rather than

observed primary completion and allowing for crucial spatial general equilibrium effects.

Lastly, I contribute to the literature on identifying the impact of changes in connec-

tivity by developing a novel identification strategy using an iterative not-on-least-cost-path

approach. An established literature looks at the causal impacts of colonial railways in Sub-

Saharan Africa such as Jedwab and Moradi [2016] and Jedwab, Kerby, and Moradi [2017].

This has more recently been supplemented by work looking at roads, (Moneke [2020], Jed-

wab and Storeygard [2021], Banerjee, Duflo, and Qian [2020], Faber [2014]), and bridges

(Brooks and Donovan [2020], Zant [2022]). I contribute to this literature by expanding on

the existing far-away variation strategy and developing an alternative to the straight-line

instrument, or incidental-middle approach Redding and Turner [2015], Michaels [2008] —

one which can be applied in all settings that result in a market access relationship.9

This paper proceeds as follows. Section 1 overcomes the first main empirical challenge of

inherent spillover and general equilibrium effects in road building by turning to theory, but

remaining as general as possible, and developing the sufficient statistic result. Section 2 then

describes my setting and data before developing a novel identification strategy to overcome

the second main challenge — that of the endogeneity of road placement, and estimating the

sufficient statistic result. Finally, to understand the importance of network-level characteris-

9I also speak to the related literature that has considered the more reduced-form impacts of transport
infrastructure on local outcomes. The conclusion from this literature is somewhat ambiguous. Faber [2014]
finds that incidentally connected periphery areas in China have lower GDP relative to similar not-connected
areas. On the other hand, Baum-Snow et al. [2017] and Banerjee et al. [2020] find positive impacts of
being connected in a similar setting, and Jedwab and Storeygard [2021] similarly in SSA. Baum-Snow et al.
[2020] attempts to reconcile this, again considering roads in China, by showing that impacts depend on the
ex-ante urban hierarchy: Core cities benefit at the expense of periphery ones. This paper can be seen as
taking the implicit heterogeneity seriously by allowing the impact of every road on every location to differ,
and for this to depend on the entire pre-existing road network and distribution of economic activity. This
highlights the importance of not generalizing from one road to another within a country, but also crucially
also not pre-supposing impacts found in one network will port to another setting. As well as allowing for
such heterogeneity, I also build on this literature by considering a very different setting, focusing on the
causal effect of place (which may not be related to observed outcomes such as GDP due to the prevalence
of sorting), studying aggregate impacts using a spatial model, and stressing the impact of roads on country-
wide outcomes such as inequality of opportunity over space. In appendix B.15, I additionally show that by
focusing on variation of the form considered by Faber [2014], I can replicate his main results in my setting.
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tics (the third main challenge), and answer questions of policy relevance, section 3 estimates

a structural spatial economics model and performs counterfactual analysis. Section 4 then

concludes.

1 A general spatial theory linking changes in connec-

tivity to local educational opportunity

In this section, I overcome the first empirical challenge, that of spillover and general equilib-

rium effects, by turning to theory but remaining as general as possible. The theory describes

how to measure the impact of road building on each location, accounting for spillovers and

general spatial equilibrium effects in a manner that is consistent with a broad class of spa-

tial models. Connecting a given location may negatively affect others if trade is diverted

away from them — or positively if trade is diverted towards a location they were previously

well connected to. Additionally, migration patterns may shift, causing a glut or drought of

labor in a given location and affecting wage rates. Such changes to trade or migration pat-

terns will then feed into varying prices across space — which may themselves cause further

adjustments.

I account for these forces within a general framework without having to tie my hands to

a specific micro-foundation or given set of modeling features. In this manner, I overcome

the challenge represented by spillover and general equilibrium effects by putting minimal

structure on the data.

1.1 Developing the sufficient statistic result

In this section, I develop a sufficient statistic result in the sense described by Donaldson

[2022]. This result states that, within a broad class of data generating processes, market

access terms capture all of the effects of changes in connectivity on the spatial distribution of

local opportunity. The framework I develop nests various micro-foundations, including: per-

fect competition Armington-based differentiated products (e.g. Allen and Arkolakis [2014]);

Eaton-Kortum models of economic geography with economies of scale in production (e.g.

Bartelme [2015]); Melitz-type frameworks with heterogeneous firms (e.g. Di Giovanni and

Levchenko [2013]); monopolistic competition and economies of scale with differentiated prod-

ucts (e.g. Krugman [1980]); approaches based on a multi-region Helpman framework (e.g.
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Redding and Sturm [2008]); recent quantitative spatial economics models10 (e.g. Santamaria

[2020], Tsivanidis [2019]). The model represents the most parsimonious set-up that captures

key features such as multiple sectors, costly movement of goods and people, and education

choice. In addition, the sufficient statistic result is robust to various extensions such as

including land in production, land in consumption, endogenising land/ housing provision,

including explicit agglomeration forces or endogenous amenities, generalizing preferences,

generalising the factor content of production, including intermediate goods, and allowing

other factors to influence education choice. Appendix D formally shows that each of these

extensions results in the same sufficient statistic.

This theory builds on work that notes the general nature of gravity spatial models (Allen,

Arkolakis, and Takahashi [2020b], Allen, Arkolakis, and Li [2020a], Allen and Donaldson

[2020], Bartelme [2015], Yotov, Piermartini, Monteiro, and Larch [2016]), by including costly

movement over space [Morten and Oliveira, 2021], two sectors, and education completion.

Consider an economy populated by households (which consist of one child and one adult)

ω ∈ I who reside in discrete locations i ∈ L over periods t ∈ T . For now, I present the

simplest version of the model with one sector, no education, and myopic agents. Each region

produces a representative good (which will be some bundle of underlying products). Denote

by Qi ≥ 0 the output produced by region i and similarly pi ≥ 0 as the factory gate price of

said output. Then piQi = Yi is the income in i. Now consider another region j, denote by

Qij ≥ 0 the quantity of i’s representative good that is consumed in j, and similarly pij ≥ 0

is the price of i’s representative good in j. Then Xij = pijQij is the value of trade flows from

i to j. Denote the total value of imports i.e. the expenditure in i by Ei =
∑

j Xji. Finally

denote the overall price level in a locality as Pi.

Assume iceberg trade costs pij = τijpi for some τij ≥ 1, and that aggregate demand

takes a constant elasticity of substitution form: Ei = (
∑

j∈L p
−ϕ
ij )−1/ϕ. These together which

Shephard’s lemma give the aggregate demand equation for i’s goods in j of the familiar

gravity form.

Xij =
(τijpi)

−ϕ∑
k p

−ϕ
kj

Ej (1)

Define market access as the inverse of the familiar price index MAi = P−ϕ
i =

∑
j∈L p

−ϕ
ij

then we can write Xij = (τijpi)
−ϕMA−1

j Ej. Now strengthen the assumption of iceberg trade

10In appendix section D.3 I show that a quantitative spatial economics framework following Morten and
Oliveira [2021], Tsivanidis [2019], Ahlfeldt et al. [2015], among others, can be considered a special case of
the more general set up described here.
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costs to that of symmetric iceberg trade costs11, that is τij = τji. As Allen, Arkolakis, and

Takahashi [2020b] shows symmetry implies that p−ϕ
i = MA−1

i Ei. Assume that labor is the

only factor of production then piQi = Yi = wiLi where wi is the local wage rate and Li is

the local employed population. Goods market clearing implies wiLi = Yi = Ei, and thus we

have that wi = p−ϕ
i MAiL

−1
i .

Now moving onto labor markets, first assume they clear: that is, the total work force

equals the sum of those who move in (including those who stay) Li =
∑

j Mij where Mij

denotes the quantity of movers from j to i. Define πij as the proportion of individuals in

j who move to i then Mij = πijLj. Assume that this proportion takes a gravity form,

analogous to that of trade12 πij =
uλ
ij∑

k∈L uλ
kj

where uij is the utility derived from moving

from j to i. Suppose that migration costs also take a symmetric iceberg form uij = 1
κij

ui.

Iceberg migration costs κij capture both the pecuniary cost of moving, but also the cost of

rebuilding social capital or of moving large cultural or social distances (which are correlated

with physical distance) [Glaeser et al., 2002, Falck et al., 2012, Bailey et al., 2018] which

are commonly estimated to, in sum, exceed the equivalent of annual income [Koşar et al.,

2021]. Together this implies that movement across space, obeys the following equation (in

aggregate):

Mij =
κ−λ
ij uλ

i∑
k κ

−λ
kj u

λ
k

Lj (2)

Using this I can show that Li =
∑

j πijLj =
∑

j κ
−λ
ij uλ

i LjEMA−1
i where employer market

access (EMA) is defined as EMAi =
∑

j κ
−λ
ij WMA−1

j Lj where WMAi =
∑

j κ
−λ
ij uλ

j , is

worker market access. Employer market access is increasing in the number of potential

workers a firm could draw on, and worker market access is increasing in the number of

potential jobs a worker could work at. Thus we have Li = uλ
i EMAi. Substitute this

back into WMAi to find that WMAi =
∑

j κ
−λ
ij LjEMA−1

j . The only solution to this

system of equations under symmetric migration costs is EMAi = ρLWMAi = LMAi =∑
j κ

−λ
ij LjLMA−1

j for some constant ρL [Donaldson and Hornbeck, 2016]. Labor market

access is higher in a location i if i is well connected (low κij) to many locations which

have large labor markets (large Lj) and few alternative sources of employment (low LMAj).

Therefore we can write Li = uλ
i LMAi. This equation is very intuitive: the total population

11In reality this doesn’t matter. We can instead suppose quasi-symmetric trade costs where τij = τAi τ̃ijτ
B
j

where only τ̃ij is symmetric, and everything follows through with slightly more algebra. Alternatively we
can not assume symmetric costs at all and we find ourselves with inward and outward market access terms
as sufficient statistics. In practice these would be so highly correlated as to make little empirical difference.

12This can be micro-founded form example by assuming type two extreme value preferences over locations
as is common.
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of a location i is larger if the location can draw on/ attract a larger labor market (LMAi is

higher) or is a particularly good place to live (ui is high).

By an analogous argument on the trade side we can write MAi =
∑

j τ
−ϕ
ij YjMA−1

j , the

goods market access in a location i is higher if i is close to (has low τij) many locations which

have large markets (large Yj) but aren’t themselves well connected to alternative markets

(low MAj). Combining the goods (labor demand) and migration (labor supply) sides we

have have wages increase in goods market access, but decrease in labor market access:

wi =
p−ϕ
i MAi

uλ
i LMAi

(3)

To proceed, we have to take some stance on the relationship between ui, pi and wi. The

following two assumptions are robust to the class of models discussed above13: ui = Ai

(
wi

Pi

)a
and wi = Bip

b
i . Where Ai, Bi are some exogenous shifters and a, b are exogenous constants.

Effectively this gives three equations in three unknowns w, u, p and so can solve for w to

find:

wi = Ωi ·MA
1−aλ

ϕ
x

i · LMA
− 1

x
i (4)

where Ωi = A
−λ/x
i B

ϕ/bx
i is a collection of exogenous terms and x = 1 + aλ + ϕ/b. Equation

4 recovers the basic sufficient statistic relationship between wages in a location and good/

labor market access terms.

To make this basic framework more amenable to my analysis I introduce multiple sectors/

types and education. Denote sector and type by s ∈ {E,N} where sectors differ in all

exogenous components and constants described above, E indicates educated individuals

(those who have completed primary school), N indicates not educated individuals. The s

sector produces s-type goods and only uses s-type workers in production14. Each assumption

described above is now assumed to hold at the sector level, it’s well known that gravity

models are separable in sectors which allows us to write sector-specific market access terms

as follows15.

MAs
i =

∑
j

(τij)
−ϕs Y s

j

MAs
j

LMAs
i =

∑
j

(
κs
ij

)λs Ls
j

LMAs
j

(5)

13Note that I can define ui and wi to be any multiplicative function of endogenous or exogenous model
variables and the sufficient statistic result which follows will hold, see appendix D for details.

14The sufficient statistic result is robust to this rigid production set up, shown formally in appendix D.
15The implied assumption on consumption patterns is generalized in the appendix section D, and results

are found to not be qualitatively different
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I model education as part of a locations amenity value, decompose Ai = ĀiEi where Āi is

an exogenous amenity shifter orthogonal to education considerations. Ei captures the utility

value of sending your child to complete primary school. Following Edmonds et al. [2010],

Adukia et al. [2020] and others I suppose that the value of education is increasing in the

returns to education and write Ei = rβi = (wE
i /w

N
i )

β. I can also allow the value of education

to be decreasing in the cost of education, the opportunity cost of education, decreasing in

how congested schools are, or increasing in parental income — these extensions will not affect

the sufficient statistic result and so for simplicity, here I focus on returns to education. The

amenity value of education determines with some idiosyncratic primary completion shock εi,

whether an individual completes primary school in a location or not.

P [complete primary schooli] = µi = β1 · ln(ri) + εi (6)

This is a simple and general approach to modeling primary completion which can be micro-

founded in a number of ways, and relates the model object, P [complete primary schooli] to

it’s empirical observed counterpart, µi, local educational opportunity.

In the above exposition, I have assumed that the supply of education is perfectly elastic

and that the cost is constant across localities and time. Of course, a feature of the increasing

primary completion rate over the study period has been a large expansion in the number

of schools. This will decrease the cost associated with traveling to school which is one

of the largest impediments to school attendance in Sub-Saharan Africa [DeStefano et al.,

2007, Evans and Mendez Acosta, 2021]. Therefore, one may worry that I have omitted an

important dimension of variation both over time and space. Here I postulate a simple way

of endogenizing education supply which does not impact the sufficient statistic result. In

appendix section D.2.1 I also develop a more detailed model of education supply, introducing

a central planner, following Khanna [2022] and show that the data suggests this is also

captured by the sufficient statistic result.

Perhaps the simplest way of allowing the cost of education to vary endogenously is to

suppose that it is inversely related to the distance one has to travel to school (on average)

in a locality: cit = cdχit, where dit is the average distance children have to travel to school in

locality i and c > 0 and χ > 0 are constants. Then suppose that this distance is decreasing

in local population as more populous locations have a higher density of schools16 such that,

16Perhaps it’s more intuitive to consider this in terms of population density, but as locality size is time
invariant, and the sufficient statistic relationship is defined in logs, the result will be isomorphic once we
allow locality level fixed effects.
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dit = dLγ
it for some constants d > 0, γ < 0. Together this gives, cit = c̃Lχ̃

it where c̃ = cdχ

and χ̃ = χγ. As this set-up endogenizes cit as a log-linear function of constants and pre-

existing endogenous variables, the sufficient statistic result remains unchanged, although the

interpretation of coefficients will vary.

Intensive margin variation in schooling quality, at least partly due to teacher quality and

availability, has also played a significant role in recent decades. This can be allowed to vary in

response to road building within my framework by noting that increased E-type labor market

access will influence the wages of graduates, and thus also those of teachers. This dimension

is already captured directly within the sufficient statistic result. It may be, however, that

schooling quality reacts to road-building through other channels. In an attempt to allow for

this, in the appendix I include school quality explicitly in the sufficient statistic regression

as an additional variable, finding that it does not significantly impact opportunity, nor does

its inclusion change the coefficients on market access terms. Measuring school quality at the

second administrative division level, over time, is challenging in any setting, in this analysis I

use a proxy which is the proportion of those who complete primary school but are not literate.

This is far from an ideal proxy, as there is relatively little variation (standard deviation over

all countries and years is 3pp), but the results give some evidence to suggest that changes to

roads are not impacting opportunity through channels not already captured by the sufficient

statistic result. I leave a more detailed analysis of the role changes in education quality play

for future work.

1.2 The sufficient statistic result

The exposition above supplies us with a general theory to consider how changes in connec-

tivity affect endogenous variables including local opportunity. This set up allows us to side

step the common empirical issues outlined at the beginning of this section, such as spillover

effects, essential heterogeneity and general equilibrium considerations, whilst remaining ag-

nostic with regards to the underlying data generating process. In appendix D.1 I show how

the equations above can be combined to arrive at a log linear relationship given in equation

7 which relates local educational opportunity to the four market access terms, and can be

directly taken to the data.

µi = γ1 · ln(MAE
i ) + γ2 · ln(MAN

i ) + γ3 · ln(LMAE
i ) + γ4 · ln(LMAN

i ) + vi (7)
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As noted above this result is robust to a broad set of modeling assumptions and micro-

foundations and this is formally shown in appendix D.2. It is robust in the sense that the

form of the sufficient statistic result will remain unchanged, local opportunity remains a

function of the four market access terms only.

Depending on the exact specification used the interpretation of the coefficients will vary.

When taking equation 7 to the data, I don’t need to take an exact stance on the interpretation

of the coefficients, beyond that which significance indicates changes in the transport network

do alter the spatial distribution of opportunity, which is true of all interpretations. However,

when I turn to using this framework to consider counterfactual road networks I will have to

take a more precise stance, and will use the parsimonious model as described in this section.

In appendix D.1 I formally derive the coefficients in terms of structural parameters fol-

lowing the parsimonious model set out above. The interpretations are very intuitive. For

example, E-type market access affects µ through five main channels. First, it directly in-

creases the demand for E-type goods and therefore increases wE
i and so the returns to

education. Second, it directly decreases the price level causing greater E-type migration and

therefore putting downward pressure on E-type prices. The first impact will be stronger if

trade is more elastic that the effective migration elasticity, ϕE > (1−β)λE, when estimating

the model I find the inequality is satisfied, thus in sum increases in E − type market access

increase E − type wages. Third, as increases in local wages increase the cost of employing

local labor the price of locally produced goods rises, this in turn decreases demand for local

goods and therefore acts as a dampening affect on wages. Fourthly, and similarly, increases

in local wages further induce migration of E-types, increasing the supply of local workers

and acting again as a dampening affect on wages. Lastly, as discussed above changes in

MAE
i will impact local opportunity, however if this impact is positive this will cause greater

migration to the area, reducing local wages and thus mitigating and positive affect. Addi-

tionally, although we haven’t discussed this here, E-type market access will also influence

N -type wages which may put downward pressure on local opportunity. The channel through

the feedback of how changes in local opportunity impact migration and therefore local op-

portunity, is complex and depending on parameter values may act as to mitigate or multiple

effects.

Understanding the structural relationships underlying the simple interpretation of the

coefficients allows me to make strong empirical predictions on the signs of the estimated

coefficients. Assuming ϕs > (1 − β)λs, for s = E,N , the theory predicts that γ̂1 > 0, γ̂2 <

0, γ̂3 < 0, γ̂4 > 0. The coefficient on E-type market access is predicted to be positive
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(γ̂1 > 0) as higher E-type market access increases demand for E-type goods, this in turn

increases E-type wages (in real terms) which increases the returns to education and so the

incentives to educate. Analogously and oppositely the theory predicts γ̂2 < 0. Turning to

labor market access terms, the intuition is again analogous. An increase in E-type labor

market access increases the supply of E-type labor, and so puts downward pressure on E-

type wages decreasing the returns to education and so incentives to educate. Thus, the

theory predicts γ̂3 < 0 and oppositely, γ̂4 > 0.

These predictions depend on the exact model specified, if for example income effects were

included in the education choice problem, an increase in N -type wages due to an increase in

N -type market access could have a positive effect on the incentives to educate. Therefore,

by formally testing for these inequalities when taking the model to the data, I can implicitly

test if the parsimonious set up described in this section can adequately explain behavior. I

find that all sign predictions described in the paragraph above are indeed born out in the

data.

One limitation of this approach is that the model described in this paper is static, house-

holds make one-off migration decisions. If households are forward looking they make take

future expectations of migration (and potentially of their children’s migration) into account

when making migration decisions. Much like in Morten and Oliveira [2021] for models of

this type the continuation value is captured as part of a localities amenity and therefore

the above described estimation strategy and sufficient statistic result are robust to concerns

of this nature. However, it does mean that I am forced to hold the continuation value

fixed in counterfactuals, this removes a potential additional source of gains, especially when

considering the inter-generational perspective.

2 Taking the sufficient statistic result to the data

In this section, I describe how I take the sufficient statistic result developed to the data. I

focus on the setting of Benin, Cameroon, and Mali since 1970, and local educational oppor-

tunity. To estimate the sufficient statistic result I first require data on market access terms

and opportunity over space and time. I use historical Michelin road maps I digitize over the

period 1970-2020, and data on local educational opportunity due to Heath Milsom [2021].

Additionally, although the sufficient statistic gives an equation to estimate, market access

terms will inherit the endogeneity of road placement. This identification problem is the

second main empirical challenge that must be overcome to make progress. I provide identi-
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fication by developing a novel instrumental variables approach which utilizes the structure

of market access terms and not-on-least-cost-path variation.

2.1 The setting, data, and descriptive evidence: Benin, Cameroon,

and Mali since 1970

Benin, Cameroon, and Mali together provide a near-perfect setting to study how changes

in connectivity affect spatial inequality. Whilst also being a particularly pertinent one from

a policy perspective. Each country displays considerable past variation in local connectiv-

ity due to road building, which I will leverage when estimating the effects of changes in

connectivity on spatial inequality. Additionally, due to low preexisting levels of paved road

coverage [Gwilliam, 2011, Foster and Briceño-Garmendia, 2009] and high anticipated urban-

ization and population growth [UN, 2018] considerable investment in road infrastructure is

expected in the near future, making this a particularly direct and policy-relevant setting to

be studying the impacts of road building.

I use the causal effect of growing up in a given location on the probability of completing

primary school as my main measure of local opportunity for three main reasons. First,

due to the large informal sector, it is unclear whether the more traditional measure of later

life income, as used in other contexts, is appropriate here. Additionally, data on primary

completion rates are available at a fine geographic level over time and are unlikely to suffer

from significant measurement error. Second, primary completion rates are correlated with

opportunity more broadly defined in later life. In this setting individuals who have completed

primary school are less likely to work in agriculture, have better housing quality, and greater

returns to education [Psacharopoulos and Patrinos, 2018]. Finally, primary schooling is the

most salient margin of education, in my sample about a third of individuals have completed

primary school, but only 7% have completed secondary school. Thus, although defensible as

a relevant and general measure of local opportunity, primary education completion cannot

speak to all potential dimensions and so opportunity in this paper should be taken to mean

local educational opportunity. In appendix section B.3 I show that there is considerable

variation across space in the local returns to education and educational opportunity.

I study three countries as, on the one hand, data limitations prevent widening the net

and including more countries from Sub-Saharan Africa. In order to study the impact of

changing connectivity on local opportunity, I need data at a fine geographic level, over

time, on local opportunity — which is only available in Benin, Cameroon, and Mali due

to Heath Milsom [2021]. On the other hand, I consider as many countries as possible, as it
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allows me to investigate the importance of network-level, that is country-level, characteristics

in determining the effect of changes to connectivity over space. Such characteristics have

been neglected previously in the literature but will turn out to play an important role —

highlighting the danger of extrapolating results from one network (country) to another.

In this section, I describe the main data sources and institutional context, summarize key

dimensions of variation, and present some descriptive correlational evidence. This evidence

shows that places that became more connected as the result of road building saw larger

increases in local returns to education which is then shown to positively correlate with

greater increases in in local educational opportunity.

2.1.1 The changing geography of connectivity: Digitizing historical Michelin

road maps

Road data comes from historical Michelin maps which I have digitized using GIS software

from the following years: 2019, 2012, 2003, 1986, 1976, and 1969. In these maps, it’s possible

to consistently classify roads into highways, paved roads, improved roads (laterite or gravel),

and dirt roads. This provides a full description of the (main inter-city) roads over time since

1969 in each country. The ability to distinguish road type is of particular importance as

much of the variation in connectivity in later years comes from upgrading roads rather than

building new ones. Figure 1 gives an example of this process. Panel 1a shows an image of

the raw Michelin map of Cameroon in 2019 and panel 1b shows the digitized version.
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Figure 1 Digitizing Michelin road maps — Cameroon 2019

(a) Michelin map
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(b) Digitized map

Notes: This figure shows in panel 1a the original Michelin road map of Cameroon in 2019 and in panel 1b the digitized
version. In panel 1b thick red lines are paved roads, dark black lines are improved roads and gray lines are dirt tracks.
Note that in panel 1a the color of roads denotes their importance/ frequency of use for long-range trucking and does
not necessarily reflect their size or quality which is denoted instead by the thickness of outlines.

Michelin maps are themselves constructed using four main sources (Jedwab and Storey-

gard [2021]): the previous Michelin map, government road maps, local information from

Michelin tire stores across Africa, and finally direct correspondence from users. It is gen-

erally thought that this process leads to consistent and accurate road mapping over time,

and certainly is the only known source providing such information. Indeed, the success of

Michelin maps relied on them being a trustworthy source of information, and so Michelin

had a vested interest in providing accurate maps. However, it’s still very possible that not

every change is noted, and even if a change is noted it could only be included with some

lag. Additionally, although I can use variation in road upgrading, this can only be observed

when a road changes categories. That is, road maintenance or changes that would not count

as upgrades across categories (such as pothole filling) are not captured. This may be a par-

ticular issue in the more recent years as it is expected a greater proportion of road spending

reflects this unobserved variation.

Constructing a network data set
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I use the digitized road maps to construct a network data set for each country, where roads

correspond to the arcs in the network. To complete the construction of a network data

set, however, I need to know node locations and weights, that is the location and size

of agglomerations. I obtain agglomeration populations and locations from Africapolis that

combines various primary data sources to estimate the population of all agglomerations above

10,000 in 2015 on a decadal basis since 1960. To this dataset of known large agglomerations,

I add a set of location centroids for each sub-national geography with weights equal to the

estimated remaining urban population found using Census data for each country. Further

details can be found in the appendix sub-section C.1.1. With nodes and arcs in hand,

I construct a network data set for each country in each year a map is available and run

Dijkstra’s algorithm to find the fastest path along the known network from each node to

each other node. I follow Jedwab and Storeygard [2021] who also digitize Michelin maps in

Africa assuming travel speeds of 60km/hour on paved roads, 40km/hour on improved roads,

and 12km/h on dirt roads.

This paper uses census data (10% samples accessed from IPUMS [2020]) from every

available census in Benin, Cameroon, and Mali covering 1976 to 201317 with a total of 8

million observations across 164 localities and 444 locality-year cells. Individuals are geo-

located at the second administrative unit level which has a median population of 267,000

across all samples18. This data gives me information on migration histories, local population,

local employment compositions, housing quality, and education completion. In my data, an

individual has completed primary education if they have completed the mandatory 6-year

primary cycle19. This does not include Koranic schools but does include Medersas in Mali

as they follow the national curriculum [Boyle, 2014], in appendix B.9 I show that both of

these non-traditional schools play a minor role.

Census data, although rich on many dimensions, and covering a broad geography/ time

frame, does not include information on incomes. To recover income estimates at the locality-

census year-education level, I use asset data from censuses coupled with available income

17In Benin censuses were conducted in 1992, 2002, and 2013 covering 77 geographies. In Cameroon,
censuses were conducted in 1976, 1987, and 2005 covering 39 geographies. In Mali, censuses were conducted
in 1998, and 2009 covering 48 geographies.

18Benin’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.

19In each country over the entire sample period the primary school cycle is 6 years with the exception of
the English speaking regions of Cameroon where the primary cycle is 7 years. To remain consistent in these
localities children are marked as having completed primary school if they have completed 6 years.
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data from Development Health Surveys (DHS) using an Engle curve approach [Young, 2012].

DHS surveys are available in Benin in 1995 and Mali in 1996. DHS surveys are relatively

large-scale representative surveys that include information on earnings (not all DHS surveys

include earnings information, but the two mentioned above do) as well as the same assets as

one can observe in the survey data. Details of this procedure can be found in appendix C.1.2.

Variation in connectivity over time and space

In figure 2, I plot the distribution of expected travel times for each location, in each year

maps are available over the digitized road network20. The expected travel time for a given

location is defined as the time an individual should expect to travel for, if they were to pick

a person at random to travel to from the rest of the country. To calculate this over time

I fix the population distribution to 1970 levels and calculate each localities expected travel

time using the road network in each year. All three figures show considerable leftward shifts

in the distribution of travel times over the study period, with mean travel times decreasing

by 27%, 41%, and 44% in Benin, Cameroon, and Mali respectively.

20Over my study period, in Benin, Cameroon, and Mali, other forms of transport such as railways or
waterways exhibited little variation and are not modeled.
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Figure 2 Distribution of expected pairwise travel times between
localities

(a) Benin

(b) Cameroon

(c) Mali

Notes: These figures show the density of expected travel times from each
locality in a given country-year. Expected travel time in a given location is defined
as the time an individual in the location should expected to be traveling if one
chooses an individual at random in the same country to travel to. The population
distribution is kept fixed at 1970 levels, but the road network is allowed to vary.
More recent years are denoted in a darker shade of blue. Population-weighted
means across localities for each year are given in the top right.
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Measuring market access

The sufficient statistic results suggest that within a broad class of spatial economics

models, all of the complex forward and backward network effects road building may have on

causal place effects, are captured by the sufficient statistics of labor and trade market access

for E and N types, given in equation 5. Each market access term is a series of non-linear

simultaneous equations that can’t be solved until the bilateral cost terms, {τ−ϕs

ijt }, {κ−λs

ijt },
have been recovered. In addition, I don’t directly observe local output, Y s

it = ws
itL

s
it, as I don’t

observe wages at a fine geographic level over time in each country. In order to overcome these

issues I make the following simplifications and assumptions. First, I model bilateral iceberg

transport costs as depending on the logarithm of the calculated least cost path travel times

estimated via Djikstra’s algorithm from the digitized Michelin road maps, tijt, as follows

ϕ ln(τijt) = ϕ̃ ln(tijt), λs ln(κijt) = λs ln(tijt) similar to Allen and Donaldson [2020]. Second,

as I don’t observe wages in the census data I use an Engle-curve based imputation relying

on asset data available in censuses, and wage and asset data from Demographic and Health

Surveys (DHS), using a method similar to Young [2012]. Details on both procedures can be

found in appendix C.1.

As I have data on bilateral internal migration I can estimate λ̃s using the gravity re-

lationships postulated in the theory. However, I don’t have data on locality-level bilateral

trade and so am forced to take a value of ϕ̃ from the literature.

Once the above has been estimated, equation 5 is a series of simultaneous non-linear equa-

tions which have a unique positive solution [Donaldson, 2018] that can be found numerically.

Calculating market access terms only requires uncovering the bilateral transportation cost

terms {τ−ϕs

ijt }, {κ−λs
ijt } not τijt, κijt nor ϕs, λs independently. This means that I don’t have to

heavily rely on the structure of the model or introduce further identification restrictions, as

I will have to do when estimating the full model, in order to calculate market access terms.

2.1.2 Descriptive evidence on the relationship between connectivity and local

educational opportunity

Having established that there is considerable variation in causal place effects, returns to

education, and connectivity, I turn to providing some indicative correlational evidence on

the key relationships between these sources of variation before adding structure to the data.

To measure changes in connectivity I use a well-known centrality measure that most closely

resembles the theoretical concept of market access developed later in the paper. That is,
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I use Eigenvector centrality where the centrality assigned to each node is taken from the

eigenvector associated with the largest eigenvalue of the adjacency matrix between nodes

calculated as the least-cost path across the digitized road network. Formally, λe = Ae where

e is a vector of eigenvector centralities (i.e. the eigenvector), λ is the largest eigenvalue and

A is the adjacency matrix. Eigenvector centrality explicitly takes the centrality of places a

locality is connected to into account when calculating the importance of a node, much like

market access — however results are similar for other appropriate centrality measures.

In the binscatter plots and corresponding OLS regressions which follow I include locality

and year fixed effects as well as weighting by locality population and clustering standard

errors at the locality level. Because of this, coefficients can be interpreted as the association

between changes in centrality (due to changes in the road network) and changes in local

returns to education in figure 3 and changes in local returns to education and causal place

effects in figure 4.

First, I show that there is a strong correlation between local connectivity and the local

benefits of completing primary education. Figure 3 shows that locations which saw greater

increases in centrality due to road building also saw larger increases in the benefits due to

completing primary school measured in terms of housing quality (3a) or the probability of

not working in agriculture (3b).

Figure 3 Correlation between connectivity and local returns to education

(a) Housing quality (b) Not working in agriculture

Notes: This figure shows in panel 3a the correlative relationship between the log Mincerian returns to education in terms of
housing quality on the y-axis and eigenvector centrality on the x-axis. Panel 3b shows the correlative relationship between
the log Mincerian returns to education in terms of the probability of not being employed in agriculture on the y-axis and
eigenvector centrality on the x-axis. In each case Mincerian returns, βl are calculated using the following regression yi =
βy
l Primaryi + β1lagei + β2lage

2
i + εi for each locality l separately and for y equal to housing quality or a dummy variation

equaling one if not employed in agriculture. Housing quality is calculated as the first principle component in a PCA analysis of
floor, wall, roof material, access to electricity, and sanitation. In a second stage, the above binscatter plots are constructed by
comparing Centl with βy

l controlling for locality and year fixed effects. Slope coefficients are indicated in orange on the figures
and have been calculated from the analogous linear regression. Associated standard errors are given in parenthesis clustering
at the locality level.

Figure 4 then shows that there is a strong correlation between local returns to education
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either measured in terms of housing quality, or propensity to not be working in agriculture,

and local educational opportunity. A one percent of a standard deviation increase in housing

quality is associated with a 1.3pp increase in the causal effect of place on primary completion,

and similarly, a one percent increase in the probability of not being employed in agriculture is

associated with a 0.67pp. increase in causal place effect. This gives some suggestive evidence

both that local returns to education matter, and that they are correlated with causal place

effects.

Figure 4 Correlation between local returns to education and opportunity

(a) Housing quality (b) Not working in agriculture

Notes: This figure shows in panel 4a the correlative relationship between the log Mincerian returns to education in terms of
housing quality on the x-axis and causal place effects on the y-axis. Panel 4b shows the correlative relationship between the log
Mincerian returns to education in terms of the probability of not being employed in agriculture and causal place effects on the
y-axis. In each case Mincerian returns, βl are calculated using the following regression yi = βy

l Primaryi+β1lagei+β2lage
2
i +εi

for each locality l separately and for y equal to housing quality or a dummy variation equaling one if not employed in agriculture.
Housing quality is calculated as the first principle component in a PCA analysis of floor, wall, roof material, access to electricity,
and sanitation. In a second stage, the above binscatter plots are constructed by comparing µl with βy

l controlling for locality
and year fixed effects. Slope coefficients are indicated in orange on the figures and have been calculated from the analogous
linear regression. Associated standard errors are given in parenthesis clustering at the locality level.

Finally, figure 25 puts the previous two figures together and shows that there is also

a direct, positive, correlational relationship between connectivity and causal place effects.

This is the relationship that I will explore in more detail in the remainder of the paper,

putting some more structure and theory on what is meant by connectivity, providing causal

evidence, and finally building a structural model to quantify the counterfactual effects of

past and future road building on spatial inequality of opportunity.
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Figure 5 Correlation between connectivity and local opportunity

Notes: This figure shows the correlative relationship between locality eigenvector
centrality on the x-axis and causal place effects on the y-axis. The binscatter
plots are constructed by comparing µl with centl controlling for locality and year
fixed effects. The slope coefficient is indicated in orange on the figure and is are
calculated from the analogous linear regression. Associated standard errors are
given in parenthesis clustering at the locality level.

2.2 Overcoming the endogeneity of road placement

A road may be built to galvanize a previously flagging area or serve a rapidly expanding

one. Whereas turning to theory and taking a market access approach allows me to overcome

the first core challenge of how to measure the complex effect changes in the road network

may have on outcomes, it doesn’t immediately give direction on how to estimate the causal

impacts thereof as market access terms inherit the endogeneity of road placement. In this

subsection I thus turn to overcoming the second core empirical challenge presented by my

research question — the endogeneity of road placement.

Previous identification strategies designed to overcome the endogeneity of road placement

include using placebo lines from planned but unbuilt routes Donaldson [2018], Okoye, Pon-

gou, and Yokossi [2019], using straight line or least-cost path spanning tree instruments21

Moneke [2020], Michaels [2008], Ghani, Goswami, and Kerr [2016], Faber [2014], or leveraging

far-away variation in road changes Donaldson and Hornbeck [2016], Jedwab and Storeygard

[2021]. In my setting, it’s difficult to see how the first two approaches can be implemented.

First, I don’t have data on unbuilt but planned placebo lines. Second, there is no clear set of

locations that are being connected, and in addition, a significant proportion of the variation

21Locations that just happen to lie between two cities that are being connected by a road may be plausibly
described as exogenous. This is also known as the inconsequential units IV.
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in travel times comes from road upgrading rather than the building of entirely new roads,

in this setting it’s unclear how localities are “incidentally” connected.

The third strategy, leveraging far away variation in roads, is appealing but suffers from a

number of known drawbacks. First, it’s unclear how far “far-away” should be; and although

researchers can present many distances, it is ultimately an ad-hoc choice. Second, and more

fundamentally, variation due to large projects which may be far away but for endogenous

reasons, or relatively far away connections that are built to ease transport to, or encourage

trade to a given location, remain threats to identification.

In this paper, I propose a novel identification strategy that builds upon the far-away

variation approach, by considering not-on-least-cost-path variation. Not-on-least-cost-path

variation only uses changes in a locality i’s market access that stems from indirect changes to

all other locations’ market access freezing the least cost path from i to all other locations22.

This approach has two intuitive explanations. First, one can consider it as the same as

using far-away variation, but whereas far-away variation defines distance over Euclidean

space, not-on-least-cost-path defines distance over network space, where a “distance” of

one refers to one-degree removed indirect variation. Under this interpretation, we take the

network structure seriously and resolve the ad-hoc nature of what “far-away” may mean

by appealing to the theory. Secondly, one can think of not-on-least-cost-path variation as

approximating the decision-making process of the policymaker building roads, and using the

residual variation. If a central planner builds roads to/ from i in order to directly improve

its connectivity, we don’t use that variation and instead consider the residual variation in

market access.

As is evident from the intuitive explanations of not-on-least-cost-path variation, the pro-

cess can be iterated and one can consider n-th order indirect variation. Intuitively this is just

considering n-th order removed indirect variation or extending the allowed complexity of the

policymakers’ decision-making process. For example, 2nd order not-on-least-cost-path varia-

tion allows a policymaker to build roads to improve the direct connection from i to any other

location, as well as, indirect connections from j to k that may be built to ease congestion,

or improve trade, to i. The iterative nature of the resulting instruments presents an oppor-

tunity as we consider increasingly likely to be exogenous variation one can test whether at

some point coefficients stabilize giving evidence to suggest that sources of endogeneity have

22This approach is not to be confused with one variation of the incidental connection approach which uses
an estimated least cost route over an estimated cost surface to instrument for actual connections. I don’t
take this approach in this paper for the same reasons that incidental connection approaches, in general, are
unsuitable, and in addition, because a significant proportion of the variation comes from within road quality
and it is unclear how to leverage this intensive margin dimension using this approach.
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been removed23.

To formalize the above discussion, consider a generic market access variable MAit =∑
j∈L τ

ϕ
ijtYjt(MAjt)

−1. Following Donaldson [2018] I first remove own-location market access

(therefore sum over other locations j ∈ L/i) and freeze the market size variable at the initial

level (Lj0) as these objects are co-determined with the outcome variable. Then I can use

not-on-least-cost-path variation (freeze the least cost path to the initial value τij0) of degree

n by constructing the following instrument.

MA
IV (n)
it =

∑
j∈L/i

τij0Yj0

(
MA

IV (n−1)
jt

)−1

Where MA
IV (0)
it =

∑
j∈L/i τijtYj0

(
MA

IV (0)
jt

)−1

gives actual market access terms. See ap-

pendix section B.5 for a graphical explaination of the far-away-variation approach.

This approach does, however, have some limitations. Instruments will fairly quickly

become weak as one iterates, in my application, this happens after the four-order iteration.

In addition, this strategy will not be able to overcome endogeneity that occurs at the level of

large geographies, for example, a program to build more roads in the south of the country to

stimulate growth there. However I show in appendix B that clientelism is not of first order

concern in this setting. In addition, this approach, much like any that relies on market-access

type measures, will suffer from the Borusyak and Hull [2020] critique of endogenous exposure

to exogenous shocks. However, this is relatively easily overcome by permuting over possible

roads a procedure which is described in more detail below.

2.2.1 Sorting across locations

A remaining threat to identification is that changes in market access might induce selection

into migration and migrating location and therefore sorting. Perhaps it is the case that

higher market access areas simply induce those who are more likely to complete primary

school anyway due to family characteristics, to disproportionately locate there. Such a story

would preclude any claims regarding the impact of road-building on the underlying causal

effect of place on primary completion rates. To counter such a possibility I use data directly

on the causal effect of place from Heath Milsom [2021] which captures only the part of the

local variation in observed primary completion rates which is due to causal place effects

23As with any analysis of this type, if one allows policy makers to be infinitely sophisticated and consider
the entire general equilibrium impacts of their actions it will be very difficult to identify any exogenous sources
of variation. However, due to the iterative nature of this approach one can consider stability of estimates as
indicating that, as least using this procedure, we’re reached the limits of policy makers sophistication.
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rather than differing characteristics of individuals over space. Note that local demographics

will still influence place effects through affecting local labor markets and so wages. By

considering causal place effects I isolate this channel separately from sorting.

2.3 Results from estimating the sufficient statistic relationship

With the identification strategy in hand, I can estimate the theory-informed sufficient statis-

tic result derived above. I estimate specifications of the form given in equation 8 where

recall µit is the locality level measure of the causal effect growing up in a location has on

the probability of completing primary school, τi denotes locality fixed effects, αt time fixed

effects and vit an idiosyncratic error.

µit = γ1 · ln(MAE
it) + γ2 · ln(MAN

it ) + γ3 · ln(LMAE
it) + γ4 · ln(LMAN

it ) + τi + αt + vit (8)

I estimate equation 4 on a sample of 334 locality-year pairs for which I have data on

local opportunity. Market access terms are calculated based on the road map year closest

to 14 years before local opportunity estimates are calculated. In this manner I allow the

road network to influence the entire (pre-primary completion) childhood of individuals. Ta-

ble 1 and figure 23 display the main results from this section. In each column of table 1

I build up my identification strategy including instruments that consider more and more

plausibly exogenous variation in road building/ upgrading. Column (1) displays the OLS

results. Column (2) instruments each market access and labor market access term by its

counterpart removing a locations own market. Column (3) additionally keeps all markets at

a constant size in 1970. In subsequent columns I take column three as the baseline and indi-

viudally add restrictions to the instrument used. Column (4) removes variation in the least

cost paths for each locality. Column (5) removes least-cost path variation and only consid-

ers far-away variation. Column (6) removes first and second-order least-cost path variation

and far-away variation. Column (7) removes up to third-order least-cost path variation and

far-away variation. Column (8) removes up to fourth-order least-cost path variation and far-

away variation24. Removing higher than 4th order least-cost path variation results in weak

instruments. For each regression (column) the Kleibergen-Paap under-identification rank

Lagrange multiplier statistic and associated p-value are reported as well as the Sanderson

and Windmeijer [2016] first-stage under and weak identification statistics for each individual

24In this specification far-away is defined as 20km although results are not sensitive to the distance used.
In general, a smaller distance than normal is appropriate to my setting when coupling far-away variation
with not-on-least-cost-path variation.
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regressor are reported. Under/ weak identification tests appear satisfactory in all specifi-

cations except column (5). Standard errors are clustered at the locality level. For a full

discussion of inference in this setting see sub-section 2.3.3 and appendix section B.10.

Table 1 Results from estimating the sufficient statistic relationship

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

OLS
No including
own market

Constant market
size

Not including
least cost path

variation

1st order least
cost + only far
away variation

2nd order least
cost + only far
away variation

3rd order least
cost + only far
away variation

4th order least
cost + only far
away variation

Log(LMA Educ) -0.0598 -0.0569 -0.170 -0.0312 -0.264 -0.192∗ -0.179∗ -0.175
(0.0509) (0.0564) (0.107) (0.125) (0.356) (0.108) (0.106) (0.110)

Log(MA Educ) 0.0434∗∗ 0.0961∗∗∗ 0.137∗∗∗ 0.0545 0.0904 0.0795∗∗ 0.0699 0.0696
(0.0201) (0.0271) (0.0290) (0.0598) (0.237) (0.0396) (0.0425) (0.0453)

Log(LMA No Educ) 0.151∗∗∗ 0.0767 0.265∗∗ 0.156∗ 0.619 0.252∗ 0.215∗∗ 0.218∗∗

(0.0249) (0.0850) (0.124) (0.0879) (0.475) (0.131) (0.0997) (0.106)

Log(MA No Educ) -0.0814∗∗∗ -0.132∗∗ -0.185∗∗∗ -0.136∗∗ -0.111 -0.151∗∗ -0.123∗∗ -0.118∗

(0.0212) (0.0529) (0.0403) (0.0563) (0.293) (0.0682) (0.0555) (0.0601)

Locality by year FE X X X X X X X X
Kleibergen-Paap stat 7.39 8.01 5.65 0.52 2.93 4.23 4.74
Kleibergen-Paap p-value 0.007 0.005 0.017 0.470 0.087 0.040 0.029
SW under ID stat LMA(E) 108.53 34.45 7.84 2.61 15.97 26.00 23.65
SW under ID stat MA(E) 15.48 14.02 10.49 0.84 10.28 12.31 10.33
SW under ID stat LMA(NE) 13.40 13.21 12.59 1.16 4.57 9.81 11.49
SW under ID stat MA(NE) 12.93 27.01 23.74 0.69 5.00 12.45 11.25
SW weak ID stat LMA(E) 112.78 35.80 8.15 2.71 16.59 27.02 24.57
SW weak ID stat MA(E) 16.09 14.57 10.90 0.87 10.68 12.79 10.73
SW weak ID stat LMA(NE) 13.92 13.73 13.08 1.21 4.75 10.20 11.94
SW weak ID stat MA(NE) 13.43 28.07 24.67 0.71 5.19 12.94 11.69
# localities 127 127 127 127 127 127 127 127
N 334 334 334 334 334 334 334 334

Notes: This table shows the results from running regressions of the form given in equation 8. In column (1) OLS is

employed and in subsequent columns (just identified) 2SLS methods are used with instruments as indicated by the column
titles. Locality by year fixed effects are included in each specification. Standard errors are clustered at the locality level.
The dependent variable is the causal effect of spending an additional year of childhood in a given location on the probability
of completing primary education as estimated in Heath Milsom [2021]. Kleibergen-Paap and Sanderson-Windmeijer weak-/
under- identification tests are reported below for each regression.

Individual coefficients can be interpreted as percent to percentage point change, i.e. a 1%

increase in market access causes a β percentage point change in the causal effect of spending

an additional year of childhood in a given location on the probability of completing primary

education. Table 1 shows results in line with the predictions from the theory: E-type labor

market access has a negative coefficient, E-type market access has a positive coefficient, N-

type labor market access has a positive coefficient and N-type market access has a negative

coefficient.

Figure 23 in the appendix displays the same results in a graphical format omitting the

weak IV case in column (5). It’s clear from this figure that results remain stable across

specifications. Given the cumulative nature of the IVs employed this suggests that most

substantive sources of endogenous variation which can be addressed using this iterative

procedure, have been removed. In figure 23 coefficients significant at the 5% level have

been colored in, and those not remain transparent, however, we can improve efficiency by

combining instruments and so do in table 10 in the appendix.
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To provide as precise results as possible I combine instruments using 2nd to 4th order

least-cost-path-variation and report my main sufficient statistic coefficient estimates in col-

umn (1) of table 10 in the appendix. In column (2) of table 10 I show results controlling

for expected market access (in all four variables) calculated as described in subsection 2.3.1.

The coefficient estimates are similar across the two columns and so I retain estimates from

column (1) as my main results when considering quantification and counterfactuals.

In appendix table 13 I show results estimating the sufficient statistic for each country

individually. Testing for the equality of coefficients between the country-specific regressions

and the pooled regression — I find no statistically significant difference (although power con-

cerns prevent strong conclusions). Differences in coefficients across countries can only reflect

varying structural parameters for each setting. Therefore similarity of coefficients suggests

that using the same set of parameters for each country is appropriate when considering

counterfactual analysis.

In addition table 15 in the appendix shows results using returns to education or the

proportion employed in agriculture as alternative outcome variables. I find significant effects

of market access terms on these variables, giving further evidence on some of the main

channels posited.

2.3.1 Non-random exposure to plausibly exogenous variation in road building

In recent work, Borusyak and Hull [2020] illustrate that even in the case of random shock

assignment spatial regressions such as those considered here may be biased. This is due

to the network theoretic nature of the variable market access, some regions, even under

random road placement, are more likely to receive higher increases in market access than

others. For example, locations near a country’s border will mechanically see smaller increases

in market access, and thus if there is any correlation between centrality and the variable of

interest, estimates will be biased. Similarly, geography matters: areas that are particularly

inhospitable, or close to inhospitable regions, are mechanically less likely to see large increases

in market access. Even more concerning the initial urban structure of a country matters in

a similar fashion. In order to overcome this Borusyak and Hull [2020] suggest constructing

a expected instrument and demeaning market access from this in regressions. The expected

instrument is exactly the (trade or labor) market access a region would expect to receive on

average over many possible realisations of the road-building data generating process.

In order to construct the expected instrument, one must first specify a data generating

process for the as-good-as-random shocks to the transport network. Borusyak and Hull
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[2020] suggest a number of ways to do this such as permuting over proposed but not built

roads or using local policy discontinuities. I take a similar approach, permuting over all

possible individual road upgrades. That is, in any given year, I iterate through all roads

and upgrade them by one category (or build yet-to-be-built roads). I then take the new,

hypothetical, road network and re-calculate market access values. Averaging market access

calculated in this fashion over every road (I do not upgrade paved roads as faster roads are

not observed in my data set), in a given country-year I calculate expected market access

terms.

2.3.2 Top-coding of primary completion rates and non-linearities in market

access and causal place effect changes

Two potential concerns arise from the above specification. The first is that in reality, primary

completion rates cannot move above 100%, which represents a potential top-coding issue.

However, as figure 18 in the appendix section B.7 shows, in my sample period no locations

reach this upper bound, therefore top-coding is unlikely to be affecting results.

The issue of top-coding however, is not necessarily so clear-cut. It’s likely that areas with

pre-existing low primary completion rates saw larger increases over time as such changes were

more possible or easier. As causal place effects are defined relative to the country average,

the same issue is apparent. Areas far below a country average, could mechanically see greater

increases. In and of itself, this doesn’t necessarily represent a problem for identification, but

it is in addition possible that the same phenomenon affects changes in market access terms.

Areas with pre-existing low market access could more easily see large increases (in log terms)

than areas with pre-existing high market access. Combined, these could create a spurious

correlation between causal place effects and market access in the above regression which

includes locality and time fixed effects.

To consider whether this is a serious concern I regress base levels on long differences for

each market access term, primary completion rates, and causal place effects. Tables 4 and 5

in the appendix section B.7 show the results. In table 4 I regress changes for each variable

on levels of all variables and in table 5 I regression changes for each variable on the level

of that variable only. The results show that although changes in market access terms are

negatively correlated with observed primary completion rates, the same is not true for causal

place effects, which have no relation. In addition, for the majority of market access variables

when both individually included or combined, there is no relationship between changes and

levels, and if a relationship does exist it is more often positive than negative. The tables also
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show a positive relationship between pre-existing primary completion rates and changes in

primary completion rates, giving further evidence to suggest that in the sample I consider,

the potential concavity of the ease of increasing primary completion rates is not biting.

Additionally, these tables replicate the results in Heath Milsom [2021] by showing strong

persistence in causal place effects. In sum, these results suggest that the concerns raised are

not significant in my sample and setting.

One may also be concerned if market access variables depend on past market access

terms, especially if such auto-correlation is also found in market access instruments. This

could be the case if the network endogenously reacts to previous market access changes, or

there are long-run projects (or connected projects) taking multiple decades to complete. I

test for this possibility in appendix section B.8 by including lagged market access terms in

the main sufficient statistic regression — and find no evidence that this is a relevant chanel

for concern in this setting.

2.3.3 Inference

Inference surrounding the coefficients recovered from estimating equation 8 is complicated

by four main factors. First, serial correlation within geographical units over time is undoubt-

edly pervasive. Second, spatial correlation. Third, the dependent variable has itself been

estimated. Fourth, due to the natural of market access terms, they likely encode complex

dependencies over space [Borusyak and Hull, 2020]. To overcome these potential problems

I respectively: cluster standard errors at the locality level, use Conley standard errors, note

that classical measurement error on the left hand side works to attenuate coefficients, and

use the randomization inference procedure suggested by Borusyak and Hull [2020]. Details

of each approach and results are given in appendix section B.10. I find that standard errors

remain similar to those reported in this section, never significantly inflating.

2.3.4 Interpreting the sufficient statistic results

Certainly, the results from this section show that changes in connectivity, through market ac-

cess terms, have causally altered the spatial distribution of opportunity in Benin, Cameroon,

and Mali. Market access terms are a sufficient statistic in the sense that they capture all of

the impact of roads on local opportunity, but there maybe other factors which also affect the

causal effect of place. I find that in an R2 sense changes to market access terms explain 63%
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of the residual signal variation in µi conditioning on locality and time fixed effects.25 There-

fore, although they explain a sizable proportion of the explainable variation, there remains

significant scope for other factors to play an important role.

Going further, and asking what the effect of a specific road was, or discussing aggregate

effects, is not possible without leveraging the full structure of the model. This is because the

results from estimating the sufficient statistic relationship encode significant heterogeneity.

They allow every road, to affect every location differently, and for this to depend on the

entire pre-existing road network and distribution of economic activity. That is — network-

level characteristics matter. To overcome this third and final challenge I use the estimated

coefficients from the sufficient statistic result to back out structural parameters, and then

leverage the full structure of the model to answer policy-relevant questions.

3 Counterfactual analysis

The sufficient statistic result and not-on-least-cost-path identification strategy allow me to

overcome the first two challenges presented by my research question — spillovers and general

equilibrium effects as well as the endogeneity of road placement. However, as highlighted by

the results from estimating the sufficient statistic equation, one challenge remains: network-

level characteristics matter. To know the impact of building any given road, or set of roads,

you have to take into account the entire preexisting network and distribution of economic

activity. To allow me to do this, and study how network-level characteristics matter for the

impact of any given road, I set up the parsimonious model described above for counterfactual

analysis.

Relative to the sufficient statistic result, I must now take a stance on the exact ingredients

of the model but can remain agnostic as to the micro-foundations. I use the framework

described in the main text, with costly migration and trade, two sectors/ types, education

choice, and exogenous education costs. I use this parsimonious specification because it’s

the simplest which still captures the main objects of interest, and can be directly estimated

from the identified sufficient statistic coefficients, closely linking the empirical and structural

aspects of the paper.

The model is as set out in section 1 and can be summarized by the seven equations

given below for each locality i, period t and sector/type s. Combining this structure with

exogenous variables {BE
it , B

N
it , A

E
it , A

N
it } (location characteristics) and {τijt, κijt} (transporta-

25This estimate includes any changes in market access terms over this period, not just those due to road
building.
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tion costs), and parameters {ϕE, ϕN , λE, λN , β}, I can solve for the endogenous quantities

{us
it, Eit, w

s
it, Y

s
it , L

s
it,MAs

it, LMAs
it}.

1. us
it = As

it

((
ws

it

(P s
it)

)1−β

Eβ
it

)λs

2. Eβ
it =

(
wE

it

wN
it

)β
3. ws

it =
Y s
it

Ls
it

4. Y s
it = Bs

it (w
s
it)

−ϕk MAs
it

5. Ls
it = us

itLMAs
it

6. MAs
it = (P s

it)
−ϕs =

∑
j τ

−ϕs

ijt

Y s
jt

MAs
jt

7. LMAs
it =

∑
j κ

−λs
ijt

Ls
jt

LMAs
jt

Appendix section D.1 shows that these equations can be simplified into a series of simulta-

neous non-linear equations given by equation 9. Note that this again recovers the sufficient

statistic result, all endogenous quantities can be written in terms of market access variables

which themselves are recursively defined depending on some kernel.

MAr
it =

∑
j

Kr
ijt

4∏
h=1

(
MAh

jt

)brh (9)

Where MAr
it denotes market access of type r ∈ {1, 2, 3, 4} such that MA1

it = MAE
it , MA2

it =

MAN
it , MA3

it = LMAE
it , MA4

it = LMAN
it . Kr

ijt denotes the kernel associated with market

access of type r and is a bundle of exogenous shifters and iceberg costs, for example K1
ijt =

τ−ϕE
ijt (BE

jt)
a11(BN

jt )
a12(AE

jt)
a13(AN

jt)
a14 . The scalars {arh} and {brh} are known functions of

structural parameters.

Equation 9 is of the exact form studied by Allen, Arkolakis, and Li [2020a]. Thus, follow-

ing Allen, Arkolakis, and Li [2020a] existence of equilibrium is guaranteed, but uniqueness

depends on the spectral radius of the matrix B = (brh). As stated in Allen, Arkolakis, and

Li [2020a] theorem 1 if the spectral radius of B corresponding to the system in 9 is less than

1, uniqueness is guaranteed. For the parameters I estimate I indeed find a spectral radius

less than one implying a unique solution.

In order to use equation 9 to study counterfactual road networks, I need to find values

of {brh}r,h=1,2,3,4 as well as overcome the problem that exogenous location specific shifters
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Ait, Bit, are not observed. Turning first to the latter issue, I solve the model in changes using

exact-hat algebra (Dekle, Eaton, and Kortum [2008]), here the exogenous shifters drop out

and therefore do not need to be estimated. Denote by a hat variables written in changes

e.g. x̂ = x′/x, where x′ indicates the counterfactual and x the observed values. In this

paper, I’m interested in counterfactuals in terms of alternative road networks, thus denote

by ρ̂rijt the change in iceberg trade costs for market access of type r associated with some

counterfactual road network. This change is known given the parameterization discussed

and estimated in section 1. Then we can write the system given in equation 9 (see appendix

section D.1 for a formal derivation) in changes where the only unknown objects are the

parameters {brh}r,h=1,2,3,4.

M̂A
r

it =
∑
j

ρ̂rijtλ
r
ijt

4∏
h=1

(
M̂A

h

jt

)brh
(10)

λr
ijt is the proportion of i’s market access (of type r) in t, which is due to location j, and is

a known quantity which due to the assume gravity relationships can be directly recovered

from observed migration and trade flows. Given a counterfactual road network and therefore

τ̂ijt and κ̂ijt, and parameter estimates, I can then solve this non-linear system of equations

to find M̂Ait (vector of market access terms) and then recover the change in opportunity in

each location due to the counterfactual network, using the estimated coefficients (stack to

form the vector γ̂) from the sufficient statistic relationship ∆µl = γ̂ ln(M̂Al).

3.1 Finding parameter estimates

I first set β (the utility value of education relative to consumption) to equal to 0.226, although

quantitative results presented in section 3.2 are not sensitive to other reasonable values of β

as shown in appendix section D.6.2. There are four remaining parameters, ϕE, ϕN , λE, λN . In

appendix D.1 I show that each coefficient from the sufficient statistic result can be written

as a function of these parameters γi = fi(ϕE, ϕN , λE, λN) for i = 1, 2, 3, 4. Thus given

information on γ̂i and knowledge of fi I can numerically solve for the structural parameters.

Finally, I also show in appendix D.1 that brh = grh(ϕE, ϕN , λE, λN) and so can use estimates

of the structural parameters to back out the brh terms in equation 10. This process is

attractive, as it doesn’t require any further identification strategies beyond those already

employed, and provides a strong link between theory and the empirical results.

26Eckert et al. [2021] estimate a similar parameter and find β = 0.39 using this value doesn’t change my
results.
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This procedure gives ϕE = 2.86, ϕN = 1.79, λE = 1.44, λN = 0.89. ϕs can be interpreted

as the negative of the elasticity of wages to factory gate prices operating through trade

sensitivity, and λs as the negative of the elasticity of wages to locality utility, operating

through migration sensitivity. Therefore, these results suggest that wages are more sensitive

to price changes for E-type goods and that migration is more sensitive to local utility for

E-type workers.

For robustness, I also consider a second set of parameter estimates taken as from the

existing literature. These parameters have not been estimated in Benin, Cameroon, or Mali

before, or anywhere in Sub-Saharan Africa to the authors’ best knowledge, so the appli-

cability of such parameters should be taken with a pinch of salt. To estimate movement

costs I turn to Tsivanidis [2019] who estimates migration-iceberg cost elasticities in the

setting of commuting within Bogota and distinguishes between high and low-educated work-

ers. To make this more conformative with my cross-city setting I scale estimates such that

the average across types is equal to that found by Morten and Oliveira [2021] who con-

sider cross-city migration in Brazil. This approach leaves me with the following estimates:

λE = 1.74, λN = 2.11. It’s worth stressing that Bogota and Brazil are far from Benin,

Cameroon, and Mali, and there is no particular reason to think that these estimates will

pass over unadjusted. Turning to trade costs estimates of the elasticity of within-country

trade with respect to iceberg trade costs in a developing country context, by worker type, are

even rarer. I take the estimates from Zárate [2020] who studies this elasticity within Mexico

city distinguishing between formal and informal workers, and once again rescale by Morten

and Oliveira [2021]. Using this approach I find ϕE = 3.47, ϕN = 4.52. Neither of these

settings are particularly close to Benin, Cameroon, or Mali, but nevertheless it is reassuring

that when I use this alternative set of parameter values to calculate counterfactuals I find

similar results.

3.2 The impact of road building since 1970 on the distribution of

opportunity and spatial inequality of opportunity

I use the full model described in section 3 to estimate the counterfactual vector of market

access terms in 2020 in the absence of any changes to the road network since 1970. Figure 6

shows the distribution over localities in each country of the total relative effect of roads built

since 1970 on the causal effect of place on the probability of completing primary school, given

by ∆µl = γ̂(ln(MAlt)− ln(MANoRoads
lt )). Where MA stacks the market access terms, γ̂ is a
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vector of estimated coefficients from section 1, and the log-operator is taken element-wise.27

Figure 6 shows that changes to the road network since 1970 have increased the causal

effect on primary education completion of growing up in the most affected areas (90th per-

centile) by 7.54pp. more than the least affected (10th percentile). Although the magnitude

of relative changes is large, it is not unreasonable given the large decreases in travel times

displayed in figure 2 which shows that on average travel times fell by over 37% during this

time period. This average however, hides considerable heterogeneity across countries: the

corresponding 90th-10th percentage difference in Benin is only 4.72pp., whereas in Cameroon

and Mali it is 8.93pp., and 8.67pp. respectively.

Using these estimates I can study how changes in connectivity since 1970 directly im-

pacted inequality of opportunity, measured as the change in the variance of local opportunity

across space. Here, I also find significant differences across countries. In Benin the variance

of opportunity over space was largely unaffected by road building since 1970 decreasing only

by 0.04%, that is in the absence of any changes to the transport network since 1970 inequality

of opportunity would have been 0.04% higher in Benin. However in Cameroon road building

since 1970 increased the variance of opportunity over space by 5.81% and in Mali decreased

the variance of opportunity over space by 1.44%.

27In this paper I focus on the effects of roads on the distribution of opportunity and inequality of oppor-
tunity, rather than on levels shifts. For this reason I don’t discuss mean shifts in opportunity in the main
body of the paper, and relegate such analysis to appendix section B.11.
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Figure 6 The distributional impact of roads built since 1970 on the causal effect of place
on primary education completion

Notes: This figure shows the distribution of the total relative effects of road building from 1970 to 2020, on the
causal effect of place on completing primary education in each location in each of Benin, Cameroon, and Mali.

Figure 6 shows considerable heterogeneity both across roads within countries, but also

across countries that is across road networks. Turning first to understanding within-country

cross-road heterogeneity, figure 7 shows the relationship between the total estimated effect

and the 1970 expected travel time of each location (normalized by overall country size) where

expected travel time is defined as on average how long one should expect to be on the road

to travel to another random person within the same country. In all three countries we see

a significant and positive relationship28 overall 1970 remoteness explains 33% of the within-

variation in the change in opportunity due to road building since 1970. Within-country,

those locations that were initially more remote, saw larger increases in local educational

opportunity as compared to less remote locations. In Benin for example a one percent

increase in 1970 remoteness is associated with on average a 5% high place effect for roads

built since 1970. Actual road building since 1970 has disproportionately benefited more

remote locations in each country.

28In figure 7 I omit departments in the Extrême-Nord province of Cameroon as they are significant outliers.
With this departments included the Cameroonian slope remains positive but is diminished and no longer
statistically significantly different from 0.
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Figure 7 Relationship between the total relative effect of roads and 1970 expected travel
time

Notes: This figure shows the correlation between the overall relative effect of roads on the causal effect of place
on a localities remoteness in 1970. Remoteness is measured as expected travel time relative to the country average
and the effect of roads built since 1970 is estimated using the structural model. The relationship is allowed to
vary by country, results are weighted by 1970 locality population. Corresponding linear regression coefficients and
robust standard errors are reported for each country in the top left of the figure. Departments in the Extrême-Nord
province of Cameroon have been omitted as they are significant outliers.

Second, I turn to investigating cross-country heterogeneity. But studying three countries

I am uniquely able to investigate the extent to which network-level characteristics are im-

portant, a key ingredient in consider the external validity of any single-country study. In

general, there is no particular reason to suppose that road-building in each of these countries

since 1970 would have had similar impacts. Each country is unique in its geography, spatial

distribution of economic activity, and existing 1970 network. In addition, each country built

and upgraded its network in a different manner, potentially following different policy objec-

tives. An advantage of my approach is that it allows effects to vary on such dimensions, and

thus the study of what may be causing differences. One natural question to ask is to what

extent the effect of road building since 1970 on inequality is the result of prudent policy, or

reflect differences in immutable characteristics facing policymakers in each country.

To understand the role country (or network) specific initial conditions may be playing,

I remove the effect of policy-makers decisions by asking what the impact on inequality of

opportunity would have been had the road network (of the same size) instead been built ran-
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domly in each country. The intuition is that by considering random networks, I remove the

impact that policymakers themselves had, and am left with that due to constraints. Figure

8 shows the distribution of the change in inequality of opportunity (measured in terms of %

change in variance) across localities from 250 such random counterfactual networks in each

Benin, Cameroon, and Mali. Superimposed on this graph are horizontal lines showing the

observed actual effect of roads built in each country on inequality of opportunity. Figure 8

shows that policy makers in each country faced environments that differed considerably in di-

mensions that mattered for determining the impact of road building on inequality. In Benin,

effects are tightly clustered around a slight increase in inequality whereas in Mali effects

are clustered around a slight decrease. Cameroon on the other hand has a dispersed dis-

tribution with some random networks decreasing inequality of opportunity by 10% whereas

others increasing inequality of opportunity by 10%. Policy makers achieved outcomes close

to the center of each distribution of random effects — implying that constraints facing policy

makers are an important determinant of outcomes, particularly in Benin and Mali.

The finding that the preexisting road network and distribution of economic activity can

limit the scope for discretion by policy makers when looking to upgrade the network speaks to

the literature on persistence and path dependence in urban structure. Various authors have

shown evidence in a developed country setting that path dependence plays a large role: Davis

and Weinstein [2002, 2008], Bleakley and Lin [2012], Hornbeck and Keniston [2017], Allen

and Donaldson [2020]. This finding contributes to the smaller literature showing similar

evidence in a developing country setting [Miguel and Roland, 2011, Jedwab and Moradi,

2016, Bertazzini, 2022], by giving further evidence to suggest that path dependence plays

an important role in determining the spatial distribution of economic activity in Benin,

Cameroon, and Mali.
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Figure 8 Comparing the effect of counterfactual random networks to the realized network

Notes: This figure compares, for each of Benin, Cameroon, and Mali, the impact on inequality of opportunity
measured as the percent change in variance across space of roads built since 1970 on the causal effect of place on
the probability of completing primary school (vertical lines) to the distribution of average effects over 250 random
simulated networks. Random simulated networks have the same overall decrease in travel time as the observed
change in networks from 1970 to 2020, but road upgrades have been randomly decided.

Finally, the structural model encodes three main features — I allow road building to

decrease trade costs, decrease movement costs, and for location-specific utility, and so mi-

gration decisions be influenced by the returns to education. It’s natural to consider which

channel drives the distributional results. In sub-section B.12 in the appendix, I shut down

each feature in turn and re-run the counterfactual analysis. The main conclusion is that

each channel plays an important role in determining the effects of road changes on spatial

inequality of opportunity. Ignoring any one of them materially changes conclusions. The

stresses the importance of considering both direct and general equilibrium effects of road

building, highlighting the necessity of a framework which allows for such interactions.

3.3 The impact of future road investments on spatial inequality

of opportunity

Section 1 showed that road building alters the spatial distribution of opportunity and sec-

tion 3.2 showed that since 1970 changes to the transport network have had large, but het-
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erogeneous, effects on the spatial distribution of local educational opportunity. Within this

context, it’s natural to ask the policy relevant question: what is the impact of future road in-

vestments on spatial inequality of opportunity? The approach taken in this paper is uniquely

suited to answer this question as I can allow every road to effect every locality differently, and

for this impact to depend on the entire pre-existing road network. Additionally, as I study

three countries, I can consider the importance of network-level characteristics in determining

the effect of any given road — an important dimension when considering the applicability

of country-specific results to an alternative setting.

To investigate the impact of future road investments I simulate the impact on the spatial

distribution of local educational opportunity of upgrading each existing segment of the road

network29 to a highway (speed of 80km/h relative to the existing fastest roads which have

travel speeds of 60km/h). Unlike some recently studied place-based policies such as place-

based taxation Gaubert et al. [2021], or the large literature on opportunity-zones (see for

example Freedman et al. [2021]), road building represents a public good provision problem

with no place-blind alternative.

By considering the set of potential road upgrades I can build a road-locality level data set

calculating the impact on each localities relative place effect of each road upgrade. In this

manner I can study the aggregate impact on inequality of opportunity for each road upgrade,

the characteristics of roads which lead to larger decreases in inequality, the characteristics

of places which are related to greater increases in opportunity for a given road, and how the

interaction between road and locality level characteristics shapes how the spatial distribution

of opportunity changes with changes in connectivity over space. Uniquely, as I study multiple

countries, I can additionally consider the importance of network-level characteristics. By

looking at the set of all counterfactuals I don’t have to rely on estimating the impact of

changes in connectivity due to the selected-sample of actually built roads which suffers from

endogeneity concerns, that the all-road sample sidesteps.

This approach can also be used to approximate in a computationally feasible manner the

optimal network problem as discussed in Fajgelbaum and Schaal [2020], and is similar to the

procedure taken in Balboni et al. [2020]. That is, although I don’t solve over the entire space

of potential new road locations, I do consider the finite set of road segment upgrades — which

given the majority of variation in the past 20 years has been in upgrading rather than building

29A road segment is defined as part of a road that starts and ends at a settlement or cross-roads. Although
road segments will have varying lengths and initial conditions, and therefore associated upgrade-costs, I do
not take this into account when considering welfare. In this manner, and due to the substitutability of roads,
this exercise should be considered as indicative of the area in which upgrading has a given effect, rather than
pertaining to which specific road segment is most effective.
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— is a particularly policy-relevant margin, whilst remaining computationally feasible. In

this manner, instead of solving for the optimal, inequality-minimizing improvement, I can

upgrade each road-segment in turn, and perform the counterfactual analysis. That is, if the

road with the largest gains is built it will not necessarily be the case that the road with the

reported second largest gains should be built next as one would need to re-run the analysis

starting from the new current network. Indeed, many roads are likely to be substitutes,

leading to an anticipated geographic clustering of good roads which will change once one has

been built.

Figure 9 shows how the spatial inequality of opportunity changes in each counterfactual

scenario. Where a counterfactual is upgrading each of the 554 road segments in turn. Bluer

lines in these figures correspond to larger decreases in inequality of opportunity and redder

lines to larger increases. Changes are measured in terms of standard deviations. Figure 9

shows considerable cross-country differences. In Benin, almost every road decreases inequal-

ity of opportunity, whereas in Cameroon almost every road (mildly) increases inequality and

in Mali the picture is more nuanced with roads to the south-east causing large increases in

inequality but central roads decreasing inequality. Country level differences indicate that it’s

not just road-type, or locality characteristics that matter for what impact changes in con-

nectivity will be on inequality of opportunity — but rather that properties of the network

as a whole play a key role.
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Figure 9 Counterfactual impact on inequality of opportunity of upgrading each road segment

Notes: This figure shows the counterfactual impact of upgrading each road segment, keeping the remainder of the network
fixed at 2019 levels, to have travel speed of 80km/h on the spatial inequality of opportunity measured as the change in the
standard deviation of opportunity over space. Bluer lines represent larger decreases in inequality whereas redder lines
represent larger increases in inequality.

This paper presents moving opportunity to people through road building as an alternative

to the previously studied policy of moving people to opportunity. In order to benchmark

my results, I perform a back-of-the-envelope calculation to estimate how many people would

have to be moved to achieve similar reductions in inequality of opportunity to those found
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in figure 9. To do this I reshuffle the population of each country, moving people uniformly

from the lowest 10% opportunity locations and reassigning them evenly to the highest 10%

of locations. This is a policy similar in targeting to the Moving To Opportunity experiment

[Chetty et al., 2016]. I assume that population movements don’t change the underlying affect

of locations, and calculate the change in population-weighted inequality over space due to

moving the population in this way. Many roads in figure 9 decrease the standard deviation

of opportunity over space by 1%, so I take this as the target change for such a reshuffling

of the population to achieve. In order to reduce overall inequality of opportunity following

the program set out above one would need to move 71,000, 219,000, and 466,000 people

from the lowest opportunity areas to the highest in Benin, Cameroon, and Mali respectively.

This is 13%, 12%, and 44% of the population from the lowest 10% of opportunity areas.

These numbers are very large, and under any reasonable estimate of movement costs are

considerably in excess of the cost of building a road which Buys et al. [2006] estimate using

data from the World Bank to be roughly 12.8m USD for a 100km road.

Although figure 9 highlights cross-country differences, it also displays considerable het-

erogeneity across roads within-country. To investigate this further I categorize roads into

three types: those connecting periphery areas to each other (periphery), those connecting pe-

riphery cities to the main city (main) and those doing neither (other). Figure 32 in appendix

D.4 shows how each road is categorized. A road is categorized as connecting periphery cities

if it doesn’t enter any locality surrounding the main city. A road is categorized as con-

necting main to periphery cities if it enters a locality close to the main city. By grouping

roads together in this fashion I can shed light on a common policy assertion that to bring

opportunity to flagging areas one should better connect it to existing vibrant locations, such

as capital cities vs the alternative that one should encourage areas to flourish independently

of the capital.

Table 2 shows the results from estimating equations at the road r level of the follow-

ing form: ∆SD(µl)r = βtRoadTypet + εr, where ∆SD(µl)r is the change in the standard

deviation of opportunity over space due to upgrading road r and is my measure of spatial

inequality of opportunity, and t denotes road type. The results in table 2 are given relative

to the other road category. Therefore βt can be interpreted as the overall effect of building a

road of a given type relative to the baseline category on spatial inequality of opportunity. In

column (1) I pool results across countries and include country fixed effects. Whereas build-

ing a road to the main city doesn’t increase inequality relative to building a non-categorized

road, building a road that connects two periphery cities increases the standard deviation of
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spatial inequality of opportunity by 0.3 on average. In columns (2), (3), and (4) I restrict

the sample to each country individually. In Cameroon, I find no differential impact by road

type. In Benin and Mali, on the other hand I find that building roads connecting periphery

cities relatively increases the standard deviation of opportunity over space by 0.95 and 0.42

respectively.

Table 2 Impact of different types of road on spatial inequality of
opportunity

(1) (2) (3) (4)
Overall Benin Cameroon Mali

Main 0.145∗ -0.0194 -0.0492 0.247
(0.0831) (0.0816) (0.0598) (0.166)

Periphery 0.310∗∗∗ 0.954∗∗∗ 0.00485 0.421∗∗∗

(0.0643) (0.101) (0.0435) (0.126)

Observations 534 94 260 180
R2 0.500 0.147 0.003 0.041

Notes: This table estimates the road-level impact of future road upgrades on inequal-
ity of opportunity measured as the standard deviation of local educational opportu-
nity over space. Coefficients are from estimating the following equation: ∆SD(µl)r =
βtRoadTyper + εr and are relative to the left-out category other. A positive coefficient
means that relative to the left out category upgrading roads of that type increased inequal-
ity of opportunity over space. Column one pools across countries and includes country
fixed effects whereas columns (2), (3), and (4) restrict the sample to Benin, Cameroon,
and Mali respectively. Standard errors are robust and reported in parenthesis bellow
point estimates.

The intuition behind the result presented in table 2 is simple. A periphery location stands

to gain more by trading with a relatively richer main location than vice-versa. The first

order effects of connecting any two locations is to double down on their current trading and

migration patterns — as periphery locations gain more from core locations than vice-versa,

this affect acts as to improve their outcomes by more. This channel is shown theoretically

and confirmed empirically in appendix section B.13.30

30This result does not contradict the findings of Faber [2014]. In this paper, I compare all possible
periphery-core connections to periphery-periphery ones focusing on the aggregate country-wide impact. On
the other hand, Faber [2014] compares outcomes in incidentally connected periphery locations relative to
non-connected ones in a significantly more industrialized setting, focusing on roads that by definition also
connect two main locations. A key additional difference may be that in China educated workers are employed
in manufacturing with increasing returns to scale, whereas due to the lack of structural transformation in
many African locations this is less likely to be the case in my setting [Jedwab, 2013, Gollin et al., 2016,
Jedwab et al., 2022]. However, in appendix B.15 I show that by focusing on the same type of variation that
Faber [2014] uses I can replicate his main results in my setting.
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Within-country cross-road-type heterogeneity is important, but figure 9 also highlights

cross-country, within-road, differences. To help understand what might be driving these

differences, I can alter network-level characteristics and re-run counterfactuals. One of the

first-order differences between Benin, Cameroon, and Mali is their scale. In 2019 in Benin

the average travel time from any given two locations is 369 minuets whereas in Cameroon it

is 698 minuets and in Mali 1176 minuets. To understand what impact such stark differences

in network scale might have I re-run each counterfactual in Benin and Cameroon altering

their networks such that expected travel time is equalized to that in Mali. That is, I add a

quantity Sc to each i, j connection such that Ec[tij +Sc] = EMali[tij] where Ec(tij) denotes an

expectation over i and j within country c of the average pairwise travel time tij. Intuitively

one expects that by expanding the network in this manner the impact of any given road will

be muted, this is because it will be harder for locations further away to utilize this upgrade.

Figure 10 shows the locality-level effects of a randomly chosen individual road upgrade

in Benin. In blue I show impacts on the actual network and in orange impacts on the

re-scaled network. In all cases the re-scaled impacts are a muted version of the actual

impacts attenuating effects towards 0. Intuitively as localities are effectively further away

from eachother upgrading any given road is less effective as the rest of the network remains

prohibitively costly to trade with or migration to/from.
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Figure 10 Comparing counterfactual effects in the actual and re-scaled network for a
random road upgrade

Notes: This figure compares the counterfactual relative effect of upgrading a random road in Benin or Cameron
on local educational opportunity in the actual network and in the re-scaled network. Each dot represents a
locality, blue dots correspond to the effect in the actual network and orange dots the effect in the re-scaled
network. The road network is re-scaled to have the same average expected travel time between any two locations
as in Mali.

The impact of changing the scale of the network is perhaps most clearly seen in table

11 in appendix B.14 which shows the average impact on spatial inequality of opportunity

measured as the variance of opportunity over localities over all road upgrades in each country.

In column one I give the average based on the actual network, and in column two the same

average on the re-scaled network for Benin and Cameroon. As anticipated, rescaling the

network in such a manner significantly attenuates the impact of roads.

Finally, table 12 in appendix B.14 shows the impact of re-scaling on the road-type level

effects reported in table 2. Overall the impact of different types of road upgrade on spatial

inequality of opportunity relative to the other category is muted with the re-scaled networks,

as expected. In sum, these results show that as well as road-level characteristics being of

importance, network-level characteristics matter and are an important consideration when

considering the external validity of results from a specific setting.

These results highlight that country (network) as well as road-type level heterogeneity

matters. These exercises however, don’t shed light on how different locations are deferentially

effected by different roads in appendix D.4 I conside how effects vary by locality and road

characteristics.
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3.3.1 Efficiency-equity trade off

In this paper I focus on inequality of opportunity. However, when considering where to build

or upgrade roads, policy makers are also likely to give weight to the mean effects of any such

project. In this section I consider the relationship between the impact of any given road

upgrade on the mean and variance of local educational opportunity across space.

Figure 11 shows the road-level relationship between the impact of upgrading a given road

on inequality of opportunity (x-axis) and mean shifts in opportunity (y-axis). Results are

separated by country. For Benin results are in orange with circle markers, for Cameroon in

blue with square markers, and for Mali in red with diamond markers. There are considerable

differences across countries. In Benin there is a significant negative relationship — areas

where roads increase overall opportunity by the most see the largest decreases in inequality

of opportunity. Thus, in Benin, both margins move in the same direction (assuming policy

makers prefer reductions in inequality of opportunity). However, conditioning on a given

mean shift, there is still considerable variation in affects on inequality which may influence

road-project decisions. In Cameroon however, the story is reversed. Roads which cause

the largest increases in mean opportunity also cause the largest increases in inequality of

opportunity. Thus, in Cameroon policy makers face a real trade off and the relative weights

given to mean shifts vs inequality reductions will have a large impact on which roads are

deemed to have the greatest overall benefit. Finally, in Mali, there is almost no correlation

between mean shifts and changes in inequality.
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Figure 11 Equity-Efficiency trade off

Notes: This figure shows the binscatter relationship between the impact upgrading roads has on across country
mean-shifts in opportunity and changes in inequality of opportunity, measured in standard deviations. In orange
with circle markers the relationship for Benin is plotted. In blue with square markers the relationship for Cameroon
is plotted, and in Red with diamond markets the relationship for Mali is plotted. Associated slop coefficient and
(in brackets) robust standard errors are given in the legend.

The bottom line of this analysis is that by considering the impact on inequality of oppor-

tunity policy makers are likely to come to different decisions when evaluating which projects

to embark upon. Policy makers may give weight to equality of opportunity concerns for

normative reasons citing equity and fairness concerns, or to placate their citizens who may

identify with such motives as recently found in the US Gaubert et al. [2021]. Indeed, figure

27 in the appendix shows that as policy makers put more weight on equity relative to effi-

ciency they on average value periphery-periphery connections more relative to core-periphery

connections.

4 Conclusion

We know from previous work that large observed within-country spatial inequality betrays

inequalities of opportunity. This paper studies how connectivity of space shapes this ge-

ographical distribution of opportunity, and therefore how policymakers can affect spatial

inequality of opportunity through road building, in the setting of Benin, Cameroon, and

Mali.
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To study the impact of road building I develop an approach to measure the effect of

any given road on locations across the entire network. This is challenging because not only

does it matter what a given road connects, but roads will impact outcomes in all locations

across the network. To overcome these challenges, but remain as general as possible, I turn

to theory and develop a sufficient statistic approach that is consistent with a broad class of

data-generating processes. This result endogenizes skill premia across localities in a many-

location setting with costly movement of goods and individuals over space, two sectors/

types, and education choice. It states that labor and goods market access terms capture all

the potentially complex effects of roads on local opportunity.

The sufficient statistic result suggests an expression that can be directly taken to the data

but requires an identification strategy to overcome the endogeneity of road placement which

market access terms inherit. Existing strategies cannot be used in my setting, instead,

I develop a novel instrumental variables approach, building on the “far away variation”

strategy, using not-on-least-cost-path variation. Using this approach I take the sufficient

statistic result to the data and find that changes in the road network do indeed influence

the spatial distribution of opportunity. To go further and answer counterfactual questions,

I write down a structural spatial general equilibrium model from the class consistent with

the sufficient statistic result. Solving the model in changes and parameterizing it using the

estimated coefficients from the sufficient statistic result I then use it to answer policy-relevant

questions.

First, I find that road building in Benin, Cameroon, and Mali since 1970 significantly

affected the spatial distribution of opportunity. Road investments raised the probability of

primary school completion by 7.5p.p. more in the most-affected locations relative to the

least-affected ones. I find that locations that were more remote in 1970 saw larger gains.

Cross-country differences are also stark and using randomly generated networks I show that

they can partly be explained by the initial constraints facing policymakers in each country.

Turning to consider the impact of possible future roads, I calculate the resulting change

in inequality of opportunity due to upgrading each of 570 roads. There is considerable

heterogeneity across-roads within-country — roads that connect two periphery locations are

more likely to increase inequality than those that connect a main and a periphery location.

Intuitively this is due to the first-order effect of connecting any two locations being to

strengthen their existing ties, and the demand for E-type goods predominantly comes from

main, not periphery, locations. By considering the mean shifts in opportunity as well as

changes in inequality of opportunity due to upgrading each road segment I highlight an
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equity-efficiency trade-off — the bottom line for policy is that if a social planner values

equity this will change where roads should be built in the future.

As I study three countries, I can consider cross-network variation in counterfactuals,

and find that network-level variation plays an important role. By counterfactually changing

the size of the network in Benin and Cameroon, to equal that of Mali, I show that the

magnitude of effects can partly be explained by network-level density. This opens the door

to a potentially exciting area of future research considering how local and global network-

level characteristics determine the effect of any given change in connectivity over space —

or indeed the impact of any place-based policy.
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A Estimating local educational opportunity [Heath Mil-

som, 2021]

Heath Milsom [2021] estimates the causal effect of place on primary education complet-

ing following the methodology of Chetty and Hendren [2018b], and various other authors.

Employing a movers design Heath Milsom [2021] estimates the following specification.

yi = αodt + µlt · eilt + εi (11)

Where l ∈ L is a location, o(i) ∈ L is the birth location of individual i and d(i) ∈ L is

i’s destination location, t(i) is the period of i’s childhood. αodt are origin by destination by

period fixed effects and εi is an idiosyncratic error term. Finally, eilt is a variable equal to

the years of childhood (1 to 13) i spends in location l in period t and is given by equation

12.

eilt =


13−mi if l = d(i), t = t(i)

mi if l = o(i), t = t(i)

0 otherwise

(12)

Where, yi is an indicator variable taking the value one if individual i has competed primary

school, and mi is the year i moved. This equation is estimated on a sample of 14-18 year

old one-time movers31 from Benin, Cameroon, and Mali using the census data described

in the main text. This approach uncovers the causal effect of spending an additional year

of childhood in a given location on the probability of completing primary education, µlt,

relative to each country-year average as the equation is in practice estimated separately for

each country-year census sample. These estimates can then be used to decompose observed

primary completion rates, denoted by ȳlt, in each locality-year into the variation due to causal

place effects, and that due to different characteristics of individuals across space denoted by

θ̄lt, where ȳlt = γct + 13µlt + θ̄lt. Where γct are country-year fixed effects.

Intuitively this approach considers all individuals who move from a given origin o to a

given destination d and compares the outcomes of those who move earlier relative to later.

If it’s the case that those who moved from o to d earlier have better outcomes (more likely

to complete primary education) I conclude that µd > µo. I then combine information from

all such comparisons to estimate each place’s causal effect. By including origin-destination-

time fixed effects, αodt, I only use variation in the timing of moves rather than comparing

3113% of 14-18 year olds in my sample can be classified as one-time movers.
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the outcomes of families that move to/ from different areas.

To interpret µlt as the causal effect of spending an additional year of childhood in a

given location on the probability of completing primary school in that location, I make three

assumptions. First, the above estimating equation implicitly assumes that place effects

are linear, i.e. that spending an additional year of ones childhood in a given location has

the same effect on outcomes irrespective of which specific year. Evidence in favor of this

linearity assumption is presented in Heath Milsom [2021]. Second, the above design estimates

µlt using movers only. The interpretation above supposes that this can be extended to all

children growing up in a location, including those who don’t move. This assumption is not

strictly necessary, one could rephrase and discuss the effects on movers only, who constitute

a non-negligible 19% of the total population32. However, Heath Milsom [2021] provides

evidence to suggest that µlt is also informative of stayers place effects, first by using only

pre-move variation in locality quality and secondly by considering increasingly likely to

be exogenous movers. Lastly, the above makes a causal claim, which requires the formal

identifying assumption that E[eil ·εi|αodt] = 0 ∀l ∈ L. Intuitively, this is satisfied if selection

effects do not systematically vary with the age at move in each location-pair-period cell. This

is the classic movers design assumption used in Chetty and Hendren [2018b] as well as many

other authors. Heath Milsom [2021] goes to some length to show that in this setting there

is also evidence to suggest this assumption holds, by for example only considering within-

household variation, or using a placebo test on 14-18 year old movers (who have mainly

completed primary school). For details of all specification tests and a detailed investigation

of assumptions see Heath Milsom [2021].

B Empirics appendix

B.1 Descriptive statistics

B.1.1 Spatial variation in primary completion

There is substantial variation in primary education completion within country across locali-

ties as can be seen by figures 12a, 12b and 12c. In Benin in 2013 the proportion of individuals

who had completed primary education in an area varied from 11% in the north to as high as

66% on the coast close to the capital. In addition, Parakou, a large city in the centre of the

country had high completion rates. Mali, has consistently lower primary completion rates as

32In addition to 13% of 14-18 year olds having moved once, 6% have moved multiple times.
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compared to Benin or Cameroon. Figure 12b also displays significant cross-locality variation

with some areas completion rates as low as 3% and some, especially round the capital, closer

to 50%. Cameroon shows a similar pattern, the most educated areas are around the capital,

or close to the large coastal city of Douala. Cameroon also has the highest completion rates

over all varying from 20% to almost 90%.
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Figure 12 Locality level primary completion rates

(a) Benin (2013)

(b) Mali (2009)

(c) Cameroon (2005)

Notes: this figure shows the spatial distribution of primary education completion rates for all those above the age
of 12 in each of Benin, Cameroon and Mali. Each figure has it’s own scale and corresponding legend where darker
orange/red indicates higher completion rates. The data for Benin comes from the 2013 census, for Mali the 2009
census and for Cameroon the 2005 census.
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B.1.2 Secondary source showing variation in road building

Figure 13 uses data from Canning and Pedroni [2008] to calculate the proportion of the

completed paved road network existing in a given year over my study period. From this

figures it’s clear that, unlike railways in Benin, Cameroon, and Mali, roads were mainly a

post-colonial technology displaying significant variation even in the recent past. In figure

13 it’s clear that Cameroon has seen the most intensive increase in road stock since 1960

when it had less than 20% of the length it does today. Mali and Benin, however, are not too

far behind with less than 30% and less than 60% respectively of their modern road stock in

place by 1960.

Figure 13 Variation in paved roads

Notes: This figure shows the proportion of the 2000 total paved road stock in place in each given year
for Benin, Cameroon, and Mali. It uses data from Canning and Pedroni [2008].
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B.2 Maps of the spatial distribution in market access terms

Figure 14 Market Access — Benin 2012

(a) Raw MA(E) (b) Raw MA(NE) (c) Raw LMA(E) (d) Raw LMA(NE)

(e) Resid MA(E) (f) Resid MA(NE) (g) Resid LMA(E) (h) Resid LMA(NE)

Notes: This figure shows spatial variation in the calculated market access terms in Benin in 2013. In the top row I map raw
values. In the bottom row I residualise each market access variable on the other three variables and map the standardised
residuals. The first column shows E-type goods market access. The second column shows NE-type goods market access. The
third E-type labor market access and finally the fourth NE-type labor market access. Maps showing the corresponding figures
for Cameroon or Mali, or in different years, are available upon request.

68



B.3 Spatial inequality in local returns to education and opportu-

nity

Skill premia vary locally if relative skill demand is heterogeneous across space and within-

country migration is costly. In appendix section C.1 I show that within-country migration

costs in this setting are indeed high mirroring results found in the literature and emphasizing

how migration costs, in this low formal barrier setting, reflect more than just the pecuniary

costs of moving [Gollin et al., 2021, Bailey et al., 2018]. Figure 15 then shows considerable

spatial variation in returns to education over birth locations. This is also unsurprising given

the extensive literature which has documented and leveraged similar differences over space

[Eckert et al., 2021, Chetty and Hendren, 2018b, Adukia et al., 2020, Atkin, 2016, Hsiao,

2022]. Figure 15 doesn’t show returns to education in terms of income as I do not observe

wages directly for each census year in each locality and so instead study returns to education

using two proxy variables which capture returns to education in terms of housing quality and

returns to education in terms of the probability of not being employed in agriculture. The

housing quality variable is the standardized first principle component of a PCA analysis over

the floor, wall, and roofing material, access to electricity, and sanitation. In this setting, with

high informality rates and subsistence agriculture, defining returns to education in terms of

wages makes less sense, and indeed these two proxies may better capture the notion of returns

to education.

Using either proxy I run Mincerian-esque regressions for each locality33 of the form given

in equation 13 where yω denotes either housing quality or whether individual ω works in

agriculture. Equation 13 is estimated on a sample of those between 25 and 55 separately for

each location i, in the most recent year data is available. This results in a set of estimates

{β̂y
i } for each proxy y and each location i, which are then plotted in figure 15.

yω = βy
i · Primaryω + β1i · ageω + β2i · age2ω + εω (13)

Figure 15 shows considerable variation in returns: in some birth locations those who com-

plete primary education have over 1SD better housing quality, whereas in others quality of

housing is very similar to those who don’t complete primary school. In addition in appendix

C.1 I show that moving across space is costly, lending credence to the non-equalization of

33Although wages may be imperfect in their ability to capture returns to education in this setting, it’s
natural to consider what correlation my proxies do have to what we can observe on wages. Census data
doesn’t have information on incomes, but for a similar time period in Benin and Mali I do have limited
information on wages from the demographic and health surveys. In appendix B.4 I show that in this limited
sample observed wages are strongly correlated with my proxies at both the individual and regional level.
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returns.

Figure 15 Spatial variation in the local benefits of education over birth location

(a) Housing quality (b) Not working in agriculture

Notes: This figure shows the distribution over birth locations of returns to primary education in each country. Returns are
measured in the most recent period available, 2013 in Benin, 2005 in Cameroon, and 2009 in Mali. Panel 15a measures returns
to education as the Mincerian return to education in terms of housing quality. Panel 15b measures returns to education as the
Mincerian return to education in terms of the probability of not being employed in agriculture. In each case Mincerian returns,
βl are calculated using the following regression yi = βy

l Primaryi+β1lagei+β2lage
2
i +εi for each locality l separately and for y

equal to housing quality or a dummy variation equaling one if not employed in agriculture. Housing quality is calculated as the
first principle component in a PCA analysis of floor, wall, roof material, access to electricity, and sanitation. The distribution
of the recovered βy

l are then plotted.

The spatial distribution of local educational opportunity

The causal effect of place on primary education completion is distinct from locality level

information on observed primary completion rates as the latter conflates two forces, causal

place effects and the differing characteristics of individuals over space. Heath Milsom [2021]

disentangles these two forces and estimates causal place effects using a movers design follow-

ing Chetty and Hendren [2018a] and others. Intuitively, this compares children who move

from, and to, the same locations but at different ages and uses variation in exposure to either

location to back out the effect of place. If the child who moved earlier has better outcomes

this is taken as evidence to suggest that the location moved to exerts a higher causal effect

than that moved from. Combining all such comparisons I can estimate the causal effect of

growing up in each location on the probability of completing primary education in Benin,

Cameroon, and Mali in each census year. This method relies on the identifying assumption

that selection effects do not vary with the age at move. Evidence for this is provided in

Heath Milsom [2021] by considering cross-sibling effects, increasingly likely to be exogenous

move events, and placebo tests.

Using causal place effects as the outcome variable changes the interpretation of regres-

sions: a statistically significant positive effect is interpreted as increasing the causal effect

growing up in a location has on primary completion. If instead my outcome variable was
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observed primary completion rates, a statistically significant positive effect would rather be

said to increase observed completion rates in a location, which could conflate changes in the

causal effect of place with changes in demographics or the selection of households into said

location. Details of the estimation procedure, and the assumptions under which it is valid

can be found in appendix A.

Figure 16 shows the spatial variation in local educational opportunity as recovered in

Heath Milsom [2021]. These figures show considerable variation: moving to a one standard

deviation better location at birth increases a child’s probability of completing primary school

by 15 percentage points.

Figure 16 Estimates of local educational opportunity from Heath Milsom [2021]

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

Notes: These maps show estimates from Heath Milsom [2021] of the spatial distribution of local educational opportunity.
Darker colors indicate areas of higher opportunity. Numerical values can be interpreted as the causal effect (relative to the
country’s mean) of spending an additional year of childhood in a given location on the probability of completing primary
school.

B.4 Correlating wage proxies with available wage data

In the main text I use two variables to proxy for skill permia as wages are neither available

in my data, nor is it clear that in this setting with significant informality and subsistence

agriculture, that they are appropriate. Nevertheless one would expect these variables to

bare some relation to wages when I can observe the returns to labor. Using data from all

available Demographic and Health Surveys in Benin, Cameroon, and Mali (Benin 1996, and
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Mali 1995) I recover yearly income as well as my measures of housing quality and whether

an individual is working in agriculture or not.

First, I residualize these variables on age, age squared, sex, and country. I find that

the correlation at the individual level between the residualized (log) yearly income and the

residualized housing quality variable is 0.37, and between the residualized (log) yearly income

and the residualized not working in agriculture variable is 0.43. Moving to the regional level,

I find that the analogous correlations are 0.85, and 0.48. Additionally, these variables are

strongly correlated with the DHS provided household wealth index. This is particularly true

of housing quality, although this correlation is partly mechanical as the wealth index variables

uses as part of it’s inputs the variables used to construct the housing quality variable

B.5 Not-on-least-cost path identification strategy in figures

Figure 17 explains the novel not-on-least-cost-path identification strategy developed and used

in the main text. Sub-figure 17a shows a stylized network with three locations represented

by hexagons and the least-cost-path from each denoted by solid black lines. Through this

exposition we shall consider sources of variation from the view point of location one which

is colored orange. Sub-figure 17a shows the entire network without any restrictions on

the source of variation used to instrument for location one’s market access. Sub-figure 17b

restricts variation to that far-away from location one, depicted by a red circle around location

one. Parts of the least-cost-path which are no longer sources of variation for location one

are colored red. Thus intuitively one can see that sub-figure 17b restricts variation to that

occurring in sections of the road network far from location one. This sub-figure also betrays

one of the main weaknesses with using the far-away variation strategy in isolation, that

policy makers may wish to improve connections between location one and other locations

which could occur outside of the red circle.

Sub-figure 17c additionally restricts the variation used to instrument location ones’ mar-

ket access to that which does not lie on the least cost path from location one to any other

location. Again, this is depicted by coloring in red sections of the road which are “frozen”,

that is which we don’t use variation in. Note that even in the case represented by figure

17c, only considering far-away variation introduces restrictions above those introduced by

only considering not-on-least-cost-path variation as roads near location one which may not

lie on its least cost path to any other location are additionally “frozen”. The remaining

variation used to estimate locations one’s market access comes from how changes in the road

network impact the market access of other locations and therefore indirectly cause location
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one’s market access to vary. Sub-figure 17d goes one step further by depicting second-order

not on least cost path variation, again from location one’s perspective. Here, I additionally

freeze changes in the transport network when calculating every other locations market ac-

cess which then in turn feeds into calculating location one’s market access. In sub-figure

17d this second-degree remoteness is depicted from the perspective of location four only by

coloring in blue sections of the least-cost-path network which are frozen from location fours

perspective. The instrument for location one’s market access represented in 17d therefore

uses indirect variation in the indirect variation due to how changes in the road network effect

market access terms which indirectly effects location fours market access (and indeed every

location other than location one) which indirectly effects location ones market access.

Figure 17 Not-on-least-cost-path identification strategy in figures

(a) Using all variation (b) Restricting to far-away variation

(c) Restricting to one degree removed variation (d) Restricting to two degrees removed variation

Notes: This figure graphically explains in a stylized manner the not-on-least-cost-path identification strategy used in the main
text. Panel 17a depicts all variation being used. Panel 17b visually restricts variation in a circle around the focal location,
indicating the use of only far-away variation. Panel 17c additionally restricts variation on the least cost path from the focal
location to all other locations. Finally panel 17d illustrates restricting second order variation from the perspective of location
4.
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B.6 Local clientelism and public good provision

One potential threat to the identification strategy used in this paper is that the provision of

government services and public goods may vary over time and space. That is, if a government

comes into power and builds roads and schools so as to benefit a given location in a potentially

complex way that is not nullified by the not-on-least-cost-path identification strategy, this

could bias the estimated coefficients. In my setting this concern is most manifest when

considering the interaction between local ethnic groups and that of the current political

leader as discussed in the Kenyan context by Burgess et al. [2015]. However, the situation in

Benin, Cameroon, and Mali is very different to that in Kenya. In Cameroon Paul Biya Beti

has been in power since 1982, and thus in Cameroon there has been no temporal variation

over my study period. In Mali, although there has been considerable variation in presidents

since the 80’s ethnic favoritism or clientelism has been found to play only a minor, or perhaps

even non-existent role [Dunning and Harrison, 2010, Basedau et al., 2011, Basedau and Stroh,

2012, Franck and Rainer, 2012].

In Benin, however, there is some evidence of politics having an ethnic component and

clientelism [Battle and Seely, 2010, Fujiwara and Wantchekon, 2013, Wantchekon, 2003] and

some correlational evidence that this may lead to less road building in political marginalised

locations Blimpo et al. [2013]. To investigate whether these forces are driving my estimated

effects I construct a dummy variable equal to 1 if the ethnic majority in a location is equal to

that of the leader of the time in Benin. Using the Geo-referencing of ethnic groups (GREG

Weidmann et al. [2010]) database I assign each locality in Benin to one of the four major

Beninese ethnic groups34. Over my sample period Benin has had three political leaders

in 1992 Nicéphore Soglo (Fon/ Ewe) was in power, in 2002 Mathiew Kérékou (Somba)

was in power, and in 2013 Thomas Boni Yayi (Yoruba) was in power. In table 3 I show

the results from my main sufficient statistic analysis in the first column and in the second

column replicate this result additionally controlling for the variable described above. The

coefficients on the market access terms are stable across columns and the coefficient on the

same ethnicity variable is a precisely estimated 0. I take this as evidence to suggest that

threats to identification of this nature are minimal.

34Broadly defined as: Ewe, Yoruba, Somba or Barba.

74



Table 3 Controlling for ethnicity by leader

(1) (2)
Baseline Including ethnicity by leader

Log(LMA Educ) -0.198∗∗ -0.208∗∗∗

(0.0767) (0.0780)

Log(MA Educ) 0.118∗∗∗ 0.114∗∗∗

(0.0281) (0.0268)

Log(LMA No Educ) 0.284∗∗∗ 0.277∗∗∗

(0.0581) (0.0549)

Log(MA No Educ) -0.171∗∗∗ -0.166∗∗∗

(0.0329) (0.0324)

Same ethnicity as 0.00137
leader (0.00584)

Locality by year FE X X
# localities 127 127
N 334 334

Notes: This table compares the baseline results to those including controls
for clientelism. Column one replicates the main results from table 10 column
one. Column two includes a dummy variable equal to one if the majority
ethnicity of the locality is equal to that of the leader in Benin and zero
otherwise.

B.7 Top-coding and non-linearities

In this section I provide figures and tables referred to in sub-section 2.3.2 of the main text.

Figure 18 shows how the distribution over localities of primary completion rates for those

aged between 15 and 20 has changed in each country over the sample period. These figures

show considerable rightward shifts in the distribution, but don’t display bunching around

100% — that is they show evidence that top-coding at the upper limit of 100% primary

completion is not present. Tables 4 and 5 show evidence that changes are not particularly

related to levels — exploring the possibility that although top-coding is not an issue, non-

linearities may cause similar problems. That is, locations with low primary completion levels

in 1970 may also have low market access, and potentially both of these variables are “easier”

to increase when low. However, the tables show little evidence that this is a significant issue

in this setting.
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Figure 18 Changes in the distribution of primary completion rates

(a) Benin (b) Cameroon

(c) Mali

Notes: This figure shows the distribution of primary completion rates in each locality in each country in each census
year of those between the ages of 15 and 20. Although primary schooling officially ends at 12 in each country over
the time period I study, many children only complete in the years following, and thus I take 15 to be when most who
will complete, have done so. I cap at 20 in an attempt to capture more recent dynamics, and to remove mechanical
correlation across censuses by re-sampling the same individuals.

Table 4 Relation between base level and changes (combined regressions)

(1) (2) (3) (4) (5) (6)
Long Diff Log(LMAE) Long Diff Log(LMAN) Long Diff Log(MAE) Long Diff Log(MAN) Long Diff Prim Educ Log Diff µ

Log(LMAE) 0.0546 0.0895 0.611∗∗ 0.652∗∗∗ -0.186∗ -0.0141
(0.0935) (0.117) (0.291) (0.231) (0.102) (0.0253)

Log(LMAN) 0.139 0.0235 0.149 -0.322 0.570∗∗∗ 0.0502
(0.141) (0.173) (0.402) (0.312) (0.143) (0.0342)

Log(MAE) 0.224∗∗ 0.230∗∗∗ 0.306 0.373∗∗ -0.258∗∗∗ -0.00717
(0.0873) (0.0806) (0.228) (0.180) (0.0819) (0.0165)

Log(MAN) -0.315∗ -0.198∗ -0.503 -0.318 0.0152 -0.0113
(0.165) (0.116) (0.434) (0.315) (0.115) (0.0237)

Prim Educ -0.585∗∗∗ -0.778∗∗∗ -1.664∗∗∗ -1.845∗∗∗ 1.027∗∗∗ -0.0108
(0.197) (0.162) (0.567) (0.444) (0.184) (0.0262)

µ 0.0667 0.109 0.00185 0.145 1.207∗∗ 1.158∗∗∗

(0.522) (0.488) (1.661) (1.260) (0.588) (0.167)

N 136 136 136 136 136 114

Notes: This table shows the results from running regressions of the long difference of each variable on the initial pe-
riod level of all other variables. These regressions are weighted by 1970 locality population and include country fixed effects.
Standard errors are robust.
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Table 5 Relation between base level and changes (individual regressions)

(1) (2) (3) (4) (5) (6)
Long Diff Log(LMAE) Log Diff Log(LMAN) Long Diff Log(MAE) Long Diff Log(MAN) Long Diff Prim Educ Long Diff µ

Log(LMAE) -0.0581
(0.0471)

Log(LMAN) 0.199∗∗∗

(0.0728)

Log(MAE) -0.0741
(0.0510)

Log(MAN) 0.0823
(0.0726)

Prim Educ 0.124∗

(0.0735)

µ 0.372∗

(0.190)

N 162 162 162 162 162 114

Notes: This table shows the results from running regressions of the long difference of each variable on the initial pe-
riod level of that variable only. These regressions are weighted by 1970 locality population and include country fixed effects.
Standard errors are robust.

B.8 Endogenous network formation

In this subsection I investigate the possibility that future road building responds endoge-

nously to previous road building — a potential threat to identification. The main empir-

ical specification resulting from the sufficient statistic result can be summarized as µit =

βMAit + vi + ut + εit. Exogeneity of market access term implies that Cov(MAit, εit) = 0.

This will not be the case if lagged market access enters the equation i.e. εit = MAit−1 + ξit,

and indeed will remain an issue under my identification strategy if market access instruments

display a similar dependence. This is potentially the case if areas that previously had high

market access endogenously respond to this my increasing market access further, as maybe

the case under endogenous network formation — or if market access terms adjust slowly in

response to a long-run project or series of connected projects.

I can test directly for this temporal dependence by including lagged market access terms

directly in my main sufficient statistic regression and considering results to the baseline either

under OLS or using the efficient 2SLS instrument. Table 6 shows the results. In columns

(1) and (3) I replicate column (1) in table 1 in the main text and column (1) of table 10

in the appendix. In column (2) I add lagged market access terms and estimate via OLS

and in column (4) I add lagged market access terms and estimate via 2SLS instrumenting

lagged terms by the counterpart lagged instruments. In all regressions I include locality and

year fixed effects, weight by 1970 population and cluster standard errors at the locality level.

I find that lagged terms are never statistically significant at any reasonable level and that

their inclusion doesn’t change the main estimated coefficient. From this I conclude that such
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potential threats to identification are empirically unfounded in this setting.

Table 6 Including lagged market access terms

(1) (2) (3) (4)
Baseline Baseline 2SLS 2SLS

Log(LMA Educ) -0.0598 -0.0516 -0.198∗∗ -0.236∗

(0.0509) (0.0500) (0.0767) (0.131)

Log(MA Educ) 0.0434∗∗ 0.0454∗∗ 0.118∗∗∗ 0.106
(0.0201) (0.0209) (0.0281) (0.0690)

Log(LMA No Educ) 0.151∗∗∗ 0.263∗∗∗ 0.284∗∗∗ 0.324∗∗

(0.0249) (0.0627) (0.0581) (0.155)

Log(MA No Educ) -0.0814∗∗∗ -0.110∗∗∗ -0.171∗∗∗ -0.126
(0.0212) (0.0317) (0.0329) (0.118)

Lag Log(LMA Educ) 0.0349 0.0409
(0.0790) (0.240)

Lag Log(MA Educ) 0.0122 0.0671
(0.0173) (0.0509)

Lag Log(LMA No Educ) -0.0512 -0.175
(0.0686) (0.168)

Lag Log(MA No Educ) -0.00490 -0.0277
(0.0229) (0.0406)

Observations 334 160 334 160

Notes: This table shows the results from estimating the sufficient statistic
result described in the main text including lagged values of market access
terms. In columns (1) and (3) I replicate column (1) in table 1 in the main
text and column (1) of table 10 in the appendix. In column (2) I add lagged
market access terms and estimate via OLS and in column (4) I add lagged
market access terms and estimate via 2SLS instrumenting lagged terms by
the counterpart lagged instruments. In all regressions I include locality and
year fixed effects, weight by 1970 population and cluster standard errors at
the locality level.

B.9 Koranic schools and Medersas

Koranic schools are a traditional method of educating which involves memorizing and reciting

the Koran. They remain popular in many Muslim counties, and often offer a cheaper or more

local method of schooling. In this paper, as well as in Heath Milsom [2021], I don’t count

those who have solely had a Koranic education as having completed primary school, inline

with the classification used by IPUMSi. Although these schools primarily concern themselves

with memorizing and reciting the Koran, it maybe that they provide some opportunities to

those who complete a course at them, and therefore this may be an important dimension

I am missing from this analysis — or in the case where students switch from Koranic to

state-sponsored schooling, I may be overstating the impact. Fortunately, in some of the

censuses used I can distinguish between those at a Koranic school, from those at a secular

school. Figure 19 plots the proportion of 6 to 14 year old’s in each census where data is
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available, who are at a Koranic school. It’s clear from figure 19 that Koranic education is

in the vast minority (maximum 3% of children) and appears to be declining further. It’s

likely that many more students attend Koranic schools in the evening or on weekends in

addition to attending state school — but this dimension is not covered in the data and is

less consequential. Figure 19 also shows the proportion of students in Mali at a Medersas

[Boyle, 2014] which is a religious school in Mali that follows the national curriculum, toeing

the line between Koranic schools and state schools. These schools are on the rise, but still

constitute a very small proportion of the overall education.

Figure 19 Proportion of children enrolled in Koranic schools or Medersas

Notes: This figure shows the proportion of primary school aged children (6 to 14) who report attending
a Koranic school or a Medersa in the Census.

B.10 Inference

As discussed in the main text performing inference with regressions of the form given in

equation 8 is complicated by four factors. First, as I follow locations over time, we expect

considerable auto-correlation within-location. To counter this one can cluster at the locality

level, which is the approach taken in the regressions in the main text. However, as well as

correlation across time within-location, it is possible that correlation across space within a

given time period exists. To investigate the extent to which such correlation maybe artificially

attenuating standard errors I perform Conley inference [Conley, 1999] using various distance
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bands and lag lengths35. Table 7 shows the results from each procedure on the OLS standard

errors. In column one I report the coefficients from estimating equation 8 by OLS. In column

two I report the unadjusted standard errors. In column three standard errors clustered at

the locality level are displayed. In column four Conley standard errors are reported using

a distance band of 100km and not taking serial correlation into account. In column five

I additionally allow for serial correlation up to 30 years. Finally, in column six I increase

the distance band to 1000km, effectively allowing high degrees of spatial correlation, and

additionally allow unrestricted serial correlation which is equivalent to clustering at the

locality level.

The main take away from table 7 is that even allowing very flexibly for spatial and serial

correlation standard errors increase only modestly. Due to limitations of the statistical

software I am not able to replicate these results for the combined instrument case, although

similar conclusions are found using individual instruments. In general, it seems unlikely

given this evidence that inferential conclusions will be overturned.

Table 7 Inference on OLS results

Coefficient Unadjusted Clustered
Conley
d=100

Conley
d=100,l=30

Conley
d=1000,l=infinity

Log(LMA Educ) -0.0819 0.0442 0.0566 0.0513 0.0584 0.0588

Log(MA Educ) 0.0458 0.0163 0.0218 0.0186 0.0205 0.0254

Log(LMA No Educ) 0.1662 0.0450 0.0423 0.0331 0.0383 0.0561

Log(MA No Educ) -0.0886 0.0214 0.0261 0.0183 0.0217 0.0280

Notes: This table shows the results from performing various inference procedures. In column one I report the
coefficients from estimating equation 8 by OLS. Column two reports the unadjusted standard errors associated
with these coefficients. Column three adjusts standard errors by clustering at the locality level. Column four
reports Conley standard errors with a distance cut off of 100km. Column five reports Conley standard errors
with a distance cut off of 100km and allowing auto-correlation up to 30 years. Finally, column six reports Conley
standard errors with a distance band of 1000km and allowing general autocorrelation.

The third complication facing inference in this setting is due to the nature of the market

access variables. As highlighted by Borusyak and Hull [2020] market access terms potentially

encode complex dependencies across observations. This is because one shock, for example

a road being built, will affect many locations — although these maybe spatial disparate. A

natural remedy for inference in this setting is to apply a randomization inference approach,

a solution suggested by Borusyak and Hull [2020]. To implement this, I use the same

35Implementation of Conley standard errors is performed using the Stata program reg2hdfespatial Fetzer
[2020], Hsiang [2010].
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data generating process as developed to re-center instruments and purge coefficients of bias

resulting from endogenous exposure to plausibly exogenous shocks. At each simulation I

estimate the test statistic (on the null of 0) for each market access term coefficient. Figure

20 plots the resulting distribution of test statistics and with a red vertical line the actual test

statistic. This figure shows considerable deviations from normality, suggesting that indeed

standard asymptotic inference suffers from complex inter-dependencies. However, the main

take away is that again the inferential conclusions given in the main text hold. Due to

computational constraints I am only able to show permutation inference results on the OLS

coefficients, but this gives evidence to suggest that large deviations are unlikely in the 2SLS

results either.

Figure 20 Randomization inference on OLS results

Notes: This figure shows the result from performing randomization inference on the coefficients in equation 4 (OLS
results). In each simulation I randomly build a set of roads onto the existing road stock in each year, recalculate
market access terms, and estimate the corresponding regression with the random MA terms. Reported is the
distribution of t-test statistics over each simulation in gray, and the actual estimated t-test statistic with a red
vertical line. Corresponding implied p-values are also reported.

The final complication is that the main outcome variable of interest µit, is itself an

estimated quantity from an earlier paper Heath Milsom [2021]. As a result of this, it will

exhibit measurement error. However, there is little reason to suppose that this measurement

error is not classical in nature, and therefore will only attenuate coefficients, thus imposing
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stricter requirements on rejecting the null of 0 effect.

B.11 Mean shifts in the spatial distribution of opportunity

Figure 21 shows the aggregate counterfactual shifts in the spatial distribution of opportunity

due to road building since 1970 in each of Benin, Cameroon, and Mali. The figure shows

the distribution of effects over locations in each country. Positive numbers reflect a positive

impact of road building, and can be interpreted as the amount by which a location would

have lower opportunity in the absence of changes to the road network since 1970.

Figure 21 Aggregate distributional shifts due to road building since 1970

Notes: This figure shows the aggregate effects of changes to the road network since 1970 on spatial inequality of
opportunity in each of Benin (yellow dashed), Cameroon (blue dash-dot), and Mali (red small dash-dot), including
mean shifts.

B.12 Decomposing effects

I consider the same counterfactual exercise “what if no roads had been built since 1970” and

in figure 22 show the distributional effect from shutting down each of the main channels. In

blue I replicate the results from figure 6 averaging over all three countries. In red I don’t

allow changes in the road network since 1970 to decrease movement costs. This prevents any

direct effects through lower transport costs encouraging migration, but also diminishes the

general equilibrium effects by which changes in trade patterns and so relative wages and skill
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premia induce migration. In green I don’t allow changes in the road network to decrease

trade costs. Finally, in orange I set β = 0, meaning that individuals no longer put any

weight in the utility function on their children completing primary school. The stark result

from figure 22 is that impacts are much more concentrated when migration costs are held

constant — implying that changes in migration costs are an important driver and amplifier

of effects. Figure 26 in the appendix shows results without the “no change in movement

costs” line to highlight remaining differences. In this figure the polarizing affect of shutting

down utility from educating is clearer.

Figure 22 Distribution of effects

Notes: This figure shows the (centered) distribution over locations of effects of road building since 1970 on local education
opportunity, pooled over Benin, Cameroon, and Mali. In blue (solid line) baseline results are plotted. In red (dashed line)
movement costs are no longer allowed to adjust in response to road building since 1970. In green (dash-dot line) changes in
goods trade costs are shut down. In orange (long dash dot) the utility value of education is set to 0.

Table 8 shows the country-specific effect of road building since 1970 on the variance

of opportunity over space in each of the versions of the model set out above. Results are

reported as percentage deviations from baseline 2020 inequality. In column one I report the

baseline for the full model, replicating earlier results. In column two I shut down changes in

migration costs. In this version of the model road building since 1970 decreased inequality of

opportunity by more modestly more in Benin and significantly more in Cameroon, in Mali

however the previous negative impact has been reverse. In column two I fix trade costs and
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find, relative to the baseline, modest increase in inequality in Benin and Cameroon, but

decreases in Mali. Finally, in column four I set β = 0 and find significantly larger decreases

in inequality in Benin and Cameroon, but not in Mali. In sum, these results highlight the

importance of including all three channels, as well not extrapolating results from one country

to another.

Table 8 Decomposing the impact of changes to the transport network since 1970 on spatial inequality
of opportunity

Baseline
Fixing Migration

Costs
Fixing Trade

Costs
Setting β = 0

Benin -0.04 -0.78 0.29 -2.59

Cameroon 5.81 -2.55 6.37 -15.38

Mali -1.44 0.13 -1.67 -0.18

Notes: This table shows the impact of road building since 1970 on spatial inequality of opportunity, measured as percentage
deviation from the baseline 2020 variance. That is -0.04 means that in the absence of road building since 1970 the variance of
opportunity over space would have been 0.04% higher in Benin using the full model. In column two I don’t allow movement
costs to adjust in response to changes in the road network since 1970. In column three I instead show down changes in trade
costs. Finally, in column four I set β = 0 implying that households no longer derive utility from education choices.

B.13 Predicting the impact of connecting any two locations

The main analysis considers how infrastructure projects affect overall measures of spatial in-

equality of opportunity — although such considerations are important for policy, it is natural

to also be concerned with how specific roads affect specific locations. Indeed, one motivation

for this project is to study whether the commonly cited policy recommendation of connect-

ing lagging to prosperous locations actually does move opportunity to low-opportunity areas.

The approach used in this paper allows every road to affect every location differently, and for

these effects to vary with exact structure of the network. This allows me to capture complex

effects and provide a rich discussion of how upgrading a specific road influences inequality

of opportunity. But, this flexibility comes at the price of complexity — it’s difficult to tell

without running the full counterfactual what the locality-level impacts of a given infrastruc-

ture investment will be. With the aim of providing some intuitive rules of thumb I simplify

the focus to roads which connect two given locations i and k.

We know from the theory that the locality-specific proportionate change in opportu-

nity due to a given road (r) upgrade is given by µ̂ir =
∑4

h=1 γh ln
(
M̂A

h

ir

)
. If we make
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the first-order approximation, that decreasing travel times between i and k does not alter

travel times between any other locations we find that the proportionate change in market

access terms simplifies to M̂A
h

ir = ρ̂hikrλ
h
ik

(∏4
q=1

(
M̂A

q

kr

)bqh)
and therefore we can write

the proportionate change in local educational opportunity as the following.

µ̂ir =
4∑

h=1

γh

(
ln
(
ρ̂hikr
)
+ ln

(
λh
ik

)
+ ln

(
4∏

q=1

(
M̂A

q

kr

)bqh))
(14)

The first term in this equation translates the change in travel time between i and k into

iceberg travel costs for each r and is mechanical. The third term varies at the connecting

locality k level, and for each r captures a notion of the change in the size of the available

market one is connecting to indeed as shown in appendix D.1 we have that
∏4

h=1

(
M̂A

h

k

)brh
=

Ĵr
k/M̂A

r

k where J1
k = Y 1

k , J
2
k = Y 2

k , J
3
k = L3

k, and J4
k = L4

k. To calculate this term we have

to use the entire structure of the model and run the appropriate counterfactual. Finally, the

second term, λh
ik captures the proportion of i’s market access of type h that is due to locality

k, before any new road is built. Due to the underlying gravity framework lambda terms give

current trade and migration flows. That is, λh
ik is observable without the need to run any

counterfactual analysis, and is therefore a good candidate for the type of variable that might

be of practical use.

To investigate whether ln(λh
ik) are useful variables for predicting the impact in i on local

opportunity of improving the connection from i to k, I consider the following regression.

µ̂ir = β1 · ln
(
λ1
i,k(i,r)

)
+ β2 · ln

(
λ2
i,k(i,r)

)
+ β3 · ln

(
λ3
i,k(i,r)

)
+ β4 · ln

(
λ4
i,k(i,r)

)
+ εir (15)

Where k(i, r) is the locality connected to i via road r. This regression is run on a sub-

sample of road upgrades which have different starting and ending localities. We expect the

coefficients βh to have the same sign as the sufficient statistic coefficients γh. Intuitively

we expect that better connecting i and k is good for i if i gets more “goods” than “bads”

from k. That is, if a large proportion of demand for E-type goods in i comes from k and

a large proportion of the supply of N type workers in i comes from k, then improving the

connection between i and k is likely to be good for i. Similarly if a large proportion of

demand for N -type goods in i comes from k and a large proportion of the supply of E-type

workers in i comes from k, then improving the connection between i and k is likely to be

bad for i.

Table 9 shows the results from estimating equation 15. Coefficient signs are as expected
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from the theory, and in general it seems that the impact on local opportunity of better

connecting i and k is significantly correlated with ln(λh
ik). Column one of table 9 controls

for country fixed effects only, column two weights by population, column three includes

regional fixed effects, column four weights by population and includes regional fixed effects

and finally column five weights by population, includes regional fixed effects and controls

for log expected travel time in 2019. Results are stable across specifications. Taking column

five as the baseline, the results suggest that a one percent increase in the proportion of i’s

E-type goods market access due to k is associated with a road connecting i and k increasing

the causal effect of growing up in i on the probability of completing primary school by 2.7pp.

In sum, if i and k become better connected then this is more likely to improve relative local

educational opportunity in i if i gets more good stuff than bad stuff from k.

Table 9 Predicting the Impact of Roads on Local Opportunity

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

3.175∗∗∗ 1.837∗ 2.858∗∗∗ 2.475∗∗ 2.771∗∗

ln(λ
MA(E)
ik ) (0.914) (1.070) (0.928) (1.149) (1.186)

-2.694∗∗ -0.858 -2.321 -2.718 -3.219∗

ln(λ
MA(N)
ik ) (1.298) (1.657) (1.432) (1.775) (1.811)

-10.52∗∗∗ -8.784∗∗∗ -5.927∗∗∗ -5.595∗∗ -4.507∗

ln(λ
LMA(E)
ik ) (2.306) (2.936) (2.190) (2.662) (2.658)

4.189∗ 1.947 1.368 3.012 2.581

ln(λ
LMA(N)
ik ) (2.403) (2.865) (2.959) (2.979) (2.777)

Log(Exp travel -2.860∗∗

time) (1.311)

Country FE X X X X X
Population weighted X X X
Region FE X X X
R2 0.0881 0.117 0.248 0.232 0.247
N 396 368 368 368 368

Notes: This table shows the results from estimating equations of the form given in 15. The left-hand-
side variable is the change in local educational opportunity in locality i due to upgrading road r. λh

ik
is the proportion of i’s market access of type h due to locality k. Column one includes country fixed
effects only. Column two includes country fixed effects and weights by locality population in 2019.
Column three includes country fixed effects and region fixed effects. Column four includes country
fixed effects, region fixed effects and weights by population. Column five includes country fixed effects,
region fixed effects, weights by population and controls for log expected travel time (remoteness). The
regressions are run on a sample of road upgrades which traverse two localities. Standard errors are
robust and reported in parentheses.

These results shed some light on the previous result that road which connect main and

periphery cities are more likely to decrease inequality than roads that connect two main
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cities. It likely that a periphery locality gets a higher proportion of its E-type goods trade

from a main location, and vice-versa that a main location gets a higher proportion of its N -

type goods trade from a given periphery location. Therefore, we would expect opportunity

to increase by more in the periphery location relative to the main location — due to the

first-order effect documented above that existing ties are strengthened.

B.14 Additional results and robustness

Figure 23 Results from estimating the sufficient statistic relationship

Notes: This figure graphically displays results from running regressions of the form as given in 8. Each tick on the x-axis
corresponds to a different regression either using OLS or instrumenting as described in the tick labels. Dots refer to coefficients
and 95% confidence intervals are given by the shaded area. Coefficients significant at the 5% level are colored whereas those
that aren’t are transparent (with a black border). Confidence intervals are constructed with standard errors clustered at the
locality level. Coefficients referring to E-type labor market access are in orange with a solid line. Coefficients referring to
NE-type labor market access are in blue with a short-dash line. Coefficients referring to E-type market access are in red with
a dot-dash line. Coefficients referring to NE-type market access are in green with a long-dashed line.
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Table 10 Results combining instruments and implementing the
Borusyak and Hull [2020] correction.

(1) (2)

Baseline
Including average
MA variables

Log(LMA Educ) -0.198∗∗ -0.228∗∗∗

(0.0767) (0.0844)

Log(MA Educ) 0.118∗∗∗ 0.136∗∗∗

(0.0281) (0.0355)

Log(LMA No Educ) 0.284∗∗∗ 0.334∗∗∗

(0.0581) (0.0953)

Log(MA No Educ) -0.171∗∗∗ -0.211∗∗∗

(0.0329) (0.0536)

Locality by year FE X X
Kleibergen-Paap stat 13.97 18.56
Kleibergen-Paap p-value 0.235 0.070
SW under ID stat LMA(E) 35.81 26.97
SW under ID stat MA(E) 7.26 9.61
SW under ID stat LMA(NE) 4.39 8.71
SW under ID stat MA(NE) 15.96 9.58
SW weak ID stat LMA(E) 423.72 323.32
SW weak ID stat MA(E) 85.94 115.19
SW weak ID stat LMA(NE) 51.90 104.42
SW weak ID stat MA(NE) 188.91 114.79
# localities 127 127
N 334 334

Notes: This table shows the results from running regressions of the form given in equation
8. Column (1) represents my baseline results where the final three sets of instruments
are all included (2nd, 3rd, and 4th order not-on-least-cost-path variation). The second
column replicates these results but includes expected market access terms calculated
from the average over random draws of possible network trajectories, using the method
described in section 2.3.1.
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Table 11 Impact of network characteristics aver-
age impact on inequality

Actual
Same scale
as Mali

Benin -1.49 -0.38

Cameroon 0.18 0.00

Mali 0.26

Notes: This table shows the average effect over all possible road
upgrades, of up upgrading a road on inequality of opportunity
measured as the variance of opportunity across space. Column
one shows averages over the actual observed road network for
each country, and column two shows averages over the re-scaled
network where the network in Benin and Cameroon has been re-
scaled such that the expected average time of traveling between
any two locations is the same as that in Mali.

Table 12 Impact of different types of road on spatial inequality of oppor-
tunity in the re-scaled networks

(1) (2) (3) (4)
Overall Benin Cameroon Mali

Primate 0.0828 0.00368 -0.0768∗∗∗ 0.247
(0.0690) (0.0159) (0.0225) (0.166)

Hinterland 0.243∗∗∗ 0.234∗∗∗ 0.0698∗∗∗ 0.421∗∗∗

(0.0557) (0.0222) (0.0214) (0.126)

Observations 534 94 260 180
R2 0.160 0.175 0.115 0.041

Notes: This table estimates the road-level impact of future road upgrades on inequality of
opportunity measured as the standard deviation of local educational opportunity over space. It
replicates the results of table 2 on the re-scaled networks. The networks of Benin and Cameroon
have been re-scaled such that average expected travel time across each network is equal to that of
Mali. Coefficients are from estimating the following equation: ∆SD(µl)r = βrRoadTyper + εr
and are relative to the left-out category other. A positive coefficient means that relative to the
left out category upgrading roads of that type increased inequality of opportunity over space.
Column one pools across countries and includes country fixed effects whereas columns (2), (3),
and (4) restrict the sample to Benin, Cameroon, and Mali respectively. Standard errors are
robust and reported in parenthesis bellow point estimates.
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Table 13 Sufficient statistic result by country

Overall Benin Cameroon Mali

Coef (O) Coef (B) Pval (O-B) Coef (C) Pval (O-C) Coef (M) Pval (O-M)

LMA E -0.198 -0.175 0.883 -0.298 0.535 -0.228 0.800
(0.077) (0.153) (0.160) (0.117)

MA E 0.118 0.017 0.222 0.123 0.815 0.043 0.142
(0.028) (0.082) (0.023) (0.050)

LMA N 0.284 0.527 0.203 0.325 0.688 0.388 0.413
(0.058) (0.188) (0.102) (0.126)

MA N -0.171 -0.069 0.238 -0.186 0.712 -0.213 0.479
(0.033) (0.086) (0.040) (0.058)

Notes: This table shows the results from re-estimating the sufficient statistic equation on samples from each country
individually. The first column replicates the main (pooled) results for comparison. For each country I present a
column of results for each market access term, and a column displaying the p-value on the test of equality between
the country-specific and pooled coefficients.

Figure 24 Correlation between connectivity and local returns to education: pagerank centrality

(a) Housing quality (b) Not working in agriculture

Notes: This figure shows in panel 3a the correlative relationship between the log Mincerian returns to education in terms
of housing quality on the y-axis and pagerank centrality on the x-axis. Panel 3b shows the correlative relationship between
the log Mincerian returns to education in terms of the probability of not being employed in agriculture on the y-axis and
pagerank centrality on the x-axis. In each case Mincerian returns, βl are calculated using the following regression yi =
βy
l Primaryi + β1lagei + β2lage

2
i + εi for each locality l separately and for y equal to housing quality or a dummy variation

equaling one if not employed in agriculture. Housing quality is calculated as the first principle component in a PCA analysis of
floor, wall, roof material, access to electricity, and sanitation. In a second stage, the above binscatter plots are constructed by
comparing Centl with βy

l controlling for locality and year fixed effects. Slope coefficients are indicated in orange on the figures
and have been calculated from the analogous linear regression. Associated standard errors are given in parenthesis clustering
at the locality level.
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Figure 25 Correlation between connectivity and local opportu-
nity: pagerank centrality

Notes: This figure shows the correlative relationship between locality pagerank
centrality on the x-axis and causal place effects on the y-axis. The binscatter
plots are constructed by comparing µl with centl controlling for locality and year
fixed effects. The slope coefficient is indicated in orange on the figure and is are
calculated from the analogous linear regression. Associated standard errors are
given in parenthesis clustering at the locality level.

Table 14 Robustness of the main sufficient statistic result

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

Baseline No weighting Trimmed
Trimmed and
no weighting

Weight by
inverse SE

Log(LMA Educ) -0.198∗∗∗ -0.424∗ -0.201∗∗∗ -0.333∗ -0.228
(0.0656) (0.241) (0.0540) (0.169) (0.166)

Log(MA Educ) 0.118∗∗∗ 0.159∗∗ 0.115∗∗∗ 0.110∗ 0.145∗∗

(0.0287) (0.0797) (0.0235) (0.0570) (0.0627)

Log(LMA No Educ) 0.284∗∗∗ 0.575∗∗ 0.239∗∗∗ 0.342∗∗ 0.444∗∗

(0.0577) (0.228) (0.0480) (0.165) (0.175)

Log(MA No Educ) -0.171∗∗∗ -0.261∗∗∗ -0.150∗∗∗ -0.158∗∗ -0.232∗∗∗

(0.0346) (0.0962) (0.0286) (0.0681) (0.0775)

Observations 334 334 292 292 333

Notes: This table shows the robustness of my sufficient statistic estimation. Column one replicates my main results
from table 10. Column two removes weighting by 1970 population. Column three trims by removing the 10% most
extreme values. Column four trims and removes weighting. Column five weights by the inverse standard error in
µ estimation.
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Figure 26 Distribution of effects

Notes: This figure shows the (centered) distribution over locations of effects of road building since 1970 on local education
opportunity, pooled over Benin, Cameroon, and Mali. In blue (solid line) baseline results are plotted. In green (dash-dot line)
changes in goods trade costs are shut down. In orange (long dash dot) the utility value of education is set to 0.

Table 15 Alternative outcome variables

(1) (2) (3)
Prop not employed

in agriculture
Return to education

proxy: Housing Quality
Return to education

proxy: Not in agriculture

Log(LMA Educ) -0.170 -1.373∗∗ 0.124
(0.295) (0.654) (0.350)

Log(MA Educ) 0.392∗∗ 0.699∗∗ 0.172
(0.162) (0.328) (0.183)

Log(LMA No Educ) -0.761∗∗∗ 2.042∗∗∗ 0.442
(0.275) (0.675) (0.312)

Log(MA No Educ) -0.0385 -1.322∗∗∗ -0.463∗∗

(0.164) (0.356) (0.187)

Observations 400 398 398

Notes: This table shows the results from estimating the main sufficient statistic equation on alternative outcome
variables. Column one uses the local proportion not employed in agriculture (adults between 25 and 55), column
two local returns to education proxied by housing quality, column (3) local returns to education proxied by not
working in agriculture. In all regressions I include locality and time fixed effects, weight by 1970 population, and
cluster at the locality level.
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Figure 27 Efficiency-equity trade off by road type

Notes: This figure shows the effects of building road of different types (periphery-main connections on the left-hand-side,
periphery-periphery connections on the right-hand-side) on an outcome which is a convex combination of the road-upgrade
induced mean opportunity shift and (the negative of the) road-upgrade induced change in standard deviation of inequality.
Lighter orange colors weigh mean shifts more, darker orange colors weight equity more. Coefficients are relative to the omitted
road category “other”.

B.15 Replicating results from Faber [2014]

In this section, I replicate the variation used in Faber [2014] in my data. I do this by focusing

on counterfactual road-upgrade “experiments” where the road in question connects two main

cities and compare the effect of such a road on locations on the route relative to those just

off the route. As discussed in the main text there are many differences between my setting

and that considered in Faber [2014], one of the results of this is that there are far fewer such

“experiments” in Benin, Cameroon, and Mali, than Faber [2014] finds in China. Defining a

main city as one with a population over 100,000 the experiments I focus on are depicted in

28 figure below.
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Figure 28 “Experiments” identifying variation similar to that used in Faber [2014]

Notes: These figures depict the variation isolated to replicate the analysis in Faber [2014] in my setting. Black lines are the
routes between two main cities, where main cities are defined as having a population over 100,000. Darker colors represent
treated locations, ones which the roads pass through. Lighter colors represent control locations, ones adjacent to treated
areas. Locations containing the main city are removed from the analysis. Roads between main cities where it wasn’t possible
to create reasonable treated and control groups have also been omitted.

Using only the variation depicted in figure 28 I estimate the empirical specification from

Faber [2014], given in equation 16.

yi = β · Connecti + η ·Xi + εi (16)

The outcome, yi is the change in local opportunity due to upgrading the road. Unlike
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Faber [2014] as this is a counterfactual exercise, I don’t require an empirical identification

strategy to estimate this. The treatment variable Connecti indicates whether the road ran

through i or not. Xi denotes various controls. εi is an idiosyncratic error. Table 16 presents

the results from estimating equation 16 on the sample depicted in figure 28. Column one

includes no controls, column two controls for baseline values of the proportion employed

in agriculture, the proportion living in an urban setting, and log population, column three

additionally controls for the proportion who have access to electricity and the proportion who

have completed primary school. Finally, column four weights the regression by pre-sample

population. I include these controls in an attempt to more closely replicate Faber [2014]

which includes controls for economic conditions. In addition they help make estimates more

precise.

Table 16 Replicating the results from Faber [2014]

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

Connect -9.893 -15.66 -18.39∗∗ -12.70∗

(12.54) (11.19) (5.728) (6.760)

Proportion employed 2.036∗∗ 3.130∗∗∗ 2.065∗∗

in agriculture (0.763) (0.824) (0.707)

Proportion urban 1.556∗∗ -0.120 -0.200
(0.693) (0.252) (0.214)

Log(Population) 21.59 20.65∗ 24.69∗∗

(14.52) (10.34) (10.14)

Proportion with 1.523∗∗ 1.273∗∗

access to electricity (0.510) (0.443)

Proportion with 0.856 0.596
primary school (0.659) (0.602)

Observations 504 496 496 496
R2 0.002 0.065 0.137 0.073

Notes: This table presents the results from estimating equation 16 on the sample depicted in figure 28.
Column one includes no controls, column two controls for baseline values of the proportion employed in
agriculture, the proportion living in an urban setting, and log population, column three additionally
controls for the proportion who have access to electricity and the proportion who have completed
primary school. Finally, column four weights the regression by pre-sample population.

The results are exactly inline with the main findings from Faber [2014]. Locations that

happened to be on the road between two main cities had worse outcomes relative to those
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just off the road. This may be surprising as I consider a very different setting, and my

modeling framework doesn’t allow for economies of scale.

This exercise highlights that the type of variation used can lead one to come to very

different conclusions as to the effect of changes in connectivity on local outcomes. The

advantage of my framework is that I can capture all of the potentially complex effects of

different changes in connectivity on outcomes.

C Data construction

C.1 Market Access data construction

C.1.1 Calculating expected travel times

A key object required to calculate market access terms are the iceberg style movement and

trade costs κϕs

ijt, τ
λs
ijt. Both of these are based on the fastest path from i to j in period t along

the national transport network of the corresponding country, and so I turn first to estimating

these travel times which I denote by tijt. However, my data is available at the locality level

which means that tijt is an aggregate measure of travel times across regions. In order to

fully utilize the available variation and keep as close to the actual road network as possible

I don’t just rely on centroid-to-centroid measures of distance across large localities. Instead

I take the interpretation that transport costs from i to j are measured as the expected cost

of a randomly chosen individual in i traveling to a randomly chosen individual in j. That is,

consider individuals p ∈ i and q ∈ j and denote their travel time as dpqt. Then I estimate,

tpqt as the following where |i| and |j| denote the population size of i and j respectively.

tijt =
1

|i|
∑
p∈i

1

|j|
∑
q∈j

dpqt (17)

However, in order to estimate tijt in this manner I would need to observe the exact within

locality distribution of the population. To focus on variation in road building rather than

potentially endogenous changes in the population distribution, I estimate the within local-

ity population distribution in the pre-sample year of 1970 and keep it fixed. To do this I

introduce a new data source, Africapolis, which maps all agglomerations in Sub-Saharan

Africa that will achieve a population of at least 10,000 in 2015 and backdates each agglomer-

ations’ population to 1970. I take all such available agglomerations, their exact coordinates

and 1970 populations. To this I add the backdated approximate remaining population of
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each locality using census data and assign this to the locality centroid. This gives the most

accurate possible within-locality and within-country population distribution in 1970 using

available data.

Having completed the above steps I have a set of locations p within each locality i that is

p ∈ i. For each location I associate a 1970 population Pp,1970 and time of travelling along the

observed road network to each other point q ∈ j for each j locations in the same country, dpqt.

Then the expected travel time of a randomly chosen household in i traveling to a randomly

chosen household in j in year t is given by the following.

tijt =
∑
p∈i

Pp,1970

Pi,1970

∑
q∈j

Pq,1970

Pj,1970

dpqt (18)

This can be seen as a coarse discretisation of equation 17, the best that can be done with

the data available.

C.1.2 Calculating incomes Y s
it

Census data does not provide information about wages or the total income/ output of lo-

calities. However, it does provide some limited information on the assets households own

such as flooring material, sanitation and electricity. I can use this information coupled with

auxiliary regressions using income data from development health surveys (DHS) to impute

approximate income at the locality-year-primary completion level. Intuitively this approach

is similar to that of Young [2012] in that I use auxiliary Engle curve regressions to uncover

parameters which are then used in a second stage with richer data to impute the outcome

of interest at a broader and more granular geographic level. This approach requires some

assumptions which are difficult to test, however given the paucity of data available on wages/

incomes at sufficient geographic and temporal desegregation I believe that this is approach

the best that can be done. Additionally, due to high informality rates, it’s unclear whether

wages would be the most appropriate measure even if they were available.

Postulate that the (real) demand for an asset a by household h in locality i in year t is

give by the following equation.

ln(Qahit) = αa + ηa ln(C
N
hit) + ξa ln(Pit) + βXhit + εahit (19)

Where αa are product constants, ηa is the (quasi) income elasticity of demand, CN
hit is nominal

household consumption expenditure which is equal to household income in our setting, ξa is
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a vector of own and cross-price (quasi) elasticities of demand, ln(Pit) is a vector of regional

prices, Xhit and β are vectors of household characteristics and their coefficients. Finally εahit

is a white noise household-product preference shock. Elasticities are referred to as quasi

above as for all assets considered I use an indicator variable rather than a logarithm. To

estimate this equation I use data from the available DHS waves in Benin, Cameroon, and

Mali, that report income. Sadly this is only two waves: Benin in 1995 and Mali in 1996.

Additionally, these surveys don’t include information on prices and so I estimate equation

19 using product-locality-year fixed effects (although year fixed effects are redundant given

that localities are only observed once) which absorbs price variation. Results from running

regressions are given in table 17.

Table 17 Asset demand equations using DHS data

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

Conrete floor 0.00550∗∗∗ 0.00557∗∗∗ 0.00479∗∗∗ 0.00496∗∗∗

(0.000914) (0.000923) (0.000820) (0.000915)

Electricity 0.00212∗∗∗ 0.00218∗∗∗ 0.00205∗∗∗ 0.00158∗∗

(0.000653) (0.000668) (0.000593) (0.000665)

Sanitation 0.00312∗∗∗ 0.00319∗∗∗ 0.00313∗∗∗ 0.00258∗∗∗

(0.000890) (0.000898) (0.000814) (0.000893)

Asset × Region FE X X X X
Age polynomial X X X
Asset × Region × Urban FE X
HH members control X
R2 0.402 0.403 0.498 0.404
N 22586 22586 22586 22586

Notes: This table shows the results from running regressions of the form given in equation 19 using DHS data.

Focusing on column (4) these results suggest that a 1% increase in income is associated

with a 0.5pp. increase in the probability of having concrete floor, a 0.16pp increase in

the probability of having access to electricity and a 0.26pp. increase in having accessible

sanitation.

In the second step, I use the inverted estimated coefficients from table 17 to approximate

income differences by assets households own as indicated in census data. Imputed average

income in a locality-year-education cell is then given by Ỹ e
it = 1/Nite

∑
h∈{i,t,e}

∑
a

1
η̂a
Qhait +

base where base is the average income calculated from DHS data. Intuitively if we see

households in an area with more assets than those in a different area we infer that those

in the first area have more income with which to purchase such assets. The Engle curve
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auxillary regressions in the first stage allow me to approximate how much more income

owning an asset may signal, and thus translate regional and by-education differences into a

money-metric form.

A simpler way to estimate incomes that uses more asset information from census data

and no auxiliary data is to postulate a linear relationship between housing quality (mea-

sured as the first principle component over all available housing asset variables) and wages,

we
it = βHQe

it. As my market access equations are invariant to constant multipliers such a

relationship implies that I can use Y e
it = HQe

itL
e
it as my measure of income in a locality-year-

education cell. This formulation is simpler, but a-theoretic and relies on what appear to be

stronger assumptions. However, results from using this specification to calculate incomes

bring qualitatively similar conclusions to those using the Engle-curve, method. Therefore,

in the main text I focus on using data from the Engle-curve approach.

C.1.3 Estimating bilateral transportation and migration costs

Migration costs

Recall that the theory delivered a gravity equation for the intra-national movement of house-

holds. I can estimate this equation using origin-year and destination-year fixed effects by

psudeo-poission-maximum-likelihood (PPML) as in Yotov, Piermartini, Monteiro, and Larch

[2016] and others. The estimating equation is given in 20.

M s
ijt = αs

jt · κ−λs
ijt · ρsit · εsijt (20)

i is the origin location, j is the destination location, and s denotes individual type. Where αs
jt

are destination-time fixed effects, ρsit are origin-time fixed effects and εsijt is an idiosyncratic

error term. I approximate bilateral migration costs by the following specifications: κ−λs
ijt =

ln(tijt)
λ̃s . As M s

ijt and tijt are observed I can estimate this equation by PPML to recover
ˆ̃λs. Table 18 shows the results from estimating equations of the form given in equation

20. Columns (1) and (3) estimate 20 by OLS after first taking logs. Columns (2) and (4)

estimate equation 20 by PPML. Column (4) represents my main specification and thus I use

values ˆ̃λs = 1.48 and ˆ̃λs = 0.985 to derive labour market access terms.
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Table 18 Gravity regressions to recover thetas

No primary education Primary education

(1) (2) (3) (4)
Log-linear PPML Log-Linear PPML

Log(Travel time) -1.270∗∗∗ -1.477∗∗∗ -0.933∗∗∗ -0.985∗∗∗

(0.0193) (0.0356) (0.0171) (0.0375)

Destination-time FE X X X X
Origin-time FE X X X X
N 11005 26234 10941 26234

Notes: This table shows results from running gravity equations of the form given in 20 using Census
data on internal migration across localities. Columns one and three use a log-linear specification
whereas columns (2) and (4) use PPML.

Note that, those who haven’t completed primary education, are significantly more sensi-

tive than those who have to changes in transport costs. That is distance presents more of

an impediment to travel, which isn’t surprising. These tables also highlight the importance

of correctly estimating gravity equations using PPML rather than OLS which gives signifi-

cantly attenuated coefficients.

Bilateral trade costs

In the absence of intra-national, locality-level bilateral trade data I am unable to perform

a similar calculation to estimate ϕ̃. Instead I’m forced to turn to values commonly found

in the literature and take as my baseline ˆ̃ϕ = −3.8 × 0.088 from Donaldson and Hornbeck

[2016], Donaldson [2018].

C.2 Digitizing Maps

Data on the changing connectivity of place comes from digitized historical Michelin road

maps accessed from the Bodleian Library at the University of Oxford. In this section I

detail the digitizing procedure taken. Figure 29 gives examples of the original maps used

for Mali, reproduced with permission from Michelin, and figure 30 shows some examples of

the finished digitized maps. Throughout I used the geographical mapping software ArcGIS.

The procedure taken is detailed in the steps below.

1. Download the Open Street Maps shapefiles for Benin, Cameroon, and Mali, which

representing the current road network in each country.
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2. Remove minor roads, or other roads not represented on the most recent (2019) Michelin

road maps.

3. Categorize all remaining roads as in the most recent Michelin road maps.

4. Add all settlements from Africapolis which include all agglomerations which have a

population of at least 10,000 in 2015.

5. Using settlement level population estimates from Africapolis and back-dated locality

level population estimates from Census data, calculate the remaining locality-level pop-

ulation not covered by the Africapolis settlements. Add this population to a location

at the centre of each locality.

6. Make small adjustments to the 2019 road network so that roads hit the centroid of

each settlement and form a connected network. To do this I used the topology tool in

ArcGIS.

7. Iteratively delete or downgrade roads using maps increasingly in the past. In this way,

for each year a map is available, create the complete road network.

Figure 29 Original maps
(a) Mali 1969 (b) Mali 2019

Notes: This figure shows pictures of the original Michelin road maps for Mali in 1969 on the left hand side and in 2019 on the
right hand side.
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Figure 30 Digitized road networks from historical Michelin maps
(a) Benin 1969
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Notes: These maps show the digitized Michelin road maps for each country comparing the road network in 1969 to 2019.
Roads are categorized into four categories. Red lines are paved roads, and the fastest. Black lines are partially improved
(gravel) roads. Dotted lines denote tracks. Finally, thick gray lines indicate to-be-built roads.
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D Theory appendix

D.1 Solving the spatial model

Theorem 1. The equations given below:

us
lt = TBs

lt

((
ws

lt

P s
lt

)1−β

Eβ
lt

)λs

(21)

Elt =

(
wE

lt

wN
lt

)
(22)

ws
lt =

Y s
lt

Ls
lt

(23)

Y s
lt = TZs

lt (ws
lt)

−ϕ MAs
lt (24)

Ls
lt = us

ltLMAs
lt (25)

(P s
lt)

−ϕ = MAs
lt =

∑
k

τ−ϕ
lkt

Y s
kt

MAs
kt

(26)

LMAs
lt =

∑
k

κ−λs
lkt

Ls
kt

LMAs
kt

(27)

can be rewritten to be of the form:

MAr
it =

∑
j

Kr
ijt

4∏
h=1

(
MAh

jt

)brh (28)

where Kr
ijt is some (log-linear) bundles of fundamentals. Therefore, all endogenous variables

can be written as a log-linear function of market access terms.

Proof. Subscripts will be suppress unless strictly necessary to ease notation. Plug 21 into

25 to find Ls =

(
AsE

β
(

ws

Ps

)1−β
)λs

LMAs then plugging 27 and 22 into this we find

Ls =

(
As

(
wE

wN

)β (
ws

MA
−1/ϕs
s

)1−β
)λs

LMAs (29)

. Then noting that by plugging 23 into 24 we have ws = B
ϕs

1+ϕs
s L

− 1
1+ϕs

s MA
1

1+ϕs
s . This can
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then be plugged into 29 to find (defining xs = 1 + ϕs + (1− β)λs):

Ls =

(
As

(
w1

w2

)β (
B

ϕs
1+ϕs
s L

− 1
1+ϕs

s MA
1

1+ϕs
s

)1−β

MA
1−β
ϕs
s

)λs

LMAs

Ls = A
λs(1+ϕs)

xs
s

(
wE

wN

)βλs(1+ϕs)
xs

B
ϕsλs(1−β)

xs
s MA

(1−β)λs
xs

+
(1+ϕs)

ϕs

(1−β)λs
xs

s LMA
1+ϕs
xs

s

Using our expression for ws we can then write (defining x = xExN − β(xEλE − xNλN)).

wE

wN

=B
xExN

x

(
ϕE

1+ϕE
− ϕE

1+ϕE

λE(1−β)

xE

)
E B

xExN
x

(
ϕN

1+ϕN

λN (1−β)

xN
− ϕN

1+ϕN

)
N A

λE
xE

xExN
x

E A
λN
xN

xExN
x

N

×MA
xExN

x

(
1

1+ϕE
− (1−β)λE

xE(1+ϕE)
− (1−β)λE

ϕExE

)
E MA

xExN
x

(
− 1

1+ϕN
+

(1−β)λN
xN (1+ϕN )

+
(1−β)λN
ϕNxN

)
N

× LMA
−xExN

x
1

xE
E LMA

xExN
x

1
xN

N

This equation gives the structural interpretation of the coefficients from estimating the re-

duced form equation in equation 7 in the main text. Plugging this into the above derived

equation for Ls gives the following.

LE =A
λE(1+ϕE)

xE
−βλE(1+ϕE)

xE

λE
xE

xExN
x

E A
βλE(1+ϕE)

xE

λN
xN

xExN
x

N

×B
ϕEλE(1−β)

xE
+

βλE(1+ϕE)

xE

xExN
x

(
ϕE

1+ϕE
− ϕE

1+ϕE

λE(1−β)

xE

)
E

×B
βλE(1+ϕE)

xE

xExN
x

(
ϕN

1+ϕN

λN (1−β)

xN
− ϕN

1+ϕN

)
N

×MA
(1−β)λE

xE
+

(1+ϕN )

ϕN

(1−β)λE
xE

+
βλE(1+ϕE)

xE

xExN
x

(
1

1+ϕE
− (1−β)λE

xE(1+ϕE)
− (1−β)λE

ϕExE

)
E

×MA
βλE(1+ϕE)

xE

xExN
x

(
− 1

1+ϕN
+

(1−β)λN
xN (1+ϕN )

+
(1−β)λN
ϕNxN

)
N

× LMA
1+ϕE
xE

−βλE(1+ϕE)

xE

xExN
x

1
xE

E

× LMA
βλE(1+ϕE)

xE

xExN
x

1
xN

N

Therefore, using LE as derived above I can write LMAiE =
∑

j κ
−λE
ij LiELMA−1

iE . Noting

that 23 and 24 can also be combined to derive Ys = L
ϕs

1+ϕs
s B

ϕs
1+ϕs
s MA

1
1+ϕs
s it’s straight forward

to see how analogous expressions for each market access term can be derived recovering the

desired series of non-linear equations.

Theorem 2. The model in theorem 1 can be written in changes where x̂ = x′/x in the
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following manner.

M̂A
r

it =
∑
j

ρ̂rijtλ
r
ijt

4∏
h=1

(
M̂A

h

jt

)brh
Note the above system does not include fundamentals. λMAE

ljt denotes the fraction of l’s

market access, due to j at time t.

Proof. Consider MAE
i , where not-needed subscripts have been suppressed. From it’s defini-

tion we know that MAE
i =

∑
j τ

−ϕE
ij

Y E
j

MAE
j
, thus we can write:

M̂A
E

i =
(MAE)′i
MAE

i

=

∑
j(τ

c
ij)

−ϕE
Y E,c
j

MAE,c
k∑

k τ
−ϕE

ik
Yk

MAE,c
k

=
∑
j

(τ cij)
−ϕE

Y E,c
j

MAE,c
j∑

k τ
−ϕE

ik
Yk

MAE,c
k

=
∑
j

τ−ϕE
ij

Y E
j

MAE
j∑

k τ
−ϕE

ik
Yk

MAE,c
k

τ̂−ϕE
ij Ŷ E

j

(
M̂A

E

j

)−1

=
∑
j

λMAE

ij τ̂−ϕE
ij Ŷ E

j

(
M̂A

E

j

)−1

Where λMAE

ij = (τϕE
ij Y E

j

(
MAE

j

)−1
)/MAE

i , is the proportion of i’s E-type market access due

to j as is known. Noting that from the proof of theorem 1 we know that Y k
j can be given as a

log-linear function of market access terms and fundamentals and therefore Ŷ k
j is a log-linear

function of market access variables defined in changes. Via an analogous expression for each

of the other types of market access we arrive at the desired result, where the βij coefficients

are the same as those given in theorem 1.

D.2 Model extensions

D.2.1 Endogenous education supply

Denote by Ai the number of students who have access to schooling in locality i, Si as the

total number of schools in a region, c as the constant cost of constructing a given school,

and finally I is the total school construction budget. A social planner whos objective is to
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maximise the number of people who can access a school solves the following problem.

max
Si

∑
i

Ai s.t. c
∑
i

Si ≤ I (30)

The number of students with access to schooling in a region is assumed to be a function

of three parameters. First, the number of schools in the region Si, second local population

density Di, third how developed the local road network is Ri. The intuition is simple,

suppose that for a given school, the number of people who have access to said school is given

by everyone who can travel to it within some radius r minuets of travel time. Then this

radius will effectively be bigger if the local road network is more developed, and capture more

people if the population is denser. Model the production function for Ai in a Cobb-Douglas

fashion.

Ai = πSα1
i Dα2

i Rα3
i (31)

We expect 0 < α1 < 1 due to the potential of overlapping catchment areas and expect the

other coefficients to be positive, α2 is likely less than one due to congestion. We can sub this

expression into the planners problem and find the first order conditions with respect to Si of

the corresponding Lagrangian: Si = α1S
α1−1
i Dα2

i Rα3
i = cλ where λ is the Lagrange multiplier

which can be found by subbing the first order conditions into the budget constraint to be

λ = α1A/I where A =
∑

Ai. Putting this together we have an equation determining the

number of schools in a region.

Si =

(
I

cA

) 1
1−α1

D
α2

1−α1
i R

α3
1−α1
i (32)

Equation 32 shows that school supply will be higher in locations that are denser and or have

better local transport networks.

Turning to the household decision to education their child or not, we now introduce a

locality-varying cost of education that is increasing in the distanced required to travel to

school. DeStefano et al. [2007] and Evans and Mendez Acosta [2021] find that distanced

to primary school is a large impediment to education completion in Sub-Saharan Africa. A

household will travel longer to their closest school if there are fewer schools in their area, or

if their area has a less developed road network. Thus, I give education costs the following

functional form: cEi = κSγ1
i Rγ2

i . We augment the probability a child completes primary

school to be decreasing in the cost of education and increasing in the returns to education
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as follows.

µi = β0 + β1 ln(ri) + β2 ln(c
E
i ) + εi (33)

Subbing the above derivations in we come to the following expression.

µi = β̄0 + β ln(ri) +
α2γ1β2

1− α1

ln(Di) +

(
β2γ1

α3

1− α1

+ γ2β2

)
ln(Ri) + εi (34)

Where β̄0 captures all constants. As Di = Li/Areai and market access terms are a sufficient

statistic for Li, equation 34 will collapse to an equation similar to that which was found

before, with the exception of the introduction of Ri and a change in coefficient interpretation.

I can take the additional predictions from this section to the data, using additional

data on current school locations from the United Nations Office for the Coordination of

Humanitarian Affairs. Table 19 shows the results from this. Column one uses the school

data (which is only available in the most recent period) to estimate equation 32 and finds

evidence that density increases school supply (α2 > 0) but that the local quality of the

road network has no effect (α3 = 0). Column three replicates the main results from table

10 in the body of the paper. Column two runs the same specification but includes local

road quality as suggested by equation 34. Again, I find a zero coefficient suggesting that

γ2 = 0 or β2 = 0 as we have already established that α3 = 0. In the latter case we could

conclude that endogenising education supply makes little substantive difference to results.

The lack of difference in coefficients on the market access terms between columns two and

three suggests that even the more complex model for education supply nests within the set

of data generating processes captured for the sufficient statistic result. Due to this, and the

zero coefficient on local road quality, when estimating counterfactuals, I take the view that

endogenous education supply is of second order concern and to remain as parsimonious as

possible it is omitted.
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Table 19 Endogenising Schooling Supply

(1) (2) (3)
ln(#Schools) µ µ

Local Road Network -0.0827 0.000528
(0.141) (0.00620)

Log Density 0.332∗∗∗

(0.0839)

ln(LMA− E) -0.211∗∗ -0.198∗∗

(0.0768) (0.0767)

ln(MA− E) 0.116∗∗∗ 0.118∗∗∗

(0.0280) (0.0281)

ln(LMA−N) 0.291∗∗∗ 0.284∗∗∗

(0.0610) (0.0581)

ln(MA−N) -0.171∗∗∗ -0.171∗∗∗

(0.0333) (0.0329)

N 126 334 334

Notes: This table shows the results from running regressions pertaining to
the empirical implications from endogenizing education supply. In column
one I show the result from running a regression of the form given in equation
32 in a log-linear form. In column two I show the results from estimating
equation 34 and in column three I give the baseline sufficient statistic results
for comparison.

D.2.2 Generalizing consumption patterns

In the main text I assume that types only consume their own goods. This is evidently

an unrealistic assumption but is a simplification designed to emphasize the uncontroversial

observation that educated workers spend a larger proportion of their consumption on goods

produced by educated workers than non-educated workers do. The assumption is also made

because it allows me to write the sufficient statistic result as an exact log-linear equation

(although it will remain log-linear to a first order approximation) and appeal to known

existence and uniqueness results when deriving equilibrium and performing counterfactual

analysis. Allowing both types of workers to consume both types of goods breaks both of these

convenient and parsimonious results. However, in this section I do perform this generalization

and with the caveat that formal existence and uniqueness results have not been provided,

show that counterfactual results are qualitatively and quantitatively unchanged.

Denote by Eis expenditure in location i on sector s and Sis spending in i by group s.

In the main text we have that Eis = Sis = Yis but now we allow for the possibility that

Eis ̸= Sis = Yis. Suppose instead that each group k spends a constant fraction of their
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income on each sector s’s products and denote this by αks then we have:

Eis =
∑
k

αksYik Sik =
∑
s

αksYik = Yik

, and therefore Eis =
∑

k αksSik. From this generalization we can see that the results in the

main text are a special case where αks = 1 if k = s and 0 otherwise. The derivations change

as we can no longer substitute income, Yis, for expenditure, Eis, and must instead use the

more complex expression for expenditure above. This breaks the log-linear nature of the

model, and thus doesn’t allow the same exact log-linear sufficient statistic result, although

market access terms will remain sufficient statistics in a non-linear (or log-linear) fashion.

The labor market side of the model remains unchanged. Working through the algebra, and

using exact-hat techniques, we arrive at the following series of differenced equations which

can then be used for counterfactual analysis.

L̂is =

(ŵis

P̂is

)(1−β)
(

ŵiE

P̂iE

ŵiN

P̂iN

)β
λs

L̂MAis (35)

Êis = ŵ−ϕs

is M̂Ais (36)

Êis = ŵiEL̂iE

(
αEsYiE

αEsYiE + αNsYiN

)
︸ ︷︷ ︸

ξEiEs

+ŵiN L̂iN

(
αNsYiN

αEsYiE + αNsYiN

)
︸ ︷︷ ︸

ξEiNs

(37)

M̂Ais =
∑
j

λMAs
ij τ̂−ϕs

ij ÊjsM̂A
−1

js (38)

L̂MAis =
∑
j

λLMAs
ij κ̂−λs

ij L̂jsL̂MA
−1

js (39)

The system of equations given in 35 together with a counterfactual change in the road net-

work (τ̂ , κ̂), data on λMAs
ij , λLMAs

ij , ξEiEs, ξ
E
iNs, and parameter estimates for ϕs, λs, β, αEs, αNs

allow me to solve for counterfactual changes in opportunity, as in the main text. λMAs
ij , λLMAs

ij , λE
iEs, λ

E
iNs

are all observed, so the only new obstacle lies in estimating αks. I assume that E-types spend

50% of their income on E-type goods, αEE = 0.5 and N -types spend 10% of their income on

N -type goods αNE = 0.1. These parameter estimates seem reasonable, but given the lack of

evidence with respect to spending patterns by education in Benin, Cameroon, or, Mali, can

only be taken as conjecture. Results are robust to other reasonable estimates.

I compare the results on the aggregate effect of road building since 1970 from the main

text and from the above described generalizing consumption (gc) model extension. The
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baseline model generates the change in opportunity due to road building since 1970 for each

locality i denoted as µ̂i, and the extension derives the same objects denoted as µ̂gc
i . First, I

find that the two series are highly correlated, Corr(µ̂gc
i , µ̂i) =0.991. Figure 31 then compares

the distribution of (relative) effects in the baseline and in the generalizing consumption

extension. Sub-figure 31a shows the overall distribution whereas sub-figures 31b, 31c, and 31d

show country specific distributions for Benin, Cameroon, and Mali respectively. Although

the two series are highly correlated it’s clear that the results from the extension are less

dispersed than those from the baseline with an overall variance some 25% smaller.

Figure 31 Changes in the distribution of primary completion rates
(a) Overall (b) Benin

(c) Cameroon (d) Mali

Notes: These figures show the distributional results from estimating the model and running the no-roads
counterfactual with generalized consumption preferences (in blue) compared to the baseline (in orange).

Turning to comparing the counterfactual estimates of how road building since 1970 af-

fected the inequality of local educational opportunity across space, I find that in this exten-

sion the variance of opportunity across space due to road building increased by 0.24, 1.85,

and -0.48 percent in each of Benin, Cameroon, and Mali respectively vs 0.04, 5.81, and -1.44,

in the baseline.

Finally, table 20 compares the correlation if the estimated effects from the baseline and
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extension to pre-period remoteness. I find unsurprisingly given the strong correlation but

already noted lower dispersion, that the previously uncovered relationship remains, in all

three countries more remote locations saw larger gains, but effects are somewhat attenuated.

Table 20 Relationship with remotness, comparing baseline
and generalising consumption extension results

(1) (2)

Benin × 5.092∗∗∗ 3.478∗∗∗

Log(Expected travel time) (1.357) (1.031)

Cameroon × 6.995∗∗∗ 5.527∗∗∗

Log(Expected travel time) (2.409) (1.591)

Mali × 5.468∗∗∗ 3.555∗∗∗

Log(Expected travel time) (1.299) (0.888)

Observations 156 156
R2 0.334 0.343

Notes: This table shows the results from estimating the relationship between
the counterfactual change in opportunity due to road building since 1970
and locality remoteness in 1970. Regressions include country fixed effects,
and weighted by 1970 population, have robust standard errors, and drop
departments in the Extreme-Nord province of Cameroon. Column one shows
the baseline results and column two shows results from estimating the model
with generalized consumption patterns.

D.2.3 Explicit agglomeration forces

There is considerable evidence for agglomeration economies [Puga, 2010] whereby firms lo-

cated in denser areas are more productive. I extend the baseline model to allow for this in

the standard way following the set up in Allen and Arkolakis [2014], by allowing productivity

to be positively effected by population.

wit = BitL
α
itp

b
it (40)

Where α > 0 determines the strength of the agglomeration economies. In equilibrium, all

equations remain the same with the exception of the equation for output which becomes

Yit = BitL
α
itw

−ϕ
it MAit which can be rearranged to Yit = B

1/(1−α)
it w

−ϕ+α
1−α

it MA
1/(1−α)
it . From this

it is clear that the derived sufficient statistic result follows. When extending this set up to

two sectors/ types one can allow sector specific agglomeration forces and for sector-specific

agglomeration to depend on own-type population only or some combination of both types
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of population.

D.2.4 Explicit endogenous amenities

Following Diamond [2016] and various other authors I can also allow for amenities to be en-

dogenously determined by local population, or as in Diamond [2016] the educated population

ratio. I generalize the idiosyncratic component of utility to include a remaining idiosyncratic

component and an endogenous component which depends on the educated population ratio:

As
it = Ãs

it

(
LE
it

LN
it

)γ
. In equilibrium all equations remain as in the baseline model with the

exception of utility which includes this new amenity term. γ determines the strength of

endogenous amenity forces, with γ = 0 corresponding to the baseline case. It’s clear from

this set up that the sufficient statistic result will follow.

D.2.5 Land in consumption (fixed supply)

Following the set up in Donaldson and Hornbeck [2016] I allow workers to consume land

(housing) Hit which is in fixed supply exogenously given in each location. Workers now

consume goods and housing in fixed proportions in a Cobb-Douglas fashion and so indirect

utility is given by uit = Ait (wit/Pit)
a (Hit/qit)

(1−a). Thus workers spend a constant fraction

1−a of their income on housing and so we have qiHi = (1−a)Yi. The housing market clears

so demand Hi = H̄i supply, which is exogenously given. Therefore we can derive the price of

housing in a given locality as qi = (1 − a)Yi/H̄i. Indirect utility in a location now depends

on the price of housing.

uit = Ait

((
wit

P a
itq

1−a
it

)1−β

Eβ

)λ

uit = Ait

((wit

Pit

)a(
1− a

H̄it

)−1

La−1
it

)1−β

Eβ
it

λ

(1− a)/H̄it is exogenous and so loads onto the residual in the sufficient statistic result, and

the additional La−1 acts as a dispersion force. Intuitively, if more people live in a location

with fixed land supply, the price of housing in this location will increase, raising the cost of

living, and making the location less attractive. All other equations remain as in the baseline,

thus it’s clear from here that the sufficient statistic result will once again be recovered.
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D.2.6 Land in production (fixed supply)

Following the set up in Ahlfeldt et al. [2015] I allow firms to use land in production. Thus I

extend the firms production function to include land and labor in a Cobb-Douglas production

function. Denote by qi the cost of land in location i then the price of goods produced in

i is now pi =
(

wi

Bi

)b
q1−b
i where 1 − b is the land-intensity of production. Land is in fixed

supply exogenously given and thus land market clearing implies that (1 − α)Yi = qiHi.

All equations remain the same as in the baseline with the exception of output which now

becomes Yi =
(
(wi/Bi)

b q1−b
i

)−ϕ

MAi which using land market clearing can be simplified to

the following.

Yi =

(
wi

Bi

)− bϕ
1+ϕ(1−b

(
1− α

Hi

)− (1−α)ϕ
1+ϕ(1−b)

MA
1

1+ϕ(1−b)

i (41)

From here it is clear that the sufficient statistic result will be recovered.

D.2.7 Land in consumption and production (endogenous supply)

If land is in fixed supply we can combine sub-sections D.2.5 and D.2.6 to derive the model

with land both in consumption and production and see that the sufficient statistic result

will once again be recovered. Here I extend this set up further by allowing land to be

endogenously supplied following Diamond [2016].

With land used in both consumption and production the total demand for housing (land)

is given by HDi = (1 − a)bYi + (1 − b)Yi = Yi(1 − ab). As in Diamond [2016], the price

of land is determined by developers who are price takers and sell a homogeneous good at

marginal cost qi = MC(CCi, LCi) where CCi are local construction costs and LCi are local

land costs. In the asset market steady state equilibrium there is no uncertainity and prices

equal the discounted value of local rents qi = ri = itMC(CCi, LCi) where it is the interest

rate in period t. The cost of land LC is a function of aggregate demand for local goods,

following Diamond [2016] this is parametized as a log-linear function: qi = itCCiHDρ
i , where

ρ is the housing supply elasticity. Local construction costs and interest rates are taken as

exogenously given.

Equating demand and supply we then have Yi(1−ab) = Hiqi = itCCi(Yi(1−ab))ρHi and

therefore Hi = Y 1−ρ
i (1 − ab)1−ρ(CCiit)

−1. Note that ρ = 1 collapses to our previous “fixed

supply” case. Subbing this equation for Hi into the previous derivations with H̄i recovers a

set up that will clearly result in the sufficient statistic result.
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D.2.8 Intermediate goods

Following Caliendo et al. [2018] I can also allow for intermediate goods in production. Allow

differentiatred goods in each location of each type to use both labor and other goods in

production in a Cobb-Douglas fashion such that γs and 1−γs are the labor and intermediate

goods factor intensities for sector s. Additionally allow γsk to denote the factor intensity

of intermediate goods from sector k in production by sector s. Thus the marginal cost of

production, and so price, is given by the following.

pis = Bis (wis)
γs (P γsE

iE P γsN
iN )1−γs (42)

Thus, we have now that output in a given sector-location cell is given by the following.

Yis = Bis

(
(wis)

γs
(
P γsE
iE P 1−γiN

iN

)1−γs
)−ϕs

MAis (43)

As all other equilibrium equations remain the same it’s clear that the sufficient statistic

result will be recovered.

D.2.9 Non-homotheticities and structural transformation

In the main text, and in the above extensions, I retain CES preferences and so shut down

potential effect acting through structural transformation. It’s possible that structural trans-

formation towards sectors that require more educated workers, puts further upward pressure

on wages and to the extent to which this force acts in response to changes in connectivity in

some locations but not others, could impact spatial inequality of opportunity. In this sub-

section I show how non-homotheticities can be introduced into this framework. I show that

market access terms remain a sufficient statistic under Stone-Geary preferences, although

the log-linear relationship is broken.

To do this, I consider perhaps the simplest possible form of non-homotheticity, and

generalise CES preferences into the Stone-Geary form. That is, I allow some constants γs to

denote “subsistence” levels of consumption of goods of type s. Assuming that γN > 0 but

γE = 0 allows me to recover the desired result that the proportion of income spend on N

type goods will fall as income levels rise. Generalizing preferences such that both types of

consumer consume both types of goods but in the same proportion, we recover a new set of
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equations which define equilibrium.
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it − PN

it γN
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it γN
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−ϕs MAs
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Expsit = γs + αs

((
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)
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(
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itLMNAs
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∑
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ijt
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LMAs
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κ−λs
ijt

Ls
jt

LMAs
jt

This new set up requires two additional parameters. α determines the proportion of residual

income spend on E-type goods, and γN is the subsistence level for N -type goods. I set

α = 0.4 and γN = 2.5 following Comin et al. [2021]. Solving this new system in differ-

ences using exact-hat algebra results in the following system which can be used to analyze

counterfactuals.
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ŵN
it L̂

N
it −

αsγN(MAN
it )

−1/ϕNLN
it

Xs
it

(M̂A
N

it )
−1/ϕN L̂N

it

L̂s
it =

(
ws

it

(
MAE

it

)1/ϕE ŵs
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ŵE

it

ŵN
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Where Xs
it = γs + αs

((
wE

it − (MAN
it )

−1/ϕNγN
)
LE
it +

(
wN

it − (MAN
it )

−1/ϕNγN
)
LN
it

)
. Endoge-

nous variables are thus (implicitly) functions of market access terms only, preserving the

sufficient statistic result although in a non-linear manner.

D.2.10 Generalizing the education choice problem

In the main text I focus on local returns to education as the driving force behind household

decisions to educate their children or not. Above I also consider generalizing this to allowing

the local cost of education to vary and potentially do so in response to changes in local con-

nectivity. Here I show formally how this process can further be generalized to include other

dimensions relevant for a households education choice problem in a very straight forward

manner that remains consistent with the sufficient statistic result. Suppose the utility value

of education depends on (i) returns to education, (ii) household income, (iii) the opportunity

cost of education, and (iv) the actual cost of education, in the following manner.

Es
it =

(
wE

it

wN
it

)β1

︸ ︷︷ ︸
Returns to
Education

· (ws
it)

β2︸ ︷︷ ︸
Income

·
(
wN

it

)β3︸ ︷︷ ︸
Opportunity

cost

· (cit)β4︸ ︷︷ ︸
Cost

(44)

Returns to education are discussed at length in the main text, and are captured succinctly

by the relative wages those with vs without primary education can demand in a given

location. Income effects are captured by β2 which scales the income of the parents of type s.

The opportunity cost of schooling is increasing in the (shadow) wages children could receive

if they were not in school. This is assumed to be proportionate to the local wages earned

by those without primary schooling. Finally, the actual cost of education, cit, can also be

included as a determinant, and it’s relevance is discussed at some length in section D.2.1

where I endogenise education supply and cost.

As equation 44 is a function of wages only (with the exception of costs), and as wages

are themselves an endogenous variable depending only on market access terms — it’s clear

that these generalizations will also result in the same sufficient statistic result.

D.3 Quantitative Spatial Economics model example

In this section, I write down a quantitative spatial economics model, taken from the broad

class of data-generating processes consistent with the sufficient statistic result described

above. This model can therefore be seen as a particular case of the more general setup

described in section 1. I follow Morten and Oliveira [2021], Tsivanidis [2019], Ahlfeldt et al.
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[2015] and others in writing down a model where individuals have idiosyncratic Fréchet

preferences over location amenities and firms draw Fréchet productivity parameters.

First, I parameterize the household utility function. Recall that households gain utility

from consuming, local amenities and sending their child to complete primary school, and face

negative iceberg transport costs. Households differ ex-ante in their origin location, location

preferences, and type. They have utility over an aggregate consumption good CE
jt , this utility

is scaled by movement cost weighted local amenities bjt/κijt which consist of an exogenous

component and a component determined by education opportunities in the region. E and N

type good bundles are CES aggregates of a continuum of differentiated consumption goods

where firms in each location produce differentiated varieties. Recall households are of type

s, are from location, i, move to location, j, and are operating in period, t.

U s
ijt =

bjt
κijt︸︷︷︸

Location

(
Cs

jt

)1−β︸ ︷︷ ︸
Consumption

(45)

Households seek to maximize 45 subject to the budget constraint given below.

P s
jtC

s
jt = ws

jt (46)

Where P s
jt is the Dixit-Stiglitz price aggregator and household wealth varies by household

type. Each household type commands wages from it’s own industry.

In the above equation bjt = b̄jtEjt denotes an individuals draw of local amenities where

Ejt = (rjt)
β is the value of educating your child. κijt is an iceberg-style movement cost, and

α is the proportion of income spent on E-type goods. rjt denotes the value of their child’s

returns to education to the household. This could be specified in many ways, a completely

forward-looking household would denote this as the actual utility the child earns. I take a

more naive, and realistic, view that parents value their child’s education as proportional to

the current local return to education and write rjt =
wE

jt

wN
jt
.

I assume that bjt is type two extreme value (Fréchet) distributed as follows:

bjt ∼ GB
jt, GB

jt(b) = e−TBs
jt b−λs

(47)

{TBs
jt } governs the centrality of the distribution, that is the absolute advantage of place and

λs governs the dispersion of each distribution. This setup produces a gravity equation for mi-

gration across space of exactly the same form as given in the sufficient statistic result. Given
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the above distributional assumption and the timing of decisions, we can solve recursively

first by considering the consumption problem and then the location problem.

Firms produce a differentiated consumption variety q and production occurs under perfect

competition in each location. Labor is the only factor of production. As discussed above

there are two industries/ sectors, firms that produce E type goods and those that produce

N type goods. Sectors are differentiated in two ways. First, sector s firms only employ

individuals with s type education. Second, although firms in both sectors draw idiosyncratic

productivities from type two extreme value distributions, these distributions are based on

different parameters. Type s firms draw productivities z from Gzs

jt (z) = exp {−T zs

jt z
−ϕs}.

Firms have the technology:

Y s
jt(q) = Zs

jt(q)L
s
jt (48)

The price in j of a variety q good from sector s produced in i is given as a constant markup

over marginal cost psijt(q) =
τijt
zsit(q)

ws
it. This set up emits the standard gravity equation as in

section 1.

D.4 Future road upgrading counterfactuals details

Figure 32 Defining road types

Notes: This figure shows graphically the approach taken to categorized roads into primate or hinterland roads. Primate roads
connect hinterland (beige) localities to the primate (purple) locality. Hinterland roads connect two hinterland localities. The
other category subsumes all roads which don’t fall into the previous two categories.
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D.5 Road-locality level analysis

I run regressions at the locality (i) road (r) level where µ̂it is the relative change in local

educational opportunity in locality i due to upgrading road r. Equation 49 summarizes the

regression specification.

µ̂ir = βtk · RoadTypet(r) ·Xki + αr + γc(i) + εri (49)

where Xki is a vector of locality level characteristics consisting of: primary completion rate,

agricultural employment rate, housing quality index, and expected travel time (remoteness).

αr and γc(i) denote road and country level fixed effects. βrk are the coefficients of interest and

allow locality characteristic k to deferentially impact the effect road building has on local

opportunity by road type t. In table 21 I show the results from running equations of the

form given in 49, column (1) looks at locality characteristics without allowing coefficients to

vary by road type, column (2) pools all data and looks at interaction effects and columns

(3), (4), and (5) consider impacts separately by country.

Column (1) of table 21 suggests that localities with lower primary completion rates,

higher agricultural employment rates, higher housing quality, and higher expect travel times

(more remote) are more positively effected by road upgrading on average over all possible

road upgrades. In column (2) I brake these average effects down by road type where roads

are categorized as connecting hinterland locations to the primate city (primate), hinterland

locations to other hinterland locations, or “other” — reported effects are relative to the

“other” category. I find that hinterland connections more negatively affected high primary

completion areas, but primate connections had a more positive effect. Both types of road

had relatively more negative impacts on localities with high agricultural employment rates.

Primate connections were worse for localities with high housing quality, and hinterland

connections were mildly better. Finally, primate connections were worse for more remote

locations.

Finally, columns (3), (4), and (5) breakdown the impact of types of road and locality char-

acteristics by country, that is by network. In general, the large network-specific differences

highlighted above can also be seen here. I find that the large negative impact higher primary

completion rate locations experience with hinterland connections, and positive impacts with

primate connections are driven by Cameroon — with impacts in Mali not varying. On the

other hand although locations with higher agricultural employment rates in both Benin and

Cameroon are more negatively affected by primate locations, in Cameroon such locations
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are more positively effected by hinterland connections and in Benin the result remains neg-

ative. Again, there is no effect in Mali. Again the result linking higher housing quality

with larger effects for both types of roads is driven by Cameroon, with Benin seeing more

muted impacts and Mali little action. Finally, considering remoteness, I find considerable

heterogeneity across locations. In Benin primate roads had little impact on more remote

locations relative to less, whereas in both Cameroon and Mali this impact was significantly

negative. On the other hand in Benin hinterland connections hurt more remote locations

considerably more, but in Cameroon the effect is positive and in Mali there is little impact

at all.
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Table 21 The impact of locality-road level characteristics on µir

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

Overall By Road Type
By Road Type

Benin
By Road Type
Cameroon

By Road Type
Mali

Primary completion -0.0397∗∗∗ 0.0153∗∗ 0.00270 0.0188∗∗∗ -0.115∗∗∗

rate (0.00253) (0.00632) (0.0108) (0.00601) (0.0242)

Primate × 0.0230∗∗ 0.00551 0.0369∗∗∗ -0.0101
Primary completion rate (0.00950) (0.0283) (0.00834) (0.0522)

Hinterland × -0.0739∗∗∗ -0.0214∗ -0.0666∗∗∗ 0.0257
Primary completion rate (0.00691) (0.0114) (0.00683) (0.0297)

Agricultural 0.0341∗∗∗ 0.0708∗∗∗ 0.0917∗∗∗ -0.0941∗∗∗ -0.00986
employment rate (0.00287) (0.00698) (0.00944) (0.0114) (0.0125)

Primate × -0.0396∗∗∗ -0.0780∗∗∗ -0.0376∗∗ -0.00984
Agricultural employment rate (0.0125) (0.0239) (0.0168) (0.0242)

Hinterland × -0.0466∗∗∗ -0.0728∗∗∗ 0.0473∗∗∗ 0.00692
Agricultural employment rate (0.00769) (0.00996) (0.0124) (0.0155)

Housing quality 1.296∗∗∗ 0.986∗∗∗ 0.771∗∗∗ -5.898∗∗∗ 3.125∗∗∗

index (0.0967) (0.237) (0.295) (0.489) (0.367)

Primate × -1.674∗∗∗ -1.202 -2.796∗∗∗ 1.038
Housing quality index (0.450) (0.750) (0.752) (0.709)

Hinterland × 0.500∗ -0.622∗∗ 5.321∗∗∗ -0.134
Housing quality index (0.261) (0.312) (0.527) (0.470)

Log(Expected travel 1.907∗∗∗ 2.318∗∗∗ 14.30∗∗∗ -5.150∗∗∗ -0.899∗∗∗

time) (0.120) (0.267) (0.505) (0.521) (0.304)

Primate × -4.242∗∗∗ 0.828 -3.002∗∗∗ -3.758∗∗∗

Log(Expected travel time) (0.485) (1.349) (0.721) (0.564)

Hinterland × -0.179 -6.457∗∗∗ 6.015∗∗∗ -0.613
Log(Expected travel time) (0.302) (0.538) (0.596) (0.385)

Observations 25744 25744 7144 10140 8460
R2 0.069 0.092 0.584 0.180 0.054

Notes: This table shows the road-locality level impacts of upgrading each road on the relative local educational opportunity in
a given locality. Coefficients are recovered from estimating the following equation:
µ̂ir = βtk · RoadTypet(r) ·Xki + αr + γc(i) + εri and in columns (2) to (5) road-type specific effects are given relative to the

left out category other. Column (1) estimates effects on locality level characteristics only, column (2) interacts such effects
with the category of road being upgraded. In columns (3), (4), and (5) I then restrict the sample to each country in turn.
Standard errors are clustered at the road level and are given in parenthesis below estimates.

D.6 No-roads counterfactual results with alternative parameters

D.6.1 Using parameter values taken from the literature

In this section I compare my baseline results to those under the alternative parameterization

taken from the liturature and presented in the main text. I make this comparison in the

counterfactual where I consider the total impact of roads built since 1970. The bottom line is

that there is little qualitative (or quantitative) difference between results under either set of
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parameters — that is my main findings are robust to my structural parameter identification

procedure.

The correlation between baseline results and results under the alternative parameteriza-

tion is .87. Figure 33 compares the distribution of effects using the baseline and alternative

parameters. Table 22 then compares the relationship between total affects and baseline 1970

remoteness in both parameterisations. Although differences are apparent in both table and

figure, they are not sufficient to alter the qualitative conclusions from either presented in the

text.

Figure 33 Compare the distribution effects of road building since 1970 under the baseline and
alternative parameterization

Notes: This figure shows the distribution over locations of the causal effect of road building since 1970 on local opportunity.
In gray I plot baseline results, replicating figure 6 pooling over all three countries. In orange I plot the analagous results with
the model estimated using the alternative parameters.
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Table 22 Relationship between the total relative effect of
roads built since 1970 and locality remoteness in 1970.
Comparing the baseline and alternative parameterization

(1) (2)

Baseline
With alternative

parameters

Benin × 1970 5.092∗∗∗ 9.472∗∗∗

Remoteness (1.357) (1.300)

Cameroon × 6.995∗∗∗ 9.596∗∗∗

1970 Remoteness (2.409) (1.664)

Mali × 1970 5.468∗∗∗ 7.491∗∗∗

Remoteness (1.299) (0.876)

Observations 156 156
R2 0.334 0.642

Notes: This table correlates 1970 remoteness with the total impact of road
building since 1970 on local opportunity. Column one replicates results from
figure 7 in the main text. Column two presents analogous results under the
alternative parameterization.

D.6.2 Alternative values of β

Figure 34 shows the results from estimating the effects of road building since 1970 on the

spatial distribution of opportunity, varying the β parameter. Recall from the main text that

β governs the relative importance of education to consumption in household utility — higher

β means education is valued more. To produce figure 34 I pick a value of β, re-estimate the

remaining structural parameters using the sufficient statistic result and then using the new

set of parameters use the model to estimate the total effect of road building. Figure 34 shows

lower values of beta in darker orange (starting at 0.01) and higher values in lighter orange

(ending at 0.95). Although high values of β are clearly associated with a more dispersed

distribution, it’s clear from figure 34 that for any reasonable values of β, results are not

significantly changed.
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Figure 34 Comparing the distributional effects of road building since 1970 under various values of
β

Notes: This figure shows the distribution over locations of the causal effect of road building since 1970 on local opportunity.
Each line gives the results for a different value of β, darker orange lines correspond to lower values (starting at 0.01) and higher
lines to higher values (ending at 0.95). Lines move in increments of 0.05.

124


	pbs@ARFix@2: 
	pbs@ARFix@3: 
	pbs@ARFix@4: 
	pbs@ARFix@5: 
	pbs@ARFix@6: 
	pbs@ARFix@7: 
	pbs@ARFix@8: 
	pbs@ARFix@9: 
	pbs@ARFix@10: 
	pbs@ARFix@11: 
	pbs@ARFix@12: 
	pbs@ARFix@13: 
	pbs@ARFix@14: 
	pbs@ARFix@15: 
	pbs@ARFix@16: 
	pbs@ARFix@17: 
	pbs@ARFix@18: 
	pbs@ARFix@19: 
	pbs@ARFix@20: 
	pbs@ARFix@21: 
	pbs@ARFix@22: 
	pbs@ARFix@23: 
	pbs@ARFix@24: 
	pbs@ARFix@25: 
	pbs@ARFix@26: 
	pbs@ARFix@27: 
	pbs@ARFix@28: 
	pbs@ARFix@29: 
	pbs@ARFix@30: 
	pbs@ARFix@31: 
	pbs@ARFix@32: 
	pbs@ARFix@33: 
	pbs@ARFix@34: 
	pbs@ARFix@35: 
	pbs@ARFix@36: 
	pbs@ARFix@37: 
	pbs@ARFix@38: 
	pbs@ARFix@39: 
	pbs@ARFix@40: 
	pbs@ARFix@41: 
	pbs@ARFix@42: 
	pbs@ARFix@43: 
	pbs@ARFix@44: 
	pbs@ARFix@45: 
	pbs@ARFix@46: 
	pbs@ARFix@47: 
	pbs@ARFix@48: 
	pbs@ARFix@49: 
	pbs@ARFix@50: 
	pbs@ARFix@51: 
	pbs@ARFix@52: 
	pbs@ARFix@53: 
	pbs@ARFix@54: 
	pbs@ARFix@55: 
	pbs@ARFix@56: 
	pbs@ARFix@57: 
	pbs@ARFix@58: 
	pbs@ARFix@59: 
	pbs@ARFix@60: 
	pbs@ARFix@61: 
	pbs@ARFix@62: 
	pbs@ARFix@63: 
	pbs@ARFix@64: 
	pbs@ARFix@65: 
	pbs@ARFix@66: 
	pbs@ARFix@67: 
	pbs@ARFix@68: 
	pbs@ARFix@69: 
	pbs@ARFix@70: 
	pbs@ARFix@71: 
	pbs@ARFix@72: 
	pbs@ARFix@73: 
	pbs@ARFix@74: 
	pbs@ARFix@75: 
	pbs@ARFix@76: 
	pbs@ARFix@77: 
	pbs@ARFix@78: 
	pbs@ARFix@79: 
	pbs@ARFix@80: 
	pbs@ARFix@81: 
	pbs@ARFix@82: 
	pbs@ARFix@83: 
	pbs@ARFix@84: 
	pbs@ARFix@85: 
	pbs@ARFix@86: 
	pbs@ARFix@87: 
	pbs@ARFix@88: 
	pbs@ARFix@89: 
	pbs@ARFix@90: 
	pbs@ARFix@91: 
	pbs@ARFix@92: 
	pbs@ARFix@93: 
	pbs@ARFix@94: 
	pbs@ARFix@95: 
	pbs@ARFix@96: 
	pbs@ARFix@97: 
	pbs@ARFix@98: 
	pbs@ARFix@99: 
	pbs@ARFix@100: 
	pbs@ARFix@101: 
	pbs@ARFix@102: 
	pbs@ARFix@103: 
	pbs@ARFix@104: 
	pbs@ARFix@105: 
	pbs@ARFix@106: 
	pbs@ARFix@107: 
	pbs@ARFix@108: 
	pbs@ARFix@109: 
	pbs@ARFix@110: 
	pbs@ARFix@111: 
	pbs@ARFix@112: 
	pbs@ARFix@113: 
	pbs@ARFix@114: 
	pbs@ARFix@115: 
	pbs@ARFix@116: 
	pbs@ARFix@117: 
	pbs@ARFix@118: 
	pbs@ARFix@119: 
	pbs@ARFix@120: 
	pbs@ARFix@121: 
	pbs@ARFix@122: 
	pbs@ARFix@123: 
	pbs@ARFix@124: 
	pbs@ARFix@125: 


