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Abstract
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opportunity in spatial equilibrium. I show that roads have two effects: they enable
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estimate the model using digitised historical road maps in Benin, Cameroon, and Mali,
combining a movers design with a novel instrument that isolates indirect variation in
connectivity. I find that road building since 1970 increased the causal effect of place
on primary school completion by 12.5% on average. The first channel, moving to
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opportunity, is sufficiently large to leave 15% of locations worse off in aggregate.
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1 Introduction

Where you grow up is an important determinant of the education you complete. Indeed,

local returns to education depend on access to jobs that reward schooling. I focus on the

low- and low-middle-income country setting of Benin, Cameroon, and Mali | where spatial

di�erences in returns are starkest (Bryan et al., 2020; Gollin et al., 2014; Gollin et al., 2021;

Lagakos, 2020) but we know the least about how to a�ect them. In this paper, I argue

that road building shapes the spatial distribution of educational opportunity by changing

access to, and the geography of, such jobs. Reducing spatial frictions directly enables moves

to opportunity by lowering travel costs. However, as households and �rms endogenously

react in spatial equilibrium, the underlying geography of high-return locations itself shifts.

Through this second channel, opportunity could move away from a given location: Reducing

spatial frictions need not be Pareto-improving.

To understand how road building shapes the geographic distribution of opportunity, I

�rst build a quantitative spatial economics model embedded within the canonical place-e�ects

framework. This model delivers a reduced-form relationship between education decisions and

market access that I can then take to the data using historical road maps I digitised. To

estimate this relationship, I employ a dual identi�cation strategy using plausible exogenous

variation in market access to overcome the endogeneity of road placement and a movers de-

sign to separately identify place-e�ects from sorting. Finally, using the reduced form results

to recover model parameters, I then leverage the full structure of the model to estimate

the aggregate e�ects of road construction and quantify mechanisms. By shutting down en-

dogenous responses, I can decompose each location-speci�c aggregate e�ect of road building

into that due to greater moves to opportunity and that due to the underlying geography of

opportunity moving.

I estimate the reduced-form impact of changing connectivity on local educational op-

portunity, using data from historical road maps that I digitise, and national censuses in

Benin, Cameroon, and Mali. By studying all three countries in Sub-Saharan Africa with

su�cient data, I can show external validity across road networks and test mechanisms in

di�erent settings. Local educational opportunity is de�ned following the place-e�ects liter-

ature as the causal e�ect of growing up in a given location on the probability of completing

primary school (Alesina et al., 2021; Chetty and Hendren, 2018b; Milsom, 2023).1 I then

estimate the theory-derived log-linear relationship between primary school completion and

1I focus on primary school completion for three main reasons. First, measures of income commonly used
in high-income countries are less appropriate in this setting, where the majority of workers are not waged,
and subsistence agriculture is common. Second, primary school completion is the most salient margin of
education in my setting, with only 7% of my overall sample going on to complete secondary school. Third,
primary school completion is widely available in data sources with su�cient geographic granularity and size
to be amenable to my analysis.
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local market access by combining a movers design (Chetty and Hendren, 2018a; Chetty and

Hendren, 2018b; Chiovelli et al., 2025) with plausibly exogenous variation in market access

using a novel instrument. This instrument isolates the indirect component of changes in

market access due to the impact of roads rippling through the network. Simulation and

graphical evidence show this strategy performs well when roads are placed endogenously. I

�nd that growing up in a one standard deviation higher market access location increases the

probability of completing primary school by 7 percentage points (12%) on average.2

To understand the aggregate e�ect of road building, I leverage the full structure of the

model. The model builds on Hsiao (2024), Allen et al. (2020), and Chetty and Hendren

(2018a) by endogenising place-e�ects in spatial equilibrium, allowing �rms and workers, as

well as wages and prices, to adjust in response to a change in trade and migration costs.

Solving the model in changes and recovering parameters from the reduced-form estimates

allows me to perform counterfactual analysis. I �nd that road building since 1970, on

average, increased local opportunity by 12.5%. However, this average hides considerable

heterogeneity: 15% of locations saw negative aggregate e�ects, and a �fth of locations saw

increases in excess of 20%. These exercises show that road building is an e�ective policy

lever in moving the spatial distribution of opportunity in Benin, Cameroon, and Mali, but

also one where location-speci�c heterogeneity is important, and e�ects need not be Pareto

improving.

I then decompose the location-speci�c e�ect of roads into two channels: the direct e�ect

of enabling moves to opportunity and the spatial equilibrium force of opportunity moving.

The direct e�ect of improving roads explains 84% of the average impact and is positive

everywhere because lower travel costs make a wider range of locations worth moving to.

Without endogenous equilibrium responses, reducing spatial frictions is always Pareto im-

proving. The spatial-equilibrium force of opportunity moving is, on average, also positive,

as fewer frictions allow economic activity to allocate more e�ciently across space. However,

this channel also generates losers as activity concentrates in some locations, and others are

left behind. Further decomposing the spatial-equilibrium channel, I �nd that labour market

adjustment alone is negative. In-migration to high-wage locations depresses wages, 
atten-

ing the distribution. However, goods market adjustment o�sets this, as higher-population

locations also attract higher demand. Although these forces are somewhat balanced on aver-

age, they bite to di�ering degrees at the individual location level. The 10th percentile of the

isolated endogenous spatial equilibrium response is -5.8pp, and the 90th percentile is +8.8pp.

Many locations with little direct exposure to road building experience large e�ects through

2I develop this instrumental variables strategy because neither placebo roads (Donaldson, 2018), nor
plausible incidental connections (Banerjee et al., 2020) are available in my setting. The reduced form result
is robust to reasonable variations in speci�cation, only using within-family variation in exposure to locations,
and controlling for endogenous exposure to exogenous shocks (Borusyak and Hull, 2023).
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endogenous responses alone. For a sizable minority, the moving distribution of opportunity,

rather than moving to opportunity, is the dominant force.

The main contribution of this paper is to demonstrate that road building alters the ge-

ographic distribution of educational opportunity and that spatial equilibrium responses can

leave some locations worse o�. In showing this I contribute to the literature studying the

geography of opportunity by treating place e�ects as equilibrium objects rather than param-

eters to be estimated (Chetty and Hendren, 2018a; Chetty and Hendren, 2018b; Deutscher,

2020; Lalibert�e, 2021; Van Maarseveen, 2025; Alesina et al., 2021; Rojas Ampuero, 2022;

Chetty et al., 2016; Chiovelli et al., 2025). Relative to Chyn and Daruich (2025), and Eckert

and Kleineberg (2024) who consider place e�ects in a general equilibrium setting, I study the

central policy lever of road building in a low and low-middle income country setting where

spatial misallocation is most severe (Bryan et al., 2020; Gollin et al., 2014; Lagakos, 2020). I

also contribute to the literature on education and roads in low- and middle-income countries,

which has focused on reduced-form e�ects of connections on education (Adukia et al., 2020;

Asher and Novosad, 2020; Mukherjee, 2012), and work on the general-equilibrium e�ects

of education investments, which has not considered transport infrastructure (Hsiao, 2024;

Khanna, 2023; Fujimoto et al., 2025; Desmet et al., 2025). I combine these approaches, and

in doing so can show not only that roads a�ect the impact of place on education, but also

how spatial equilibrium responses mediate that e�ect.

Methodologically, I contribute in two ways. First, I build a quantitative spatial economics

model with education choice embedded within a place-e�ects framework (Redding and Rossi-

Hansberg, 2017; Allen et al., 2020) that delivers a market-access su�cient statistic (Donald-

son and Hornbeck, 2016), and allows costly migration and trade (Morten and Oliveira, 2024;

Bryan and Morten, 2019; Adamopoulos, 2025; Tsivanidis, 2026; Sotelo, 2020). Relative to

Hsiao (2024), who models education choice in a spatial setting focusing on the supply e�ects

of new schools, I endogenise the geographic distribution of returns to education in spatial

equilibrium. Second, to identify reduced-form impacts and recover model parameters, I de-

velop a novel identi�cation strategy that isolates indirect changes in market access. This

contributes to the literature on identifying the causal e�ects of transport infrastructure by

developing an approach that performs well in simulations, builds upon the far-away variation

approach (Jedwab and Storeygard, 2021; Donaldson and Hornbeck, 2016), and can be used

when planned & historical routes or incidental connections are not available (Donaldson,

2018; Baum-Snow, 2007; Baum-Snow et al., 2017; Duranton and Turner, 2012; Banerjee

et al., 2020; Faber, 2014; Ghani et al., 2016; Michaels, 2008; Fenske et al., 2023).

The rest of this paper proceeds as follows: section 2 describes the setting and data,

section 3 elucidates the model, section 4 explains the identi�cation approach and presents

the reduced form regression results, section 5 quanti�es the impact of road building since
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1970 and considers mechanisms, and �nally section 6 concludes.

2 Setting & data: Benin, Cameroon, & Mali 1970-2020

Benin, Cameroon, and Mali form an excellent setting to study how connectivity shapes

spatial inequality, as well as each country being an important setting in which to study

these questions in and of themselves. This is for three main reasons. First, each displays

substantial historical variation in local connectivity due to road building, providing su�cient

variation to estimate causal e�ects. However, each country also has signi�cantly di�erent

road networks and trajectories | allowing me to test the mechanisms in di�erent settings.

Second, low baseline paved road coverage and high projected urbanisation and population

growth make road infrastructure investment an imminent policy priority.

Third, Benin, Cameroon, and Mali also have the advantage of being the only countries

in sub-Saharan Africa with data su�ciently rich to identify the impact of changes in con-

nectivity on the causal e�ect of place on primary education completion. To estimate causal

place e�ects using a movers design with cross-sectional data, it is necessary to observe where

an individual is when the census was taken, their previous location, their birth location,

and how long they have resided in their current location. To uncover causal place e�ects,

previous research (Chetty and Hendren, 2018a; Lalibert�e, 2021; Deutscher, 2020) has mainly

relied on administrative data that is not typically publicly available. This data is necessary

for these studies to observe full migration histories and to match child and parent outcomes

over long time frames. Such rich data is not needed to estimate place e�ects in the censuses I

use; it is possible to discern migration histories from cross-sectional evidence. In addition to

migration information, I require data on primary education completion,3 and age, at a gran-

ular and consistent geographic level over multiple cross-sectional waves. Only three countries

in Sub-Saharan Africa | Benin, Cameroon, and Mali �t the stringent data requirements.

2.1 Historical context

The histories of road development in the three countries share a common arc, with informa-

tive di�erences. In all three cases, modern road corridors trace their origins to colonial-era

infrastructure built for military control and resource extraction | the French in Benin and

Mali, the Germans and subsequently the British and French in Cameroon (Tchindjang et al.,

3In Benin, Cameroon, and Mali, education is compulsory for the �rst six years of schooling between the
ages of 6 and 11/12, which covers primary school. Benin has a 6-4-3 education system; those who state
they attend Islamic school are dropped from the sample. See Appendix L for details. Cameroon has a dual
education system with a French-speaking 6-4-3 structure and a minority English-speaking 7-5-2 structure
in some parts of the country; this is mapped onto the 6-4-3 system in my data. Any such location-speci�c
di�erences will be taken into account in my analysis. Mali follows a 6-3-3 system during the period I study.
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2005). Although in Benin, road infrastructure has antecedents in precolonial state forma-

tion. For example, the Kingdom of Dahomey maintained a formalised \Royal Road" that

linked the Atlantic port of Whydah (Ouidah) to the royal capital at Abomey (Alpern, 1999).

After independence in 1960, Benin and Mali entered a period of political instability that con-

strained long-horizon transport investment: military coups reshaped government in Benin

(1972) and Mali (1968), while Cameroon's institutional environment was disrupted by the

shift from a federal to a unitary state in 1972. In all three, World Bank �nancing became

the dominant external driver of road construction from the 1970s onward (World Bank,

1982; World Bank, 1970; International Development Association, 1981), and each country

eventually established a dedicated Road Fund | Cameroon by the late 1990s, Mali in July

2002, and Benin under parallel mechanisms | re
ecting a shared institutional response to

chronic deferred maintenance problems. A common in
ection point is the shift from network

expansion toward maintenance of existing stock, occurring at di�erent moments between the

mid-1980s and early 2000s in each country, typically following macroeconomic stress and

structural adjustment.

Despite this shared arc, there are signi�cant di�erences between each country. First,

the supranational institutional environment driving road investment di�ers sharply between

Cameroon and the other two countries. Benin and Mali are both members of the West

African Economic and Monetary Union (UEMOA), which in 2001 adopted a Community

Action Program for Infrastructure and Road Transport (PACITR), de�ning priority inter-

state corridors for upgrading across member states. Additionally, Benin's position as a

coastal transit country adds a further layer to its road-building history that is absent from

Mali and Cameroon. On the other hand, Cameroon, as a Central African Economic and

Monetary Community (CEMAC) member, faced a di�erent regional corridor logic oriented

toward connecting the landlocked economies of Chad and the Central African Republic to the

port of Douala, which accounts for a substantial bulk of Central African transit tra�c. This

means that the external drivers of road building in Cameroon are not only institutionally

distinct from those in Benin and Mali, but geographically oriented in a di�erent direction

| toward Central Africa rather than intra-West African integration.

Additionally, Mali's landlocked status naturally changes its road-building logic. Mali's

external trade has historically depended on long overland corridors to coastal ports | pre-

dominantly the Abidjan corridor, which handled the large majority of Mali's trade until

instability in Côte d'Ivoire in the early 2000s forced a reorientation toward Dakar and Tema.

While the Niger River provides seasonal navigability across roughly 1,800 km of the country,

it functions as a partial and unreliable substitute for roads, con�ned to the high-water season

of approximately June through December in normal rainfall years. Road-building decisions

in Mali have consequently been shaped heavily by the transit corridor logic of connecting
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Bamako to coastal ports, with an additional overlay | distinct from the other two countries

| of large areas of desert in the north of the country.

Appendix section A provides more detail on the historical context and its relevance for

road building in each country.

2.2 Census data

I use rich and comprehensive census data to deduce variation in local opportunity. I use data

on 8 million observations from 1976 to 2013, across 163 localities from every available census

from Benin, Cameroon, and Mali.4 In the censuses described, I can geo-locate individuals at

the second administrative unit level. These localities have a median population of 267,000

across all samples. Benin's Communes have a median population of 103,000 with an inter-

quartile range of 71,000 to 173,000. Mali's circles have a median population of 308,000 with

an inter-quartile range of 197,000 to 520,000. Cameroon's departments have a median pop-

ulation 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. In Benin, I use censuses from 1992,

2002, and 2013, encompassing over 2.2 million individual-level observations in 77 consistent

localities (Communes). In Cameroon, I use censuses from 1976, 1987, and 2005, covering over

3.4 million individual-level observations in 39 consistent localities (Departments). Finally,

in Mali, I use censuses from 1998 and 2009, giving over 2.4 million individual-level observa-

tions in 48 consistent localities (Circles). In total, this gives me a sample of over 8 million

individual-level observations across 163 localities and 444 locality-year cells. A bene�t of

using this data is that it is freely and publicly available from IPUMS International.

I use the causal e�ect 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 later life income, as used in other contexts,

is appropriate here. Additionally, data on primary completion rates are available at a �ne

geographic level over time and are less likely to su�er from signi�cant measurement error.

Second, primary completion rates are correlated with opportunity more broadly de�ned in

later life. In this setting, individuals who have completed primary school are less likely to

work in agriculture, have better housing quality, and higher incomes (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

4Data is accessed from IPUMS (2020) and consists of 10% samples, with thanks to the National Institute
of Statistics and Economic Analysis in Benin, the Central Bureau of Census and Population Studies in
Cameroon and the National Directorate of Statistics and Informatics in Mali, who provided the underlying
data.
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local opportunity, primary education completion cannot speak to all potential dimensions,

and so opportunity in this paper should be taken to mean localeducational opportunity.

2.3 The changing geography of connectivity: Digitising historical

Michelin road maps

Road data comes from historical Michelin maps, which I have digitised from the following

years: 2019, 2012, 2003, 1986, 1976, and 1969. In these maps, it is possible to consistently

classify roads into highways, paved roads, improved roads (laterite or gravel), and dirt roads.

This classi�cation 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, especially 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 digitised

version.

Figure 1 Digitizing Michelin road maps | Cameroon 2019

(a) Michelin map (b) Digitized map

Notes: This �gure shows in panel 1a the original Michelin road map of Cameroon in 2019 and in panel 1b the digitised
version. In panel 1b, thick red lines are paved roads, dark black lines are improved roads, and grey lines are dirt
tracks. Note that in panel 1a the colour of roads denotes their importance/ frequency of use for long-range trucking
and does not necessarily re
ect 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
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Michelin tyre stores across Africa, and �nally direct correspondence from users. It is gen-

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

Indeed, the success of Michelin maps relied on them being a trustworthy source of informa-

tion, 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 �lling) are not

captured. This may be a particular issue in the more recent years, as it is expected that a

greater proportion of road spending re
ects this unobserved variation.

3 A model of place e�ects in spatial equilibrium

In this section, I develop a quantitative spatial economics model of education choice that

embeds the place-e�ects framework of Chetty and Hendren (2018a) into a spatial equilibrium

with endogenous wages and prices, building on Hsiao (2024) and Allen et al. (2020). The

model serves three purposes. First, it delivers market access as the su�cient statistic linking

road infrastructure to local educational opportunity, providing a principled way to measure

the impact of any road, given its position within the entire network and the pre-existing

distribution of economic activity. Second, it motivates the reduced-form estimating equation

that I take to the data in Section 4, which also allows me to recover structural parameters.

Third, it provides the structure needed to recover the aggregate e�ects of road building and

decompose them into the \moving to opportunity" and \opportunity moving" channels in

Section 5.

I take as my point of departure the place-e�ects literature, where outcomes,Yk , for

individuals k depends on factors speci�c tok and those speci�c to wherek grew up, denote

by i (k; a), the location wherek was at agea. In this paper, I am interested in the outcomeYk ,

a dummy variable that indicates whether or not an individual has completed primary school.

Following Chetty and Hendren (2018a) and others, I assume that place and individual e�ects

are additively separable. Given this, I can decompose outcomes into that due to place e�ects

and that due to individual e�ects as in equation 1.

Yk =
X

a

� i (k;a) + � k (1)

Place e�ects are denoted by� i where i is a given location, and� k captures place-invariant

individual-speci�c e�ects. In this section, I provide a structural interpretation for this ex-
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pression in the case where the outcome of interest is schooling. To do this I develop a

quantitative spatial economics model of education and location choice. This model follows

Hsiao (2024), extending his framework by endogenising education demand in spatial equi-

librium.

Timing and dynamics.

Individuals are born in a given periodt in an origin location i . They will stay and be educated

in i before choosing a locationj to move to in adulthood.5 Individuals receive education

shocks� k and a vector of location-speci�c skill shocksf " jk g. They choose educationek after

observing their education shock, but before observing their skill shocks, they then observe

skill shocks before choosing their migration location. After migrating, each migrant has one

child who will be educated in their parents' migration location.

This framework displays cross-generation dynamics because the previous period's mi-

gration patterns determine the next period's young who become educated and themselves

choose where to migrate. However, within an individual, all choices happen within the

same period, avoiding the need to consider dynamic choices. I will also make the simpli-

fying assumption that individuals do not consider the utility of their unborn child when

considering education choices or migration decisions. The dynamics in this framework are

therefore those of spatial equilibrium and will be captured entirely by population movements.

Education.

Individuals chooseek to maximise expected future utility during work, subject to education

costs.

e�
k = arg max

e
f �vit (e) � cit (e; �k)g (2)

Where �vit (e) is the future expected utility, and cit (e; �k) is the cost of education in lo-

cation i in period t and is subject to the education shock� k . I parameterise costs as a

linear function of education cit (e; �k) = e � � educ
it � � k . Individuals move in adulthood to

the location that maximises their utility subject to location-speci�c shocks" jk , therefore:

�vit (e) = E[maxj vijt (e; "jk )je].

Utility .

Individuals with education e gain utility from working and living in a given location j in

period t, which comprises of three components. First, individuals gain utility from local

amenities ajt , second from real wage incomewjt =Pjt , and thirdly are subject to iceberg

migration costs (� m
ijt )� 1. Real wage income is given bywjt =Pjt = r jt

Pjt
hjt wherer jt =Pjt is the

5Therefore, in this simple version of the theory, I restrict equation 1 to the single-location setting.

9



real wage per unit of human capital andhjt is the quantity of human capital acquired. This

is a non-linear function of education completedhjt = e� " j , where" j are the location-speci�c

skills shocks that will be resolved before choosing location and are distributed as a type two

extreme value distribution with parameter� . The utility of an individual born in i , moving

to j can therefore be written as follows.

vijt = ajt �
�

r jt

Pjt
e� " j

�
�
�
� m

ijt

� � 1
(3)

Using this equation and leveraging properties of type two extreme value distributions, I can

therefore write an expression for expected utility.

�vit (e) = E[max
j

vijt (e; "j )je] = e�
X

j

� ijt
ajt r jt

Pjt � m
ijt

E[" j jj ] (4)

Where � ijt is the probability that an individual moves to j from i in period t. By considering

the migration choice problem, this object can be characterised.

Migration.

Individuals choose locationj to migrate to, taking educatione as given. As" j has a type two

extreme value, the utility representation given in 3 results in the familiar gravity formulation

for migration probability � ijt .

� ijt =

�
ajt

r jt

Pjt
(� m

ijt )� 1
� �

P
q

�
aqt

r qt

Pqt
(� m

iqt )� 1
� � (5)

Note that using properties of the type two extreme value distribution, I can also write

E[" j jj ] = 
� � 1=�
ijt , where
 = �(1 � 1

� ) and �( �) is the Gamma function. Putting this together

with equation 5, equation 4 can be simpli�ed to the following.

�vit (e) = 
e �

 
X

j

�
ajt

r jt

Pjt
(� m

ijt )� 1

� �
! 1

�

= 
e � MA
1
�
it (6)

Where market access is de�ned as the local availability of high utility (high amenity and or

real wage) locations MAit =
P

j

�
ajt

r jt

Pjt
(� m

ijt )� 1
� �

. The bene�ts of education are therefore

tied to the local availability of high returns to education. Local changes to connectivity will

make it easier for individuals to move to high-return locations, and this is well captured

within this framework. However, changing connectivity may also alter the distributions of

local returns itself. To capture this force, of opportunity moving, I endogenise local wages
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and prices.

Endogenous local real wages.

Firms produce location-speci�c di�erentiated goods under within-location perfect compe-

tition but are subject to iceberg trade costs denoted by� t
ijt . Individuals have CES pref-

erences over local varieties with an elasticity of substitution� . Human capital is the

only factor of production. Perfect competition implies that price equals marginal cost,

pjt = r jt =Bjt where B jt is j; t -speci�c productivity. CES preferences and iceberg trade

costs imply a familiar gravity equation in trade, which in turn gives the usual price aggrega-

tor P1� �
jt =

P
i (�

t
ijt r it =Bit )1� � = TMA jt . Similarly, assuming symmetric trade costs, given

human capital, and assuming goods markets clear, I have thatYjt = r jt H jt = p1� �
jt TMA jt .

Solving the implied system I �nd r jt = ( H � 1
jt TMA jt )1=� B (� � 1)=�

jt . WhereH j is the total local

stock of human capital in a given location.

Solving education choice.

Using the above derivations, the choice problem of an individual,k, can be solved to �nd

the following.

ln(ek) = � +
1

� (1 � � )
ln (MA it ) �

1
1 � �

ln(� educ
it ) �

1
1 � �

ln(� k) (7)

Where � = 1
1� � ln(
� ). This equation encapsulates the place e�ects model. It can be

rewritten in the form given in equation 1 by noting that place-e�ects are captured by:

� it = 1
� (1� � ) ln (MA it ) � 1

1� � ln(� educ
it ). Individual-speci�c e�ects are given by the �nal term,

� k = � 1
1� � ln(� k). Those with higher education skill shocks (lower� k) will complete more

education irrespective of local conditions. Those who grow up in locations with higher market

access or lower costs of education will complete more education, irrespective of their skill

shock.

The sensitivity of educational outcomes to changes in market access depends on two

parameters� and � . The parameter � > 0 captures the dispersion of location-speci�c skill

shocks. Larger� implies less dispersed location-speci�c skill, and so higher migration sen-

sitivity to changes in local (real) wages. Therefore, a higher� implies a lower sensitivity of

education choices to market access as the impact of any location-speci�c changes is smoothed

out to a greater degree through increased migration. The parameter� 2 (0; 1) captures the

concavity of the human capital production function. An� closer to 1 implies slower decreas-

ing returns to education and thus greater sensitivity of education completion to incentives to

educate, including changes to market access. With only variation in market access, these two

channels cannot be separately identi�ed, and instead only the bundle� = ( � (1 � � )) � 1 can
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be identi�ed. However, this combination is still informative about the reduced form e�ect

of changing connectedness on local opportunity | and it is to identifying this relationship

that I now turn.

4 Reduced form: The impact of market access on local

opportunity

There are two key challenges associated with taking equation 7 to the data. First, mea-

surement: I need to be able to measure a location's market access and how this changes

over time. Second, identi�cation. As � educ
it and � k are not observed, but likely correlated

with market access, a pair of strategies needs to be developed to allow� to be identi�ed.

Approximating ek with a primary school completion indicatorYk , I can write equation 7 in

a regression form as:

Yk = � + � � ln (MA it ) + vk (8)

Where the error term is given byvk = � 1
1� � ln(� educ

it ) � 1
1� � ln(� k). This formalisation allows

a clear elucidation of the two key empirical challenges. First, individuals may select into

better locations, causing a correlation between ln(MAit ) and ln(� k). Second, locations with

higher market access may also be conducive to education for endogenous reasons, causing

a correlation between ln(MAit ) and ln(� educ
it ), where note � educ

it can be interpreted as all

unobserved factors relating to the cost (or bene�t) of education ini in period t.

4.1 Measuring market access

The market access of a given location increases in the distance weighted power-sum of oppor-

tunities available in said location MAit =
P

j

�
ajt

r jt

Pjt
(� m

ijt )� 1
� �

. However none ofajt ; r jt ; Pjt

or � ijt are observed in the data. To overcome this, a location's market access can be writ-

ten in a more convenient way. Note thatL jt =
P

i � ijt L it =
�

ajt
r jt

Pjt

� � P
i (�

m
ijt )� � L it MA � 1

it .

Denote gMA it =
P

j (�
m
ijt )� � L jt MA � 1

jt . As shown by Donaldson and Hornbeck (2016) the only

solution for this series of equations is that MAit = agMA it for some constanta. Thus, up

to scale, MAit =
P

j (�
m
ijt )� � L jt MA � 1

jt . This expression can be taken to the data asL jt is

observed. To calculate market access onlyTijt = ( � m
ijt )� � needs to be estimated.

4.1.1 Calculating time-varying location-to-location travel times

I parameterise the iceberg travel costs as depending oni to j travel times over the road

network prevailing at time t, denoted ast ijt . These times are estimated using the prevailing

road network at time t using Dijkstra's algorithm. Data on the road network is generated
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from historical road maps that I digitise, and travel times over the four road categories are

taken from Jedwab and Storeygard (2021). The online appendix section D details howt ijt

is calculated. I then parameterise these costs in a log-linear fashion such that ln(Tijt ) =

� � � ln(� m
ijt ) = � ~� � ln(t ijt ), where ~� = b � � . Therefore, to calculate market access, it only

remains to estimate~� .

4.1.2 Estimating ~�

We can estimate ~� using a standard gravity migration equation coupled with data from

the censuses on locality-to-locality moves in each period. From the theory the number

of individuals moving from i to j in period t can be written asM ijt = � ijt L it given the

previously derived expression for� ijt and including �xed e�ects results in the following

framework given in equation 9. Where� it and � jt denote origin-time and destination-time

�xed e�ects respectively.

ln(M ijt ) = � ~� � ln(t ijt ) + � it + � jt + " ijt (9)

This theory-consistent gravity equation can be estimated using pseudo Poisson maximum

likelihood (Silva and Tenreyro, 2006; Yotov et al., 2016) to �nd~̂� = �̂ � b̂. By including this

rich set of �xed e�ects, this speci�cation only uses variation in travel times stemming from

bilateral travel costs. For example, a common threat to identi�cation would be that as a

location becomes more attractive, planners are more likely to build better connections to

this location. Conversely, planners might build connections to a previously 
agging location

in order to galvanise it. In either case, such behaviour would be captured by the �xed e�ects

in this speci�cation.

Any remaining threats to identi�cation must operate at the bilateral level. One �rst-order

concern of this type is that bilateral cultural ties between two locations may both in
uence

migration and the strength of the road connection between these places. In this case cultural

ties, denoted byctijt , would be an omitted variable potentially biasing~̂� . Using data from

Weidmann et al. (2010), I can control directly for the group similarity between locations.

More generally, one may be concerned that a planner builds better connections between

two locations in order to facilitate existing or encourage new migration between these two

places. If this were the case, changes in travel time due to road building and upgrading may

be for reasons endogenous to migration rates. Moreover, preexisting strong connections may

be due to great social or economic ties, which may also encourage greater bilateral migration.

To overcome these concerns, I �rst consider estimating the gravity equation in the cross-

section only, and second, consider using straight-line \as the crow 
ies" bilateral centroid

distances as opposed to the estimated travel costs, which use the actual road network.
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Table 1 shows the results from estimating equation 9 using the approaches described

above. These estimates show remarkable stability across speci�cations. Due to this con-

sistency, the �rst column is taken as the preferred speci�cation, leading to an estimate of

� ~� = � 1:516. Few estimates of this parameter are available in the literature from a develop-

ing country. Perhaps most informative Morten and Oliveira (2024) estimates an elasticity of

-1.698 using meso-to-meso migration over a �ve-year period in Brazil. The estimating sample

and context are very di�erent between these two settings, but it is nevertheless reassuring

that both estimates are similar.

Table 1 Estimating the Migration Elasticity

(1) (2) (3) (4) (5) (6) (7)
PPML PPML OLS OLS PPML PPML PPML

Log(Travel time) -1.516��� -1.494��� -1.418��� -1.417��� -1.482��� -1.510���

(0.0379) (0.0388) (0.0203) (0.0203) (0.0388) (0.0460)

Group Similarity 0.106 0.124 0.0140
(0.110) (0.119) (0.128)

Log(Dist. Crow) -1.244���

(0.0411)

Destination-time FE X X X X X X X
Origin-time FE X X X X X X X
Sample Panel Panel Panel Panel Panel X-section X-section
Winsorised 1 & 99 1 & 99
N 26234 26234 13616 13616 26234 9450 9450

Notes: This table shows the results from estimating equation 9 using various speci�cations. All speci�cations use destination-
time and origin-time �xed e�ects with standard errors clustered at the origin-destination pair level. Column one uses PPML,
column two also uses PPML, and winsorizes migration 
ows at the 1st and 99th percentile. Columns three and four instead
use a log-linear OLS speci�cation. Column �ve again uses PPML controlling for group similarity. Columns six and seven move
to the cross-section, taking the �rst available year of data; in both of these columns, group similarity is controlled for. In
column seven, instead of using travel times estimated from the actual road network, I use as-the-crow-
ies centroid-to-centroid
distances.

With estimates of ~� , in hand using bilateral travel times I can then calculate each loca-

tion's market access: MAit =
P

j t � 1:516
ijt L jt MA � 1

jt . This is a series of non-linear equations

across locations, which can be e�ciently solved using an iterative procedure and has a unique

up-to-scale solution (Donaldson and Hornbeck, 2016). Table B.1 in the online appendix

shows that estimates of~� are stable across countries and years.
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4.2 Identifying the reduced form e�ect of market access on local

opportunity

To identify the causal e�ect of market access on local opportunity, I combine a movers design

with a market access instrumental variables strategy that leverages plausibly exogenous

sources of variation.

4.2.1 Movers Design

The movers' design uses variation in exposure to di�erent levels of market access by compar-

ing individuals who moved to high market access locations earlier in their childhood to those

who moved later and so were less exposed. This allows selection into high-quality (high mar-

ket access) locations, but requires that selection does not vary systematically with the age

at which the child moves. This is the standard assumption in this literature, that previous

work has interrogated (Milsom, 2023). However, due to its importance for identi�cation, I

perform various robustness and validation exercises probing it in section 4.4.

To operationalise the movers' design, I restrict my sample to one-time movers who are

between the ages of 14 and 18 at the time of being surveyed, but could have moved at any

age prior. In my sample, 81% of individuals in this age range have not moved, 13% have

moved once, and 6% have moved more than once. I then make the simplifying assumption

of a linear dose e�ect following earlier work in this setting (Milsom, 2023; Alesina et al.,

2021). Under this assumption, what matters for an individual is their exposure to market

access during their childhood. I compare children in the same cohort who move from the

same origin location to destination locations with di�erent levels of market access at di�erent

ages. Leveraging only variation in the age-at-move, I can then estimate the causal e�ect of

spending an additional year of childhood in a one percent higher market access location on

the probability of completing primary school.

We can write equation 1 for a sample of one time movers who are aged between 14 and 18

at the time of the census asYk = 1
14

�
mk � � o(k);c(k) + (14 � mk) � � d(k);c(k)

�
+ � k . Where o(k)

is individual k's origin location, d(k) is their destination location, mk is the age at move,

and c(k) is k's cohort. From now on, I will suppress implicit dependence onk. I can include

origin by cohort �xed e�ects and write place e�ects in terms of di�erences to �nd Yk =
�
1 � mk

14

�
� � � odc + � oc + � k . Following the theory discussion, I then write the location e�ect

for a given locationi as� ic = � �ln(MA) ic + vic , wherevic captures unobserved aspects of place

e�ects. Substituting this into the above, I �nd Yk = �
�
1 � mk

14

�
� ln(MA odc) + � oc + � m + " k ,

where" k =
�
1 � mk

14

�
� vodc + � k is unobserved. The conditioning on � ln(MA odc), including

age-at-move �xed e�ects, and �nally allowing e�ects to di�er before vs after moving at age

13, gives me the speci�cation in 10. Following Milsom (2023), and Chetty and Hendren
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(2018a), I allow di�ering intercept and slope coe�cients for those who move before age 14

and those who move after (inclusive). Those who move after 14 have (almost all) already

completed primary school,6 and so market access should not a�ect their outcomes. The

coe�cient of interest is � 1, which can be interpreted as the impact of spending an additional

year of childhood in a 100% higher market access location on the probability of completing

primary school.

Yk = 1[mk � 13] � (� 1 + � 1 � (14 � mk)) � � ln(MA odc)+

1[mk > 13] � (� 2 + � 2 � (14 � mk)) � � ln(MA odc)+

� m + � oc + " k

(10)

By specifying the error term (" k =
�
1 � mk

14

�
� vodc + � k), the two potential sources of

bias can be seen clearly. First, correlation betweenmk � ln(MA odc) and � k will cause bias.

This occurs exactly when systematically \better" or \worse" individuals sort into higher or

lower market access locations systematically earlier or later. That is, as with normal mover

designs, sorting into better locations is permissible, but not that this happens systematically

di�erently at di�erent ages-at-moves. The assumption maintained here is weaker than the

usual, as here I only require no such selection into locations on one characteristic | market

access. The second potential source of bias is correlation between � ln(MAodc) and � vodc.

This will occur if higher market access locations are better on some other unobserved di-

mension, i.e., if there is a correlation between ln(MAlc) and vlc. This seems possible in the

case of road building, as roads are not exogenously placed. The planner could build roads to

service booming locations or to galvanise 
agging ones, and market access terms will inherit

this endogeneity.

4.2.2 Not-on-least-cost-path variation

To overcome the endogeneity of road placement and therefore market access, I require an

additional identi�cation strategy and leverage the construction of market access terms to

consider only not-on-least-cost-path variation.

Previous identi�cation strategies designed to overcome the endogeneity of road placement

include using placebo lines from planned but unbuilt routes (Donaldson, 2018; Okoye et

al., 2019), using straight line or least-cost path spanning tree instruments7 (Moneke, 2020;

Michaels, 2008; Ghani et al., 2016; Faber, 2014), or leveragingfar-away variation in road

6Figure C.2 in the appendix shows that most who go on to complete primary school have done so by age
14.

7Locations 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 theinconsequential units IV.
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changes (Donaldson and Hornbeck, 2016; Jedwab and Storeygard, 2021). In my setting, it

is di�cult to see how the �rst 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 signi�cant proportion of the variation 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 su�ers 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 identi�cation.

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

variation approach by considering not-on-least-cost-path variation. The not-on-least-cost-

path variation approach only uses changes in a localityi 's market access that stems from

indirect changes to all other locations' market access freezing migration costs along the least

cost path from i to all other locations.8 This approach has two intuitive explanations. First,

one can consider it as the same as using far-away variation, but whereas far-away variation

de�nes distance over Euclidean space, not-on-least-cost-path de�nes distance over network

space, where a \distance" of one refers to one-degree removed indirect variation. Under this

interpretation, the network structure is taken seriously and resolves 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 or from

i in order to directly improve its connectivity, this variation is not used, and instead the

residual variation in market access is leveraged. If, for example, a planner builds schools

(a�ecting � educ
it ) and roads in a location, this is exactly the variation that this instrument

will not leverage.

To formalise the above discussion, consider a generic market access variable MAit =
P

j (�
m
ijt )� � L jt (MA jt )� 1. Following Donaldson (2018), I �rst remove own-location market

access (therefore sum over other locationsj 6= i ) and freeze the market size variable at the

initial level ( L j 0) as these objects are co-determined with the outcome variable. Then I can

use the not-on-least-cost-path variation (freeze the least cost path to the initial value� m
ij 0)

8This 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 signi�cant 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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by constructing the following instrument.

MA NLCP
it =

X

j 6= i

(� m
ij 0)� � L j 0

�
MA � i

jt

� � 1

Where MA� i
jt =

P
k6= i (�

m
jkt )� � L k0

�
MA � i

kt

� � 1
. This object freezes the least-cost-path fromi

to j , by �xing the cost matrix at period zero (� m
ij 0). The within-summation MA � i

jt terms

are calculated by summing over all locations not includingi to further purge direct e�ects.

Changes in MANLCP
it will therefore only arise due to changes in other locations' market access

MA � i
jt (for j 6= i ) due to road-building | not the direct e�ect of decreasing transport costs

betweeni and j .

The instrument can be re-written as a shift-share instrument where the shares are given

by sij = ( � m
ij 0)� � L j 0 and the shifts are given bygjt =

�
MA � i

jt

� � 1
, then I can write MA IV

it =
P

j 6= i sij � gjt .9 The identifying assumption is that, conditional on �xed e�ects and controls

(including regionÖyear), these destination network shocks are orthogonal to unobserved

determinants of outcomes ini , except through their impact on i 's market access. This

helps clarify the main threats to identi�cation. First, baseline exposure may be endogenous.

To overcome this, I follow the approach of Borusyak and Hull (2023) and re-centre the

instruments; details of this procedure are in sub-section 4.4. Second, non-modelled spillovers.

Other shocks inj could a�ect i proportionally to sij , such as political economy shifts, or

other public infrastructure correlated with roads. Similarly, regional policy combining road

building and other projects would cause correlation across local shocks andi 's outcomes.

These threats are dealt with by (1) combining the not-on-least-cost-path approach with

the far-away variation approach to remove variation local toi , and (2) including region by

year �xed e�ects in our analysis. I also directly control for related concerns surrounding

clientelism.

To validate the reasonableness of the arguments made in this section, I provide some

Monte-Carlo simulation evidence presented in table 2. I create a simulated network of over

1,000 nodes. Each node lies on the unit square and belongs to one square quadrant, denoted

as a region. I randomly generate an undirected graph over these nodes, where each location

is directly connected to its six nearest neighbours, and there is a small probability of a

9This formulation allows us to clarify where the variation comes from by decomposing changes in market
access into the components given below.

d ln(MA i ) =
X

j 6= i

K ij � d ln
�
(� m

ijt ) � � �
�

X

j 6= i

K ij � d ln(MA j )

Where K ij = sij MA � 1
j . The �rst term of the right-hand side gives the direct e�ect of changes to the network

on market access ini , whereas the second term gives the indirect network-mediated e�ect. It is this second
term that is captured by the not-on-least-cost-path instrument, which e�ectively purges market access of
the direct e�ect.
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random long-link connection between any two randomly chosen nodes. Over this \road"

network, I then calculate the travel time between each pair of nodes along connected links

as ! ij = jjsi � sj jj + 0:05 wheresi are the two-dimensional coordinates of locationi . This is

converted into a travel cost usingTij = d� 2
ij , wheredij is the shortest path fromi to j along

the network. This creates the baseline network. Each node is also given a random baseline

population L i � LogNormal(0; 0:52) and the sum of population is normalised to one.

To this I construct a road-building shock on a random subset of edges according to two

data-generating processes. The �rst incorporates endogenous road upgrading. Let locationi

have some unobserved characteristicui
iid� N (0; 1). Then each baseline edge (a; b) is upgraded

with probability increasing in ua and ub and equal toP(upgrade (a; b)) = 0 :18pa + pb
2 where

pi = �
�

1:8u i � �u
� u

�
and �( x) = 1

1+ e� x . If a road segment is upgraded, its travel time is

multiplied by 0.6. The shortest travel times between each pair of nodes are then calculated

over this new, randomly upgraded, network. The second data-generating process follows the

�rst, but additionally introduces some regional building program where for some regionr ,

if the start and end point of the road both fall within r , there is an additional probability

that the road is upgraded given by 0:33.

In each location under each scenario, I then calculate market access terms and market

access using the not-on-least-cost-path instrument, using far-away variation (only variation

beyond the 20th percentile of distances), and both. Let" i
iid� N (0; 0:252) be a random shock.

I then construct two data-generating processes for the location outcomeyi following the two

processes for road upgrades discussed above.

DGP-A: yi = 1 � log(MA i ) + 2 � ui + " i

DGP-B: yi = 1 � log(MA i ) + 2 � ui + 2 � 1[r (i )= r ] + " i

The true coe�cient on log market access is therefore one. Using these data-generating

processes, I regressyi on log market access using OLS, using OLS plus region �xed e�ects,

using the far-away IV, using the not-on-least-cost-path IV, using the NLCP and far-away

IV, and using the NLCP IV and region �xed e�ects. Table 2 shows the results averaged over

250 simulations.

Panel A of table 2 shows the performance of the various estimation strategies when

the endogeneity comes from correlated local characteristics. The OLS coe�cient is very

biased (150%), and including regional �xed e�ects does not attenuate this bias. Focusing

on far-away variation reduces the bias to 50%, but does not eliminate it. However, using a

not-on-least-cost-path approach signi�cantly reduces the bias to around 8%. Panel B then

turns to the second data-generating process, which includes a regional development program.

Here, naive OLS is hopelessly biased, although including regional �xed e�ects does reduce
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this bias it remains at 133%. The far-away variation approach is not helpful here, nor is only

using the not-on-least-cost-path approach | both have bias similar to naive OLS. Including

both not-on-least-cost-path and far-away variation deals with both sources of endogeneity

fairly well and exhibits a bias of 33%. However, the most successful approach is simply to

condition on region �xed e�ects when using the not-on-least-cost-path instrument, which has

a bias of 9%. In sum, the simulation results show that the not-on-least-cost-path approach

is the most successful in dealing with the non-random placement of roads. However, it is not

without caveats, and conditioning on regional �xed e�ects is important when dealing with

regionally correlated development programs.

Table 2 Not-on-least-cost path simulation evidence

Estimator Mean SD Bias

DGP A: Local Targeting

OLS 2.554 0.428 1.554
OLS + Region FE 2.564 0.435 1.564
2SLS: Far-away IV 1.495 0.863 0.495
2SLS: NLCP IV 0.919 0.506 -0.081
2SLS: NLCP + Far-away variation IV 0.933 0.930 -0.067
2SLS: NLCP IV + Region FE 0.921 0.517 -0.079

DGP B: Local and Regional Targeting

OLS 4.319 0.366 3.319
OLS + Region FE 2.328 0.396 1.328
2SLS: Far-away IV 4.101 0.859 3.101
2SLS: NLCP IV -3.480 1.468 -4.480
2SLS: NLCP + Far-away variation IV 1.325 1.279 0.325
2SLS: NLCP IV + Region FE 0.909 0.505 -0.091

Notes: This table reports Monte Carlo evidence for the market-access instruments de-
scribed in the text. Each simulation draws a network of 1,000 nodes on the unit square
(nodes assigned to one of four regions), baseline populations, and road-upgrading shocks;
outcomes are generated under two data-generating processes: (A) yi = log(MA i )+2 u i + " i
(endogenous upgrading through u i ) and (B) yi = log(MA i ) + 2 u i + 2 1[r (i ) = r ] + " i (en-
dogenous upgrading plus a region-level program). For each draw, I estimate the coe�cient
on log(MA i ) using: OLS; OLS with region �xed e�ects; IV using \far-away" variation
(constructing exposure using only destinations beyond the 20th percentile of network
distances); IV using the not-on-least-cost-path (NLCP) instrument, i.e., holding bilat-
eral travel costs at baseline least-cost paths ( � m

ij 0 ) and using shocks gjt = (MA � i
jt ) � 1 ;

IV combining NLCP and far-away restrictions; and NLCP-IV with region �xed e�ects.
Entries are averages across 250 simulations. SD refers to the standard deviation across
simulations.

The simulation exercise culminating in the results shown in table 2 gives evidence to

suggest that for a given, plausible, theoretical data-generating process, the not-on-least-cost-

path instrument performs well. However, these theoretical data-generating processes may be

far removed from reality. To better understand what variation the instrument picks up in the
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real-life data, we can consider some example cases. Figure 2 shows three such example cases

in Benin. This �gure shows, for a given focal location (highlighted in orange), which locations

the long-di�erence (1970-2020) variation in market access or the market access instrument

comes from. For a given focal locationi , the (leave-origin-out) change in market access is

given by �MA i =
P

j 6= i (�
m
ij 2020)

� � L j 2020MA � 1
j 2020 �

P
j 6= i (�

m
ij 1970)

� � L j 1970MA � 1
j 1970, each donor

location j therefore contributes� i
j =

�
(� m

ij 2020)
� � L j 2020MA � 1

j 2020 � (� m
ij 1970)

� � L j 1970MA � 1
j 1970

�
(�MA i )

� 1.

In this �rst row of �gures (a), (b), and (c), I show how variation in the raw (leave-origin-

out) market access variation is proportioned across space, that is, I plot� i
j for three given

i . It is clear from these �gures that locations nearby, or those that saw large decreases in

travel costs to/from the origin, contribute more to variation. In the second row of �gures,

I plot the analogous quantity for the not-on-least-cost-path instrument, keeping the same

focal locationi in each column. Graphically, these sub-�gures (d), (e), (f) show more di�use

sources of variation. The variation in the not-on-least-cost-path instrument is less likely to

come from nearby locations or be in
uenced by changes in the connectivity between the focal

location and other destinations.
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