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Abstract
The historical location of Christian missionary stations is strongly correlated with the
within-country allocation of development projects in Africa. We match historical Protestant
and Catholic missions to georeferenced World Bank financed development projects in 0.5×0.5
degree cells covering the African continent. We find large and highly significant correlations:
Cells that hosted at least one Catholic mission at the beginning of the 20th century are 22
percentage points more likely to have received development projects between 1995 and 2014,
and for Protestant missions 16 percentage points more likely. The results are unlikely to
be driven by a preference for “western” areas; we find similar effects on Chinese funded aid
projects. They are also not mediated through population, economic development or share
of Christians. The results are robust to inclusion of region and district fixed effects, and
to propensity score matching. Our findings can be explained by the recently documented
effect of missions on collaborative behavior, as well as a path dependence in aid absorption
capacity.
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Introduction

Where does foreign development aid flow? This question is of central importance in the aid
effectiveness debate. Economists would argue that the allocation of development funds should
be guided by efficiency criteria, but several empirical studies seem to suggest it is instead biased
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by political and strategic considerations. For example, Alesina and Dollar (2000) find colonial
history and co-voting in the UN to be major predictors of donor-recipient foreign aid flows.
Along the same lines, Dreher et al. (2009) show that the World Bank allocates disproportionately more development projects to countries during their tenure as temporary members of the
UN security council. Most of the economic research on this subject has focused on the crosscountry and across-time dimensions. There is, however, a recent literature on the determinants of
within country spatial allocation of aid. We complement this growing literature by investigating
whether the location of Christian missions, the first development projects in Africa, has a role
in determining the location of aid projects today.
Understanding the localization decisions of aid projects is important in assessing the effectiveness of aid. Much of the current development aid budgets are devoted to location-specific
projects (such as building schools, roads or electricity infrastructure), which are likely to affect
in the first place communities nearby, and the rest of the country only through spillovers. Hence,
understanding why aid is located in particular areas can help our understanding of why aid works
or does not work in alleviating poverty and fostering economic growth.
The motivation for the specific focus on Christian missions is based on the notion that missionaries brought with them the first micro-development projects to the African continent. We
believe that the initial geographical distribution of aid has persisted to this day, resulting in
a path dependence in foreign financed economic development aid. While this hypothesis may
seem obvious for projects funded by religiously affiliated NGOs, the same can not be said for
the World Bank funded projects, which for the basis for this analysis. Our working hypothesis is
that the long term presence of mission stations has increased the capacity to absorb foreign aid
by providing local “aid infrastructure”, know-how and by improving local institutional quality.
The consequence is that these areas are more attractive targets of foreign aid, because they bear
promise of a higher likelihood of success.
Our analysis uses two main sources of data: the information on the location of Christian
missions comes from a map included in Roome (1924), which is also used (and digitized) by
Nunn (2010, 2011, 2014). On the aid side, we restrict our attention to World Bank IBRD/IDA
projects, with supporting evidence using data on Chinese-sponsored aid. These data were selected
due to the availability of a georeferenced dataset on the universe of development projects in the
period 1995–2014, comprehensive in several dimensions, including actual disbursements. Our
unit of analysis is based on a grid of 0.5 × 0.5 degree cells covering the entire African continent.
The empirical strategy of our baseline analysis is simple; we count the number of aid projects
and missionary stations that fall within each cell, and estimate a linear probability model with
a dummy for aid as the dependent variable.
We find a robust relationship between the presence of Christian missions and the location of
World Bank aid in the period 1995–2014. Having a Catholic mission in a cell increases the probability of getting a development project by 22 percentage points, relative to non-missionary cells
in the same country. The corresponding number for Protestant missions is 16 percentage points.
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The fine level of disaggregation allows us to include fixed effects at small levels of geography. By
looking only at variation within second level administrative levels, we can effectively rule out that
the relationship is driven by differences in formal subnational institutions. Our baseline excludes
desert and densely forested cells, and also control for a rich set of variables at the cell-level that
may be confounding factors in the location of both missions and aid. We provide evidence that
the correlation is not merely due to the generic presence of Europeans during colonial age; we
find similar effects for both World Bank and Chinese aid. We also establish that the effects do
not run through current population or share of Christians. Finally, a case study from Sierra
Leone reveals that results hold up when controlling for precolonial institutions at the chiefdom
level, measured by electoral competition between families.

1.1

Literature

There is a growing literature within economics and political science on the within country determinants of aid. Several studies explore whether aid is directed to poor areas, as we should expect
if poverty alleviation is the primary objective. Francken et al. (2012) study relief aid following
a cyclone in Madagascar. They find that while some effort is devoted to the affected areas,
some NGO and foreign funded projects are located in unaffected rich and accessible areas, where
existing infrastructure is more capable to absorb aid efforts. Nunnenkamp et al. (2016) provides
evidence that health, water and transportation aid does target the most needing, whereas aid
within energy and agriculture is not related to need. Briggs (2015) find evidence of African Development Bank (AfDB) and World Bank (WB) projects being targeted to more wealthy areas.
The latter two studies have in common that they do not discuss potential endogeneity in need,
and so “need” is at best a proximate cause of aid allocation.1
If aid is not exclusively targeted towards areas that need it, where does it go? The recent
literature provides some evidence that domestic political considerations have considerable weight
in the within country allocation of aid. Dreher et al. (2015) find that Chinese aid is disproportionately allocated to the birth region of African presidents, while there is no such effect for
World Bank funded projects. A recent paper by Jablonski (2014) shows that AfDB and WB
aid to Kenya in the period 1992–2010 was diverted away from areas with strong support for the
opposition, and Briggs (2014) confirms this pattern, using data on project aid from individual
donors in 1989–1995. The opposite pattern emerges in Zambia, however; Masaki (2014) shows
that Zambian political elites have funneled AfDB and WB aid away from their political base and
towards areas where the opposition has been strong.2
Development aid is mainly a post-WWII phenomenon, originating in 1948 with the USsponsored Marshall Plan, aimed at supporting the reconstruction of European economies after
the war, and subsequently extended to the rest of the world. However, western attempts to
1 There are several reasons why richer areas may receive more aid, unrelated to the wealth of people. For
example, well functioning infrastructure may be determinants of both wealth and aid allocation.
2 The apparent inconsistencies between these three papers can likely be explained by differences in political
climates in the two countries, with clientelistic and ethnic politics being more important in Kenya.
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improve the economic and living conditions of local communities in developing countries had
already taken place much earlier in several parts of the world, most notably in Africa. Between
the 19th and 20th century, on the background of the expansion of European rule over the whole
continent during the so called “Scramble for Africa”, a wave of Christian missionaries of different
confessions reached various parts of the continent, and established a permanent presence in the
form of mission stations. The missionary effort was primarily driven by proselytism motives, but
it did not restrict to conversion only. According to historical accounts, the missions provided the
locals with a wide range of services, partly to boost the odds of conversion.3 Many missionaries
were trained medical doctors (Johnson, 2010), founded clinics and promoted public health and
sanitation; others served as teachers in missionary schools, where they taught not only the Bible,
but also secular subjects, and provided job training.
The long-term effect of these early development projects have recently attracted the attention of both economists and economic historians, generating a growing literature on the legacy of
Christian missions. This wave of interest has been initiated by Nathan Nunn, who first showed
that Christian missionaries have been successful in their primary target, i.e. conversion: using
Afrobarometer survey data and the location of historical missions, he documents that individuals whose ethnic group has been in contact with missions, are more likely to be Christian today
(Nunn, 2010). Following Nunn’s lead, many authors have investigated the causal effects of missions and their investments (schools, hospitals etc.) on long term outcomes. Evidence from
Africa, Asia and Latin America shows that Christian missions had a positive impact on current
education attainment of the people in the surrounding areas (Nunn, 2014, Okoye and Pongou,
2015, Caicedo, 2014, Meier zu Selhausen, 2014, Castelló-Climent et al., 2015, Gallego and Woodberry, 2010, Chen et al., 2014 and Mantovanelli, 2014b) and on health outcomes (Dimico, 2014
and Calvi and Mantovanelli, 2015), and the effect is not entirely driven by persistence of physical
schools and hospitals. Furthermore, Christian missions have changed marriage (Kudo, 2015 and
Meier zu Selhausen, 2014) and sexual (Mantovanelli, 2014a) behaviors via the diffusion of Christian values. Finally, Cagé and Rueda (2016) show that the printing press imported by some of
the missionaries had a long lasting effect on newspaper diffusion, and in turn on social capital.
Who decides?

It is not clear from the literature or project documents where the decision

of aid location is made. Many project ideas likely originate in recipient governments or local
communities, but it is the World Bank that ultimately decides whether or not to fund specific
projects. Given the existing evidence that aid allocation between countries is partly politically
motivated from the donor side, it is not a far stretch to believe that within country allocation
may be similarly motivated. The motives for such a bias, however, is a lot less obvious than for
decisions of which countries to fund, and when.
3 For

example, History of Christian Missions by Robinson (1915) has a chapter on “Methods of Missionary Work”, discussing how building schools and hospitals is by far the most effective way to convert locals to
Christianity.
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Findley et al. (2015) argue that the World Bank is the primary actor in deciding on locations.
Jablonski (2014); Masaki (2014), however, argue in the opposite direction, and find evidence of
recipient countries having a lot of discretion. Masaki (2014) interviewed a World Bank employee
in Tanzania, who said that “The World Bank provides financing. And the client, as we call it,
or the government then basically decides where they want to spend the money.” The authors of
the present paper believe that the within country geographic interest of donors is mostly limited
to a balance between urban and rural, as well as targeting the poor. When it comes to precise
locations, we think recipient governments have considerable discretion. Regardless of personal
views, our preferred mechanism (the “aid infrastructure” story) does not depend explicitly on
the identity of the main actor in the location decision.

2

Empirical strategy and data

2.1

Empirical strategy

We first present our empirical strategy, in order to set the stage for discussion of data required
to ensure identification of the effects of missions on aid. Our empirical model exploits spatial
variation in missionary stations and aid allocation across Africa. Since the location of missions is
predetermined and does not vary over time, we collapse the temporal dimension of aid allocation
to get a cross section dataset. All variables are aggregated to 0.5×0.5 degree cells covering the
African continent. The equation to be estimated is

EverAid ik = α · Protestant ik + β · Catholic ik + δk + Xik γ + εik ,

(1)

where i and k are indexes for cell and country, respectively. EverAid ik is an indicator variable
equal to one if the grid cell had at least one active aid project in the period 1995–2014, and zero
otherwise. Protestant ik is an indicator equal to one if the cell contains at least one protestant
mission, zero otherwise, and Catholic ik is similarly defined. Our motivation for distinguishing
between Protestant and Catholic missions is derived from their empirically established difference
in affecting present day outcomes, notably education and “western” values (Nunn, 2010, 2011;
Woodberry, 2012). By conflating the two we would risk masking some important insights.
The baseline estimation exploits within country variation only, represented by the inclusion
of δk , but we also estimate the model within level 1 and level 2 administrative areas. Xik is a
vector of control variables at the grid cell level, including a number of historical and geographical
controls. The error term εik is allowed to be correlated within countries (49 in the sample), but
this is not a crucial assumption; our results are robust to arbitrary spatial clustering (Conley,
1999).
Coefficients α and β have a causal interpretation if X and δk contain all relevant determinants
of mission locations that are also correlated with present day aid allocation. Failure to include
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important controls may still allow a partial causal interpretation, but the size of the coefficients
will be biased. In the following we discuss possible sources of bias, and how we deal with them.
A first source of bias is the non-random placement of mission stations: although the missions
are pre-determined, they may have located in areas that were more suitable for missionary work
and areas where missionaries could survive and be self-sustaining. If these areas for some reason,
other than mission station presence, are more or less likely to be selected for aid projects today,
our coefficients will be biased and any correlations may be entirely spurious. For example, we
may believe that missionaries were more likely to establish in relatively poor areas, because
greater need may have increased the probability of conversion. If these areas are poor also
today, we would expect them to be large recipients of aid, for reasons unrelated to the presence
of missionaries. We have quite detailed knowledge about the determinants of the location of
mission stations from historical sources, notably from Johnson (1967) and Robinson (1915).
There is today an impressive amount of detailed and spatially disaggregated historical data
publicly available, and so we are able to plausibly control for most of these determinants by
using existing data sources. Section 2.4 discusses the data we use to deal with this source of bias.
A second source of bias derives from the spatial nature of our data. If mission stations are
highly clustered, but are matched with neighboring cells, we may be overestimating the impact
of a single mission station on aid allocation in a given cell, since the density of missions in nearby
cells may also be important. We deal with this by accounting for spatial lags in mission stations.
Finally, we point to a third source of bias, likely to be relevant in our application: the lack of
common support in the distribution of the control variables. Even if our set of controls X fully
accounts for the selection problem, as we argue, the simple OLS estimator will still be biased
if the cells hosting an historical missions (the treated observations) are very different in their
covariates compared to cells without an historical mission (the control observations), and if the
control function is misspecified (Imbens and Rubin, 2015).
Matching

Africa is a geographically and historically diverse continent, and so are single African

countries. Although we use only within country variation, i.e. use cells within a country as control
groups for treated cells within the same country, the risk of non-common support remains. The
baseline sample always excludes cells covered by more than 90 % barren land and cells that
are more than 90 % covered by forest from our sample. These cells are likely very special with
respect to both aid allocation and the potential for sustaining a permanent missionary presence.4
In a separate analysis, we also apply matching techniques instead of simple OLS, as suggested
by Imbens (2014).
In particular, we construct five balanced sub-samples of our data by applying the following
procedure: a) we estimate the probability of hosting a historical mission in a given cell as a
function of our set of controls X, and some of their interactions and quadratic terms using
4 The specific choice of threshold at 90% is based on eye-balling the two-peaked distribution of both variables.
The selected cutoff excludes a significant mass in the right tail.
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a logit model;5,6 b) we use the fitted value from the logit regression as an estimate of the
propensity score; c) we match on the propensity score to produce five different sub-samples (one
unrestricted, two within countries and two across countries, see section 3.2 for details.) d) we
estimate our baseline equation (1) via OLS on the matched sub-samples. Imbens stresses that
different matching strategies are equally valid as long as they tackle the lack of common support
in the covariate distribution, but he suggests the above procedure for those studies where the
number of control observations is way higher than the number of treated ones, which is the case
in our application. Furthermore, this procedure is very transparent, as it highlights the extent
of the imbalance in the covariates distribution, and makes the results immediately comparable
to those obtained using the simple OLS regression.

2.2

PRIO-GRID

The unit of observation is derived from the PRIO-GRID dataset (Tollefsen et al., 2012), which
divides the world into 0.5 × 0.5 degree cells, which at the equator roughly corresponds to 50×50
kilometers. We extract the part of the grid covering the African continent, which leaves us with
10649 grid cells. With 52 continental African states, this amounts to an average of 205 grid cells
per country. The demarcation implied by the grid cells is random, which alleviates concerns for
endogeneity in the observational units.7
In addition to the geographical partition, we also employ some variables collected in the
PRIO-GRID. First, since missions and aid are not likely to be located in cells covered by deserts
or forests, we exclude cells that contained more than 90% barren land or more than 90 %
forest in 1950, as defined by the ISAM-HYDE historical land use dataset. Second, to make
sure that any effect is not due to missionary activity affecting settlement patterns and economic
development, we run simple mediation analyses on measures of current population and night
time lights.8 Estimates of grid level population data in 1995 is from the Gridded Population
of the World (GPW) from Socioeconomic Data and Applications Center,9 originally at 2.5 arc
minute resolution, in our data aggregated to a 0.5 degree resolution. We use cell averages of
night time lights from the from the DMSP-OLS product by NOAA10 (Elvidge et al., 2014) as a
proxy for economic activity, which has been used extensively in sub-national analyses of economic
development in recent years (See e.g. Henderson et al., 2012).
Each grid cell is assigned to a country by a spatial join of polygons, in which cells are assigned
the country that completely covers them. In the event that a cell covers two or more countries,
5 We follow a specification search algorithm similar to what proposed by Imbens (2014) in order to decide what
control terms to include.
6 Here we disregard any difference between Protestant and Catholic missions for simplicity, and because the
determinants of their location were largely the same.
7 For completeness, we also test for the “Modifiable Areal Unit Problem” (MAUP), in which the aggregation
of variables is biased by the choice of boundaries. See table 13.
8 These are not included in the baseline analysis, due to concerns of post-treatment bias. (More on this in
section 3.2.2.)
9 Available at http://sedac.ciesin.columbia.edu/data/collection/gpw-v3
10 Available at http://ngdc.noaa.gov/eog/download.html
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we split the cell at the border using information from Global Administrative Areas dataset
(GADM),11 and thus obtain two, three or four observations per cell at a country border. We
further assign the cells to the first two within-country administrative levels from the GADM
dataset, namely region and district. We use a fairly rough algorithm, where the centroid of each
cell is matched with the ADM in which it falls. This means that parts of some cells have more
area in common with other ADMs than they are assigned to (e.g. when borders “curl” around
centroids), but this should not be problematic for identification or interpretation of coefficients;
there are no variables at the ADM1 or ADM2 level in our analysis, so in essence this assignment
is just a rough way to enable us to include the appropriate subnational fixed effects.

2.3

Aid geocoded data

The literature on foreign aid has recently benefited from the emergence of a new class of datasets,
containing detailed information on aid at the project-level, including its exact location identified
by geographical coordinates (longitude and latitude). AidData (2015) is the main provider of this
information, and currently makes available the following georeferenced datasets: the universe of
World Bank aid projects in the period 1995–2014, the universe of African Development Bank
aid in the period 2009–2010, the universe of Chinese financed aid in the period 2000–2012,
and a number of datasets covering individual receiving countries over different time periods.12
This paper is part of a growing literature which makes use of this spatially and temporally
disaggregated aid data, see for example Dreher and Lohmann (2015) and Dreher et al. (2015).
In this paper we focus on the World Bank data (version 1.3) and on the Chinese financed
aid data (Strange et al. (2015), updated by Dreher et al. (2015)), as they are the only datasets
covering the whole African continent (and beyond) over a pluriannual period of time. Although
we collapse the data to give a cross-sectional dataset, we choose a dataset with a substantial
temporal coverage to make sure that our results are not driven by aid in a given year; we have
no prior for how mission stations should affect the year-to-year changes in aid allocation.
The World Bank dataset contains 1,092 IBRD/IDA aid projects in Africa, split across 5,079
different locations. The IBRD provides low-to-zero interest rate loans to sufficiently credit worthy
countries, whereas the IDA gives loans to poorer and less credit worthy countries. 12 % of IDA
funds are given as grants not to be paid back. Both types of lending is accompanied by technical
assistance from the Bank, and projects are monitored by Bank agents.
The information available at the project-level include: the original World Bank identifier,
project title, date of approval, expected date of completion, total net disbursement, sector (e.g.
Finance, Transportation, Health...), lending instrument, implementing agency, total committed
amount (in US dollars). The Chinese financed aid dataset contains 1,952 projects in Africa,
split across 1,308 different locations, and the information at the project-level is similar to that
available for the World Bank dataset.
11 Available
12 Datasets

at http://www.gadm.org.
available at http://aiddata.org/subnational-geospatial-research-datasets.
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For each project, the dataset contains information on all the locations where it has been implemented. Each location is categorized according to the precision of its coordinates: precision
1 locations (42.5% of the WB sample, 39% of the Chinese sample) correspond to a very specific
place (e.g. village, hill, bridge, railroad station...); precision 2 locations (2.2% of the WB sample,
4% of the Chinese sample) are identified as within a 25km distance from the reported coordinates; precision 3 locations (26.3% of the WB sample, 7% of the Chinese sample) correspond to
second-level administrative areas (ADM2), such as districts, municipalities or communes; precision 4 locations (17% of the WB sample, 11% of the Chinese sample) correspond to first-level
administrative areas (ADM1), such as provinces, states or governorates; precision 5 locations
(2% of both samples) are very imprecise for different reasons; precision 8 locations (4% of the
WB sample, 20% of the Chinese sample) refers to national or state capitals, and include all aid
intended for governmental agencies or bodies located in the capital; precision 6 locations (5%
of the WB sample, 17% of the Chinese sample) report the coordinates of the country, as the
aid is intended for country-wide projects, or very large areas which can not be georeferenced.
On average, a World Bank (Chinese financed) project is split across 46 (5) locations, while the
median project is split across 28 (2) locations.
We restrict our analysis to all the observations categorized under precision 1 and 2. That
is, we use all those project locations that are possible to uniquely assign to a specific cell in the
PRIO-GRID demarcation of Africa, which are also arguably local in nature.

2.4

Missionary stations and historical controls

The location of Christian missionary stations is from Roome (1924), digitized by Nunn (2010).13
It shows the locations of all Protestant and Catholic foreign missionary stations in Africa, as
well as British and Foreign Bible Society (BFBS) Bible depots. We focus our attention on the
Catholic and Protestant missions, because the BFBS depots have not been found to have had
lasting impacts on conversion, education or other outcomes.14 Using GIS software, we count the
number of each type of missionary station within grid cells.
Missionary activity in Africa was not randomly located, as illustrated by the case studies in
Johnson (1967). If the factors that determine selection into mission location also correlate with
present day aid allocation, we will get a bias to the coefficients of interest. Access to water and
land cultivation suitability were crucial for sustaining settlements for longer period of time. We
control for the former by the share of cell area that is within 10 kilometers of a water source,15 .
Land cultivation suitability is proxied by the Caloric Suitability Index (CSI) (Galor and Özak,
2016). The CSI builds on information from FAO about the land suitability for a number of
crops over the world and computes from this the maximum caloric potential of crops in 5 by
13 Available

at http://scholar.harvard.edu/nunn/pages/data-0
seems that handing out Bibles was not enough to convince Africans to convert to Christianity (Nunn,
2010). We think it is reasonable to assume that the mere presence of Bible depots would not have had lasting
historical impacts on the allocation of aid. Our preliminary analysis also showed no impact of the BFBS locations
on aid, and so including them would just add clutter.
15 10 kilometers is considered the maximum distance that cattle can travel without stress (Mati et al., 2006)
14 It
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5 arcminute cells, from which we take averages at a 0.5 degree resolution. Missions were also
more likely to be established in high altitudes, partly to avoid diseases like malaria, but also
because of a more comfortable climate. We therefore control for average altitude, calculated
at the 0.5 degree cell level from the GMTED2010 map by USGS.16 As a further control for
disease environment, we include a measure of malaria prevalence, the malaria ecology index from
Kiszewski et al. (2004).17
Furthermore, 19th and 20th century missions exerted a form of path dependence, which means
that they were more likely to appear where Europeans had been in the past. In fact, several of
the early explorers were missionaries themselves.18 We therefore control for measures of early
European influence with indicators for whether the cell intersects with explorer routes. This
data is from an atlas published by The Century Company, digitized by Nunn (2010).19 From the
same source we get a map of colonial railways in Africa, which we intersect with cells to account
for the fact that missions relied on the ability to import from the west (they were not completely
self-sustained). In most parts of Africa, missionaries established close to the coast before moving
inland. Distance from the coast have been shown to be a predictor of social capital in Africa,
through its correlation with the slave trade (Nunn and Wantchekon, 2011), which may affect
aid allocation today. We therefore calculate the distance from each cell to the closest point on
the coast and include it as a fourth order polynomial in the set of controls. Also important for
accessibility and for current day outcomes is terrain ruggedness (Nunn and Puga, 2012), which
we calculate for each cell from the GMTED2010 data.
We also need to account for the likelihood that missionaries were concerned with converting as
many people as possible. Whether they viewed densely populated areas as more promising to this
end than sparsely populated areas is not clear. Different missionary societies likely had different
strategies in this regard; some may have preferred sparsely populated areas to convert peoples
that would not otherwise have been reached. However, some minimum level of settlement was
likely a prerequisite for establishing a presence. Ideally we would like to control for population in
18th century, prior to most missionary activity on the African continent. There are no spatially
disaggregated censuses from this time, but there have been some attempts to produce population
estimates. We employ the population data from HYDE, which provides estimates of population
for the whole world for a resolution of 5 arcminutes for every decade in the 18th century. We
take the 0.5 degree (30 arcminutes) average of these estimates, and average the result across
the 18th century. We include the population data as a fourth order polynomial to allow for
non-linear effects. Furthermore, we also employ data on the location of historical cities collected
by Chandler (1987),20 assigning a dummy equal to one to cells that hosted a city any time before
1800.
Missionaries may have been more prone to set up permanent stations in relatively poor areas,
16 Available

at http://topotools.cr.usgs.gov/gmted_viewer/.
at https://sites.google.com/site/gordoncmccord/datasets.
18 For example, David Livingstone was a missionary employed at the London Missionary Society.
19 Available at http://scholar.harvard.edu/nunn/pages/data-0.
20 Available at http://www.worldcitypop.com/.

17 Available
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because the potential for selling the Gospel along with basic educational and health services was
greater there. Although there is no spatially disaggregated data on poverty from the 18th/19th
century that we are aware of, we can capture some related features at the ethnicity level. Using
data from the HRAF (Human Relations Area Files) database matched with ethnic homelands
from Murdock (1959), we identify a measure of political centralization, proxied by the degree of
hierarchy of the society (i.e. institutions extending beyond the nuclear family).21 This variable
arguably measures some features of the level of development, in which more centralized societies
are predicted to have a higher provision of public goods (Gennaioli and Rainer, 2007) and a
higher level of development today (Michalopoulos and Papaioannou, 2013).22
Some missions were set up for the purpose of ending slave trade (Johnson, 1967), a practice that was especially prevalent along the coast of West Africa. We therefore includes measures of slave trade at the ethnicity level, calculated by Nunn and Wantchekon (2011). Finally,
Michalopoulos et al. (2012) show that trade routes from the Arab world had a strong impact on
adherence to Islam. We expect missions to be less frequent in Muslim areas, although missions
may be more likely to appear along trade routes in general. To account for this, we have digitized the maps in Brice and Kennedy (2001) and intersected them with our grid cells to generate
indicator variables for the presence of pre-colonial Arab trade-routes.

3

Results and discussion

3.1

Determinants of mission locations

First we investigate whether the proposed determinants of mission location correlated in the
expected direction. Table 1 shows the mean values of all variables in the control set (excluding
polynomial terms) in the non-treated and treated groups, respectively. All except two variables
are significantly different between mission and non mission cells, out of these all except one are
of the expected sign.
Mission cells are on average closer to the coast, have less malaria, a higher caloric potential,
higher elevation, intersects with explorer routes and railways more often, have higher population
and more often a pre-colonial city. Mission cells surprisingly have a substantially more rugged
geography, however. The Arab trade routes and the Murdock measure of jurisdictional hierarchy
does not seem to be different between the two groups. The former can possibly be explained by
the proposed ambiguity in the effect of Arab trade routes; trade routes are a resource to mission
stations in general, although this effect may be canceled out by the negative effect of the presence
of Islam.

21 Available

at https://worldmap.harvard.edu/data/geonode:murdock_ea_2010_3.
data varies at a substantially higher level than grid cells, so it is not an ideal nor especially local measure,
but it is the best proxy for pre-colonial development that we are aware of.
22 This
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Table 1: Difference in means of the control set.
(1)

Distance to coast, 1,000 km
Area within 10km of water
Malaria ecology
Caloric mean index / 1000
Terrain Ruggedness Index
Mean elevation
Explorer route
Colonial railway
18th century population
Precolonial city
Arab trade route
Jurisdictional hierarchy
Atlantic slave trade per sqkm
Indian ocean slave trade per sqkm
No. observations

No mission

Mission

Difference

0.58
0.06
11.52
1.19
15.72
691.12
0.19
0.05
8.70
0.01
0.09
0.53
0.39
0.04

0.46
0.12
9.67
1.56
21.40
739.34
0.24
0.19
28.08
0.04
0.07
0.51
1.47
0.11

0.12∗∗∗
-0.07∗∗∗
1.85∗∗∗
-0.37∗∗∗
-5.68∗∗∗
-48.23∗∗
-0.05∗∗∗
-0.13∗∗∗
-19.38∗∗∗
-0.03∗∗∗
0.02
0.02
-1.08∗∗∗
-0.06∗∗∗

7772

757

“Mission” category includes both Protestant and Catholic missions. Stars * / ** /
*** denote significance at the 0.10 / 0.05 / 0.01 level.

3.2
3.2.1

Empirical results
Baseline estimation

The results from an OLS estimation of equation (1) are shown in table 2.23 Historical controls
include explorer contact, colonial railway contact, Arab trade route contact, a fourth order
polynomial in 18th century population and presence of a city as of 1800. Geographical controls
include a fourth order polynomial in distance to coast from the cell centroid, average altitude,
terrain ruggedness index, percentage area area within 10 kilometers from a water source, the
caloric suitability index and malaria ecology. Ethnic controls include a dummy for political
centralization at the ethnicity level and measures of slave trade (Nunn and Wantchekon, 2011),
with ethnic geographies defined in Murdock (1959). We have excluded from the sample cells that
are more than 90% covered by barren land or more than 90% covered by forest.
First consider column 1 in table 2, which is the baseline estimation with country fixed effects.
Both coefficients are significant at the 1% level. The estimates imply that having a Protestant
mission in the cell increases the probability of receiving aid by about 16% percentage points
relative to having no missionary station. The corresponding effect of Catholic missions is substantially higher; the probability of aid is 22% percentage points higher for Catholic cells than for
non-missionary cells. To put this in perspective, note that about 21% of the cells in our sample
23 Standard

errors are clustered at the country level, with 49 countries. However, the conclusions are robust to
using Conley standard errors that allow for generic spatial autocorrelation (Conley, 1999). We use Stata code
based on Hsiang (2010).
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were assigned at least one World Bank funded project in the sample period, which implies that
Protestant and Catholic cells get 75% and 100% more aid than the sample mean, respectively.24
There is a worry that even with the inclusion of our set of geographical, historical and ethnic
controls we do not completely alleviate the concern of omitted variable bias due to selection
effects. There may be some complicated within country variations in a number of factors that
may have affected the location of missions and also aid today that we are unable to control for.
To partly address this concern, in columns 2 and 3 we include ADM1 (province) and ADM2
(district) fixed effects, respectively, which should absorb a large fraction of the within country
variation in confounding factors that may bias the baseline in column 1. The overall conclusions
are strongly robust to this test, since the coefficients are stable and preserve their statistical
significance across all levels of fixed effects. This is a fairly strong test, as any confounding
factors will have to vary within a very small geographical area to bias the estimates.
Table 2: Missions and World Bank aid
World Bank aid 1995–2014
Protestant mission
Catholic mission
Fixed effects level
Mean dep.var.
R-squared (within)
No. of observations

(1)

(2)

(3)

0.144∗∗∗
(0.023)
0.197∗∗∗
(0.045)

0.143∗∗∗
(0.022)
0.233∗∗∗
(0.051)

0.124∗∗∗
(0.031)
0.265∗∗∗
(0.044)

Country
0.209
0.114
7869

Region
0.211
0.058
7681

District
0.211
0.042
7681

Notes: Standard errors clustered at country level in parentheses. Estimation by ordinary least squares. The dependent
variable is a dummy for whether the grid cell had at least one
active aid project in the period 1995–2014. Historical controls
include explorer contact, colonial railway contact, Arab trade
route contact, a fourth order polynomial in 18th century population and presence of a city as of 1800. Geographical controls
include a fourth order polynomial in distance to coast, average
altitude, terrain ruggedness index, percentage area area within
10 kilometers from a water source, the caloric suitability index and malaria ecology. Ethnic controls includes a dummy
for political centralization at the ethnicity level. We have excluded from the sample cells that are more than 90% covered
by barren land or more than 90% covered by forest. Stars *
/ ** / *** denote significance at the 0.10 / 0.05 / 0.01 level.

3.2.2

Population

The large and highly significant coefficients on missionary stations motivates further investigation. We already exclude cells with more than 90 % desert area and forest area, and control
24 Table 2 only reports the coefficients for the variables of interest. For a full table of coefficients for all controls,
see appendix table 15.
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for estimates of initial population and pre-colonial cities. However, there is still the possibility
that mission areas are more likely to be densely populated today relative to other areas, even
conditional on initial population, and more populated cells may also be more likely to get aid
(Dreher et al., 2015). We may also worry that aid flows disproportionately to large cities, the
location of which may have been determined by early European influence and mission activity.
If the estimates are driven mainly by differences in population, the results are hardly surprising, and in fact not very interesting. However, controlling for population would likely induce
post-treatment bias, as missions are predictors of both population and aid. One quick fix is to
control for population, and then claim that the resulting coefficients on Protestant and Catholic
missions measure the effect that is not mediated through population. However, because there
may be unobserved factors affecting both population and the location of missions, we cannot be
sure that this is a correct interpretation of coefficients (see Green et al., 2010). Another problem
arises if population size has opposite effects on aid allocation in different subpopulations, for
example due to differences in policies concerning rural areas.
Ideally, we would have an exogenous shock to current population independent of missions,
and use that to estimate the effect of missions that runs through other channels than population.
Even without such an exogenous shock, however, we can use current day population to get some
bounds on the “true” effect. Table 3 shows the results from four regressions trying to alleviate
this concern, all controlling for country fixed effects and the standard control set. In column 1
and 2 we check whether the results hold when including only cells with populations above and
below the median within countries, respectively. The coefficient on Catholic converges on the
Protestant coefficient in the above median population sample, and then diverges in the below
median sample, but both coefficients are highly significant in both samples.25 In any case, the
sample of cells with above median population is likely biased, for the reasons discussed above,
so the interpretation of the changes in the coefficients is not straightforward.
In column 3 we include as controls polynomial terms in population, of degree one through four.
The coefficients are all highly significant in themselves, suggesting that population substantially
affects aid allocation, and non-linearly so. However, they do not eliminate the effects of mission
stations on aid, as both coefficients remain remarkably stable relative to the baseline. As an
alternative test we include as a control a dummy for whether cells contain a populated place
(GMI Populated Places Database), and the coefficients are similar to the baseline. When we
include the populated places dummy and the polynomial in population in the same regression, the
mission coefficients are comparable to the baseline, although somewhat lower. Given the problems
associated with post-treatment bias and mediation analysis, we are wary about summarizing 3
with a definite statement. However, if we are willing to assume that the underlying, causal effect
of population on aid is positive in all countries (and cells), we can expect the true effect to be
between the ones in column 5 of table 3 and column 1 of table 2.
25 We

are currently investigating why the differential effects seem to be related to population.
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Table 3: Population controls
Median pop.
Above
Protestant mission
Catholic mission

∗∗∗

0.153
(0.026)
0.169∗∗∗
(0.041)

Below
∗∗∗

0.117
(0.044)
0.286∗∗∗
(0.084)

Population in 1995
Population in 1995, quadratic
Population in 1995, cubic
Population in 1995, quartic

Full sample

(3)
∗∗∗

0.101
(0.021)
0.182∗∗∗
(0.048)
137.508∗∗∗
(18.107)
-0.936∗∗∗
(0.164)
0.002∗∗∗
(0.000)
-0.000∗∗∗
(0.000)

Populated place in cell
Fixed effects level
R-squared
No. of observations

Country
0.051
3904

Country
0.034
3948

Country
0.147
7879

(4)
∗∗∗

(5)

0.106∗∗∗
(0.025)

0.093∗∗∗
(0.022)
0.181∗∗∗
(0.048)
130.403∗∗∗
(17.141)
-0.877∗∗∗
(0.151)
0.002∗∗∗
(0.000)
-0.000∗∗∗
(0.000)
0.079∗∗∗
(0.021)

Country
0.101
7879

Country
0.155
7879

0.173
(0.028)
0.231∗∗∗
(0.044)

Notes: Standard errors clustered at country level in parentheses. Estimation by ordinary least squares.
The dependent variable is a dummy for whether the grid cell had at least one active aid project in the
period 1995–2014. Historical controls include explorer contact, colonial railway contact, Arab trade route
contact, a fourth order polynomial in 18th century population and presence of a city as of 1800. Geographical controls include a fourth order polynomial in distance to coast, average altitude, terrain ruggedness
index, percentage area area within 10 kilometers from a water source, the caloric suitability index and
malaria ecology. Ethnic controls includes a dummy for political centralization at the ethnicity level. We
have excluded from the sample cells that are more than 90% covered by barren land or more than 90%
covered by forest. Stars * / ** / *** denote significance at the 0.10 / 0.05 / 0.01 level.

3.2.3

Chinese aid

World Bank donors are predominantly Western European and North American countries.26 Since
many missions were directly related to European exploration and colonization, it may be that
the correlation between missionary stations and aid is due to local western influence. Locations
that are well known to the western countries may be more likely to receive aid, even if the money
goes through the World Bank. To test this channel, we estimate equation (1) on an indicator for
Chinese aid over the period 2000–2012. If the “western influence” theory holds, there should be
no statistically significant relationship between missions and Chinese aid locations.
Table 4 shows the results from the estimations. Column 1 is a replication of column 1 in
baseline table 2. There is a slight drop in the coefficients relative to the baseline, but the share
of cells in the sample that are allocated Chinese aid is roughly one third of the same share for
World Bank aid. This means that in relative terms, the effects are actually quite large, with a
26 See https://finances.worldbank.org/Financial-Intermediary-Funds/Biggest-donors-by-countries-2010/
r2cs-ptjn.
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Table 4: Missions and Chinese aid
Chinese aid 2000–2012
Protestant mission
Catholic mission

Full sample

Control for WB aid

Sample: EverAid WB = 0

0.093∗∗∗
(0.020)
0.171∗∗∗
(0.037)

0.077∗∗∗
(0.019)
0.149∗∗∗
(0.037)
0.108∗∗∗
(0.021)

0.037∗
(0.021)
0.089∗∗
(0.035)

Country
0.070
0.082
7869

Country
0.070
0.104
7869

Country
0.036
0.033
6224

World Bank aid
Fixed effects level
Mean dep.var.
R-squared (within)
No. of observations

Notes: Standard errors clustered at country level in parentheses. Estimation by ordinary least
squares. The dependent variable is a dummy for whether the grid cell had at least one active Chinese
aid project in the period 2000–2012. Column 3 excludes all cells that had a World Bank aid project
in the period 1995–2014. Historical controls include explorer contact, colonial railway contact, Arab
trade route contact, a fourth order polynomial in 18th century population and presence of a city as of
1800. Geographical controls include a fourth order polynomial in distance to coast, average altitude,
terrain ruggedness index, percentage area area within 10 kilometers from a water source, the caloric
suitability index and malaria ecology. Ethnic controls includes a dummy for political centralization
at the ethnicity level. We have excluded from the sample cells that are more than 90% covered by
barren land or more than 90% covered by forest. Stars * / ** / *** denote significance at the 0.10
/ 0.05 / 0.01 level.

mean of aid in Catholic cells more than 200% higher than the sample mean.
The similarity of the results may not be surprising if Chinese aid simply follows World Bank
aid; the presence of World Bank aid provides a signal of the quality of project locations, in terms
of absorption capacity or other factors. In column 2 and 3 we check whether this is the case,
by first including World Bank aid as a control (with the aforementioned caveats of mediation
analysis), and then excluding from the sample all those cells that received World Bank aid in
our time period. In the first case, coefficients on both Protestant and Catholic missions drop
slightly relative to column 1. In column 3 the drop is more dramatic, but are comparable in size
once we account for the drop in the fraction of cells that received aid (now 3.6%).
These results are interesting, in light of the evidence provided by Dreher et al. (2015), that
recipient countries have considerable discretion in the allocation of aid when China is the donor.
Since our results are similar regardless of donor, they support the belief that recipient countries
do have some discretion in the location also of World Bank aid. This suggests that the link
between missions and aid is a result of recipient government considerations.
3.2.4

Current religion

To test whether the effect runs through the likelihood that areas with Catholic and Protestant
missions have a higher share of Christians in the population, we collect information from the
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Table 5: Controlling for share of Christians
World Bank aid 1995–2014
Chinese aid 2000–2012
(1)
Mission

Fixed effects level
R-squared
No. of observations

(3)
∗∗∗

0.177
(0.027)

(4)

(5)

(6)
0.117∗∗∗
(0.025)
0.029
(0.024)
Yes
Yes
Yes
Country
0.084
3308

∗∗∗

0.118
(0.024)

Yes
Yes
Yes

0.086∗∗∗
(0.023)
Yes
Yes
Yes

0.174
(0.027)
0.072∗∗∗
(0.023)
Yes
Yes
Yes

Yes
Yes
Yes

0.039∗
(0.023)
Yes
Yes
Yes

Country
0.114
3308

Country
0.100
3308

Country
0.115
3308

Country
0.084
3308

Country
0.071
3308

Share Christian
Historical controls
Geographical controls
Ethnic controls

(2)

∗∗∗

Notes: Standard errors clustered at country level in parentheses. Estimation by ordinary least squares.
The dependent variable is a dummy for whether the grid cell had at least one active aid project in
the period 1995–2014. Historical controls include explorer contact, colonial railway contact, Arab trade
route contact, a fourth order polynomial in 18th century population and presence of a city as of 1800.
Geographical controls include a fourth order polynomial in distance to coast, average altitude, terrain
ruggedness index, percentage area area within 10 kilometers from a water source, the caloric suitability
index and malaria ecology. Ethnic controls includes a dummy for political centralization at the ethnicity
level. We have excluded from the sample cells that are more than 90% covered by barren land or more
than 90% covered by forest. Stars * / ** / *** denote significance at the 0.10 / 0.05 / 0.01 level.

USAID Demographic and Health Surveys (DHS) on the religion of respondents. The DHS is quite
extensive in both spatial and temporal coverage, which enables us to exploit the fact that the
survey relocates geographically between waves to attain near complete coverage of the included
countries at the 0.5 degree cell level.27 We make the assumption is that religious affiliation
is fairly stable over the period, or at least that changes in religion is not related to the other
variables in the estimated equation.
We have conflated Protestant and Catholic missions into one dummy here, since different
denominations are often conflated into a single “Christian” category in the DHS as well. Column
1 is a replication of the baseline with Mission as the treatment. Column 2–3 shows that the
inclusion of the share of Christians has an independent effect on World Bank aid, but virtually no
effect on the coefficient of Mission. When the same analysis is run with Chinese aid as dependent
variable, share of Christians has a small, positive and borderline significant effect in column 5,
but the coefficient drops and significance disappears when Mission is included in column 6. The
Mission coefficient remains unchanged between column 4 and 6. This indicates that Chinese and
World Bank aid do differ somewhat in how the projects are located, but the independent impact
of mission stations survives in both cases.
27 The DHS is not representative at this level of disaggregation, but the positive and significant effect of share
of Christians on aid suggest that we measure religion fairly well (it is likely not completely random).
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3.2.5

Sensitivity tests

The results in the baseline estimation in table 2 are largely robust to various sensitivity tests.
First, we split the aid by major sector, to check if the results are driven by a specific type of aid
project. As table 8 and 9 shows, the results are quite similar for all types of projects, although the
size of the coefficient is not constant across sectors. We also check if the estimated relationships
are stable over time. The Paris Declaration of 2005 was aimed at transferring more management
and discretion to recipient countries, although casual observations suggests that it has not had
much effect. In table 10 we therefore test if we see the same pattern for aid committed in two
different ten year periods, 1995–2004 and 2005–2014. The coefficients are slightly higher for the
second period, but so are the total number of cells receiving aid, in relative terms the coefficients
are virtually unchanged. In the same table we also run OLS regressions with the number of aid
projects in each period as the dependent variable, with no change in conclusions.
Finally, we check if our use of binary treatment and outcomes are important for the results
we see. In table 11 column 1 and 2 we estimate equation (1), but instead use the number of
missions and the log number of missions + 1 as the treatment variable, with results generally
similar to the baseline. In the right-hand panel of table 11 the dependent variable is the fraction
of years in the period 1995-2014 that the cell got a new aid project commitment. This variable
then to some extent captures aid “intensity”. The results are largely comparable to the baseline,
irrespective of how we model the treatments (as dummy or count variables).
3.2.6

Spatial spillovers

Missions are highly clustered in our data, especially in the northern parts of Sub-Saharan
Africa.28 This leaves open a possibility that we are overestimating the effect of missions on
aid; for two neighboring cells that both have missions, but where only one gets aid, it may be
argued that we should be accounting for the presence of that neighbor mission. Failure to do so
may induce omitted variable bias.
To alleviate concerns of spatial lags causing a bias, we include spatial lags of Protestant and
Catholic missions into the baseline regression. The lag variables for cell i are constructed by
multiplying the value of the dummy variable (Protestant or Catholic) for a given neighbor j with
a binary indicator variable for whether the neighbor is within a given cutoff distance from cell i,
and summing these products for all j 6= i.29 Since the location of World Bank funded projects
is likely determined by each country’s government, it is probably not correlated across country
borders. An assumption of such cross-border correlations would bias the results, since the likely
zero correlation between border cells would pull down the overall estimate.30 Therefore, we
28 Calculating Moran’s I statistic, we reject the null hypothesis of zero spatial correlation of Protestant and
Catholic missions with a p-value close to zero (not shown).
29 There are different ways of incorporating spatial lags of independent variables, including inverse distance
weighting matrices. The choice of a binary contiguity is one of convenience, because it makes calculations less
intensive, and more natural since the cell-structure of the data implies non-continuous distances; however, results
are robust to using an inverse distance weighting matrix.
30 Cross-border spatial correlation could be relevant if missions had persistent effects on surrounding areas,
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construct the spatial weighting matrix so that it gives zero weight to all cells that are not in the
same country, in effect giving a block diagonal weighting matrix sorted by country. For a spatial
weighting matrix W, the equation to be estimated is now

yik = α · protestant ik + β · catholic ik + θW · protestant ik + µW · catholic ik
+δi + Xik γ + εik ,

(2)

Table 12 shows the results of including spatial lags to the baseline, and there is close to no
effect on the coefficients for Protestant and Catholic. There seems to be some evidence of spatial
spillovers for Protestant missions on aid for the nearest neighbor cells, but not for Catholic
missions. However, a test of joint significance highly rejects the null hypothesis of zero effect
of all three terms for both Protestant and Catholic missions. The fact that spatial lags has
little effect on the coefficients on own-cell missions is reassuring, given the high degree of spatial
clustering in the data.
3.2.7

Empirical results on the matched sub-samples

Estimations on the balanced sample described in section 2.1 is shown in table 6. A short description of matching strategies follows.
Column 1 replicates the baseline, for comparison. The sample in column 2 employs all cells
in a pooled comparison of propensity scores. All treated units are matched with the one control
unit with the closest propensity score, disregarding country borders, and dropping all pairs
whose propensity score difference is higher than 50 %. In column 3, we match cells within the
same country, based on propensity scores estimated for each country separately on a slightly less
extensive set of controls (i.e. excluding interactions) on all countries with at least 50 cells. In
column 4 the propensity scores are estimated as in column 4, but cells are matched only with
cells in the same country. In column 5 cells are matched on propensity scores with cells (at
most two) in a different country, as a simple fix for possible spatial correlation causing problems
for matching. Column 6 is similar to column 5, but also excludes neighboring countries from
possible matches. Matching procedures employed to construct samples in columns (2) to (4)
are one-to-one without replacement, while those in (5) and (6) allow replacement and up to two
control units per treated unit.
Having constructed the balanced samples, we run the baseline regression on them separately.
The results can be briefly summarized, because there is not much difference between them.
Coefficients on Protestant and Catholic missions remain quite stable across all columns, except
for slightly higher values for the Catholic dummy in several of them.
especially before current borders were put in place. We have run tests where we allow for cross-border correlation,
and plan to include this as a test of mechanisms at a later point.
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Baseline

Table 6: Balanced samples
Bal. full sample Bal. within country

(1)
Protestant mission
Catholic mission
Fixed effects level
R-squared
No. of observations

∗∗∗

(2)

(3)

∗∗∗

∗∗∗

(4)
∗∗∗

Bal. across countries
(5)
∗∗∗

Excl. neighbor

0.157
(0.024)
0.217∗∗∗
(0.044)

0.148
(0.032)
0.279∗∗∗
(0.054)

0.159
(0.024)
0.241∗∗∗
(0.061)

0.153
(0.027)
0.229∗∗∗
(0.067)

0.153
(0.036)
0.277∗∗∗
(0.059)

0.144∗∗∗
(0.037)
0.275∗∗∗
(0.064)

Country
0.107
7879

None
0.201
1362

Country
0.361
1745

Country
0.359
1342

None
0.206
1713

None
0.201
1698

Notes: Standard errors clustered at country level in parentheses. Estimation by ordinary least squares. Stars * / **
/ *** denote significance at the 0.10 / 0.05 / 0.01 level.

3.2.8

Speed of disbursements

If mission areas receive more aid because of higher absorption capacity, we should expect to see
the projects implemented there to perform better. Specifically, we may expect committed funds
to be disbursed more rapidly, because implementation is more efficient. In order to assess this
prediction, we collect financial data for each project from the World Bank website.31 This data
records the date and type of all financial transactions over the project lifetime and during the
repayment phase.
We adopt the methodology in Kersting and Kilby (2016),who investigate how the speed of
disbursements depend on recipient countries’ political alignment with the US. They measure this
speed by tracking the number of months until 25% of initial commitments have been disbursed.32
The reason for choosing this specific threshold is that most projects cross it during the sample
period. For completeness we also report results using 50 and 75 % thresholds. To be consistent
with our baseline, we only include project locations with precision 1 or 2 (within 25 km of town).
Since disbursement data is at the project, rather than location, level, we collapse our data to
the project level. We also depart from our grid-cell structure, since we want information about
specific projects within each cell. We thus match missions with aid by identifying mission stations
within a 25 km buffer around each aid location. This distance corresponds approximately to the
extent of the 0.5 × 0.5 degree cells in the baseline. Our independent variable is the project’s
share of precision 1 and 2 locations that are within 25 km of a mission station. Since the speed
of disbursement may depend on the size of the initial commitment we include it as a control in
the regression.
As table 7 shows, projects with a higher share of locations near mission stations see a faster
disbursement of funds. Column 1 reports the regression of months until 25 % disbursement on
the share of protestant and catholic missions. On average, a project with protestant missions in
31 Available

at http://www.worldbank.org/projects?lang=en.
projects receive additional commitments several years after the initial commitment. We use only initial
commitments and disbursements linked to those commitments.
32 Some
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Table 7: Speed of disbursements
Months until disbursement reached
25%
Share of locations with:
Protestant mission

-4.02∗
(2.30)
-4.82∗∗
(2.03)

Catholic mission

50%

75%

25%

-3.90
(3.75)
-5.09
(3.68)

-7.95
(5.69)
-4.00
(5.08)

-0.13
(0.13)
-0.23∗∗
(0.10)

25%

-0.09
(0.82)

-5.45∗∗∗
(1.73)
-0.04
(0.81)

-0.15
(1.22)

1.17
(1.22)

-0.04
(0.04)

-0.22∗∗
(0.10)
-0.04
(0.04)

Country
33.3
0.014
525

Country
33.3
0.011
525

Country
47.5
0.009
477

Country
60.7
0.015
404

Country
3.4
0.016
522

Country
3.4
0.014
522

Any mission
Log initial commitment
Fixed effects level
Mean dep.var.
R-squared (within)
No. of observations

25%

Log(months)

Notes: Standard errors clustered at country level in parentheses. Estimation by ordinary least squares.
The dependent variable is the number of months until 25% of initial commitments have been disbursed.
Stars * / ** / *** denote significance at the 0.10 / 0.05 / 0.01 level.

all locations passes the 25% threshold four months before a project with no protestant mission in
any location. The corresponding difference for catholic missions is five months. This amounts to
12–15 % of the sample mean, which is non-negligible. The third and fourth columns report the
same estimation but with 50 % and 75 % thresholds, respectively. The coefficient are similar in
magnitude, but not statistically significant at conventional levels. This may partly be due to the
drop in the number of projects, but may indicate that projects with fewer “mission locations”
catch up after some time. In the last two columns we replace the dependent variable in column
one and two with its log, and the results seem to be robust to this slight change in specification.
All in all, the analysis of disbursement speed indicates that projects with a high share of
locations near mission stations tend to receive money faster. This is consistent with a story about
mission stations increasing aid absorption capacity, which may partly explain the tendency to
locate projects in these areas.

3.3

Discussion

Although we argue that the relationship between missionary stations and aid allocation is a
causal one, our baseline estimation may still suffer from omitted variable bias. The first and
obvious concern is that our set of geographical and colonial controls does not fully account for
all the factors that determined the location of the missionary stations, and that these omitted
variables also affect aid allocation. There may be complicated reasons for why missionaries
decided to establish in certain places, reasons which we do not currently understand. We are
working on providing a natural experiment in mission locations, which will hopefully shed light
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on the causal nature of the correlations in this draft paper.
A second point is whether the estimated effect is due to the presence of Christian missions
today, whose location is likely correlated with the presence of historical missions, as some of them
are still active. In order to test for this, we are collecting data on the location of present-day
Christian missions from different sources.
Beside planning to check the robustness of our estimates to a wider battery of controls, we
plan to further investigate the mechanisms behind the correlation between mission location and
aid allocation. The first natural question to ask if whether our result is due to a supply-side
or a demand-side effect: is the case that donors or governments are targeting areas which used
to host missionary stations, or that communities who used to be in contact with missionaries
are more able to attract development projects? Donors or governments may prefer to channel
funding to areas with historical missions for various reasons. We think all of them have in
common that they make the successful implementation of the projects more likely. On the other
hand, local communities who experienced the benefits of hosting historical missionary schools
and hospitals, may be more motivated and able to actively lobby the central government or
donors directly to attract development aid projects. Given that a lot of development aid has
shifted from mission stations to bilateral and multilateral sources during the 20th century, it may
be that mission stations attempt to continue their existence by attracting new projects from new
sources. Lastly, it is possible that towns and villages that hosted missions have a stronger
connection to the capital. There are several accounts of mission stations receiving subsidies from
colonial governments for educational services (Dupraz, 2015), and the missionary enterprise was
probably dependent on acknowledgment from the colonial capital. If these ties have persisted
they may explain why historical mission presence is correlated with aid allocation today.
We also think that the clear difference in effects between Protestant and Catholic missions
likely tells an interesting story, not least because there were so many more Protestant than
Catholic missions at the time when Roome 1924 assembled his map. Most of the existing research
on this area suggests that it is Protestant missions that have had the most notable long lasting
impact, at least in terms of education and related outcomes. Educational attainment is clearly
positively related to aid. Why would Catholic missionary areas attract so much more aid than
Protestant ones? We don’t have a clear answer as of now, but in time we hope the data will tell.

4

Conclusion

The paper documents a strong and positive within-country correlation between the location of
Christian missions in early 20th century, and the location of development aid projects in the first
decade of the 21th century, almost one hundred years later. To the best of our knowledge, this is
the first empirical evidence of this link between mission stations and current day aid allocation.
We differentiate between Protestant and Catholic missions. The sign of the correlation is the
same for both Protestant and Catholic, but the size of the latter is substantially larger than the
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former. Results are robust to a number of sensitivity test, spatial correlation, and regression
on propensity score balanced samples. The location of historical missionary stations predicts
both World Bank and Chinese-sponsored projects, which we argue provides plausible evidence
that the effect does not work through a “western influence” channel, whereby western donors
prefer to support work in western areas. The correlations are unlikely to be driven by formal
institutions because the results remain when controlling for country and district fixed effects, nor
by differences in the factors that may have attracted missionaries, and finally not by present-day
socio-economic outcomes, or the share of Christians in the mission areas. As the work on this
paper progresses we hope to uncover the exact mechanisms behind the finding.
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Galor, O. and Özak, Ö. (2016). The Agricultural Origins of Time Preference. American Economic
Review, 106(10):3064–3103.
Gennaioli, N. and Rainer, I. (2007). The modern impact of precolonial centralization in Africa.
Journal of Economic Growth, 12(3):185–234.
Green, D. P., Ha, S. E., and Bullock, J. G. (2010). Enough Already about ”Black Box” Experiments: Studying Mediation Is More Difficult than Most Scholars Suppose. The Annals of the
American Academy of Political and Social Science, 628(1):200–208.
Henderson, J. V., Storeygard, A., and Weil, D. N. (2012). Measuring Economic Growth from
Outer Space. American Economic Review, 102(2):994–1028.
Hsiang, S. M. (2010). Temperatures and cyclones strongly associated with economic production
in the Caribbean and Central America. Proceedings of the National Academy of Sciences of
the United States of America, 107(35):15367–72.
24

Imbens, G. W. (2014). Matching methods in practice: Three examples. National Bureau of
Economic Research, (November):1–64.
Imbens, G. W. and Rubin, D. B. (2015). Causal Inference for Statistics, Social, and Biomedical
Sciences: An Introduction. Cambridge University Press, New York, NY, USA.
Jablonski, R. S. (2014). How Aid Targets Votes: The Impact of Electoral Incentives on Foreign
Aid Distribution. World Politics, 66(02):293–330.
Johnson, H. B. (1967). The Location of Christian Missions in Africa. Geographical Review,
57(2):168–202.
Johnson, R. (2010). Colonial mission and imperial tropical medicine: Livingstone College, London, 1893-1914. Social History of Medicine, 23(3):549–566.
Kersting, E. K. and Kilby, C. (2016). With a little help from my friends: Global electioneering
and World Bank lending. Journal of Development Economics, 121:153–165.
Kiszewski, A., Mellinger, A., Spielman, A., Malaney, P., Sachs, S. E., and Sachs, J. (2004). A
global index representing the stability of malaria transmission. American Journal of Tropical
Medicine and Hygiene, 70(5):486–498.
Kudo, Y. (2015). Missionary Influence on Marriage Practices: Evidence from the Livingstonia
Mission in Malawi. Technical report.
Mantovanelli, F. (2014a). Christian missions, HIV and sexual behavior in Sub-Saharan Africa.
Technical Report March.
Mantovanelli, F. (2014b). The Protestant Legacy: Missions and Literacy in India. Technical
report.
Masaki, T. (2014). The Political Economy of Aid Allocation in Africa: Evidence from Zambia.
Technical report, AidData.
Mati, B. M., Muchiri, J. M., Njenga, K., de Vries, F. P., and Merrey, D. J. (2006). Assessing water
availability under pastoral livestock systems in drought-prone Isiolo District, Kenya, volume
106. IWMI.
Meier zu Selhausen, F. (2014). Missionaries and female empowerment in colonial Uganda: New
evidence from Protestant marriage registers, 18801945. Economic History of Developing Regions, 29(1):74–112.
Michalopoulos, S., Naghavi, A., and Prarolo, G. (2012). Trade and Geography in the Origins
and Spread of Islam. Working Paper 18438, National Bureau of Economic Research.
Michalopoulos, S. and Papaioannou, E. (2013). Pre-Colonial Ethnic Institutions and Contemporary African Development. Econometrica, 81(1):113–152.
25

Murdock, G. P. (1959). Africa: Its Peoples and Their Culture History. McGraw-Hill, New York,
NY.
Nunn, N. (2010). Religious Conversion in Colonial Africa. American Economic Review: Papers
and Proceedings, 100(2):147–152.
Nunn, N. (2011). Christians in Colonial Africa. Technical report, Harvard University.
Nunn, N. (2014). Gender and Missionary Influence in Colonial Africa. In Akyeampong, E., Bates,
R. H., Nunn, N., and Robinson, J. A., editors, Africa’s Development in Historical Perspective,
pages 489–512. Cambridge University Press, Cambridge.
Nunn, N. and Puga, D. (2012). Ruggedness: The blessing of bad geography in Africa. Review
of Economics and Statistics, 94(1):20–36.
Nunn, N. and Wantchekon, L. (2011). The Slave Trade and the Origins of Mistrust in Africa.
American Economic Review, 101(7):3221–3252.
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A

Appendix

Figure 1: Location of mission stations (Roome, 1924)
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Figure 2: Location of World Bank IBRD/IDA projects
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Table 8: Sector specific aid
Ever received World Bank with major sector:

Protestant mission
Catholic mission
Fixed effects level
Mean dep.var.
R-squared
No. of observations

(1)
Agric.

(2)
Publ.adm.

(3)
Infrastr.

(4)
Education

(5)
Finance

0.088∗∗∗
(0.017)
0.137∗∗∗
(0.037)

0.150∗∗∗
(0.024)
0.196∗∗∗
(0.032)

0.048∗∗
(0.022)
0.097∗∗∗
(0.026)

0.055∗∗∗
(0.017)
0.131∗∗∗
(0.028)

0.028∗∗
(0.012)
0.060∗∗∗
(0.015)

Country
0.087
0.085
7879

Country
0.183
0.128
7879

Country
0.026
0.053
7879

Country
0.042
0.069
7879

Country
0.021
0.050
7879

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable is a dummy for whether the grid cell had at least one active aid project in the
period 1995–2014. Geographical controls include (polynomials in) distance to coast, share of
mountain area in cell, area covered by water, malaria ecology and the caloric suitability index. Historical controls include indicators for explorer routes, colonial railways, Muslim trade
routes, dummies for precolonial cities and (polynomials in) 18th century population. Ethnic
controls include dummies for mode of subsistence and political centralization of groups. Stars
*/**/*** denote significance at 0.10/0.05/0.01 level.

Table 9: Sector specific aid
Ever received World Bank with major sector:

Protestant mission
Catholic mission
Fixed effects level
Mean dep.var.
R-squared
No. of observations

(1)
Health

(2)
Energy

(3)
Transport

(4)
Water

(5)
Industry

0.106∗∗∗
(0.020)
0.203∗∗∗
(0.048)

0.089∗∗∗
(0.024)
0.115∗∗
(0.044)

0.127∗∗∗
(0.028)
0.224∗∗∗
(0.056)

0.122∗∗∗
(0.026)
0.217∗∗∗
(0.030)

0.058∗∗
(0.023)
0.107∗∗∗
(0.028)

Country
0.112
0.084
7879

Country
0.075
0.089
7879

Country
0.129
0.098
7879

Country
0.087
0.122
7879

Country
0.057
0.078
7879

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable is a dummy for whether the grid cell had at least one active aid project in the
period 1995–2014. Geographical controls include (polynomials in) distance to coast, share
of mountain area in cell, area covered by water, malaria ecology and the caloric suitability
index. Historical controls include indicators for explorer routes, colonial railways, Muslim
trade routes, dummies for precolonial cities and (polynomials in) 18th century population.
Ethnic controls include dummies for mode of subsistence and political centralization of
groups. Stars */**/*** denote significance at 0.10/0.05/0.01 level.
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Table 10: Split in ten year periods
Ever world bank aid in period Number of aid projects in period
1995–2004
Protestant mission
Catholic mission
Fixed effects level
Mean dep. var.
R-squared
No. of observations

2005–2014

1995–2004

2005–2014

∗∗∗

0.129
(0.029)
0.173∗∗∗
(0.049)

∗∗∗

0.148
(0.026)
0.212∗∗∗
(0.034)

∗∗∗

1.325
(0.392)
1.753∗∗∗
(0.632)

1.091∗∗∗
(0.354)
1.999∗∗∗
(0.536)

Country
0.125
0.103
7879

Country
0.158
0.119
7879

Country
2.785
0.226
981

Country
2.682
0.242
1241

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable is a dummy for whether the grid cell had at least one active aid project in
the period 1995–2014. Geographical controls include (polynomials in) distance to coast,
share of mountain area in cell, area covered by water, malaria ecology and the caloric
suitability index. Historical controls include indicators for explorer routes, colonial railways, Muslim trade routes, dummies for precolonial cities and (polynomials in) 18th century population. Ethnic controls include dummies for mode of subsistence and political
centralization of groups. Stars */**/*** denote significance at 0.10/0.05/0.01 level.
Table 11: Non-binary treatment and outcome
World Bank aid 1995–2014
(1)
Number of Protestant missions
Number of Catholic missions

(2)

(3)

0.075∗∗∗
(0.010)
0.135∗∗∗
(0.031)

(4)

Log number of Catholic missions + 1

(5)

0.022∗∗∗
(0.005)
0.053∗∗∗
(0.007)
0.160∗∗∗
(0.023)
0.237∗∗∗
(0.054)

Log number of Protestant missions + 1

0.044∗∗∗
(0.009)
0.087∗∗∗
(0.013)
0.036∗∗∗
(0.006)
0.067∗∗∗
(0.011)

Protestant mission
Catholic mission
Fixed effects level
R-squared
No. of observations

Fraction of years with World Bank aid

Country

Country

Country

Country

Country

7869

7869

7869

7869

7869

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable in column (1) and (2) is a
dummy for at least one active aid project in 1995–2014, and in columns (3)–(5) the fraction of years the grid cell had a commitment
of an aid project in the period 1995–2014. Geographical controls include (polynomials in) distance to coast, share of mountain area
in cell, area covered by water, malaria ecology and the caloric suitability index. Historical controls include indicators for explorer
routes, colonial railways, Muslim trade routes, dummies for precolonial cities and (polynomials in) 18th century population. Ethnic controls include dummies for mode of subsistence and political centralization of groups. Stars */**/*** denote significance at
0.10/0.05/0.01 level.
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Table 12: Spatial lags
World Bank aid 1995–2014
(1)

Historical controls
Geographical controls

0.122∗∗∗
(0.022)
0.196∗∗∗
(0.042)
0.040∗∗
(0.018)
0.013
(0.013)
0.033
(0.023)
-0.006
(0.014)
Yes
Yes

Country fixed effects
Region fixed effects
District fixed effects
R-squared
No. of observations

Yes
No
No
0.328
6265

Protestant mission
Catholic mission
Protestant spatial lag—first neighbors
Protestant spatial lag—second neighbors
Catholic spatial lag—first neighbors
Catholic spatial lag—second neighbors

Notes: Standard errors clustered at the country level are shown in parentheses. The
dependent variable is a dummy for whether the grid cell had at least one active aid
project in the period 1995–2014. Geographical controls include (polynomials in) distance to coast, share of mountain area in cell, area covered by water, malaria ecology and the caloric suitability index. Historical controls include indicators for explorer routes, colonial railways, Muslim trade routes, dummies for precolonial cities
and (polynomials in) 18th century population. Ethnic controls include dummies for
mode of subsistence and political centralization of groups. Stars */**/*** denote
significance at 0.10/0.05/0.01 level.

31

Table 13: Modifiable Areal Unit Problem—1 degree cells with four different centers
World Bank aid 1995–2014
(1)

(2)

∗∗∗

(4)

Historical controls
Geographical controls
Ethnic controls

0.161
(0.042)
0.276∗∗∗
(0.077)
Yes
Yes
Yes

0.161
(0.050)
0.187∗∗
(0.077)
Yes
Yes
Yes

0.129∗∗
(0.050)
0.237∗∗∗
(0.088)
Yes
Yes
Yes

Country fixed effects
Region fixed effects
District fixed effects
R-squared
No. of observations

Yes
No
No
0.271
1773

Yes
No
No
0.282
1785

Yes
No
No
0.262
1787

Yes
No
No
0.267
1794

Catholic mission

∗∗∗

(3)

0.117
(0.043)
0.216∗∗∗
(0.073)
Yes
Yes
Yes

Protestant mission

∗∗∗

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable is a dummy for whether the grid cell had at least
one active aid project in the period 1995–2014. Geographical controls include
(polynomials in) distance to coast, share of mountain area in cell, area covered
by water, malaria ecology and the caloric suitability index. Historical controls
include indicators for explorer routes, colonial railways, Muslim trade routes,
dummies for precolonial cities and (polynomials in) 18th century population.
Ethnic controls include dummies for mode of subsistence and political centralization of groups. Stars */**/*** denote significance at 0.10/0.05/0.01 level.
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Table 14: Modifiable Areal Unit Problem—2 degree cells in with four different centers
World Bank aid 1995–2014
(1)

(2)

(3)

(4)

Historical controls
Geographical controls
Ethnic controls

0.234∗∗
(0.100)
0.251∗∗
(0.111)
Yes
Yes
Yes

0.283∗∗
(0.119)
0.148
(0.115)
Yes
Yes
Yes

0.215∗∗
(0.087)
0.269∗∗
(0.113)
Yes
Yes
Yes

0.263∗∗
(0.113)
0.293∗∗
(0.128)
Yes
Yes
Yes

Country fixed effects
Region fixed effects
District fixed effects
R-squared
No. of observations

Yes
No
No
0.413
494

Yes
No
No
0.456
501

Yes
No
No
0.463
496

Yes
No
No
0.455
497

Protestant mission
Catholic mission

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable is a dummy for whether the grid cell had
at least one active aid project in the period 1995–2014. Geographical
controls include (polynomials in) distance to coast, share of mountain
area in cell, area covered by water, malaria ecology and the caloric suitability index. Historical controls include indicators for explorer routes,
colonial railways, Muslim trade routes, dummies for precolonial cities and
(polynomials in) 18th century population. Ethnic controls include dummies for mode of subsistence and political centralization of groups. Stars
*/**/*** denote significance at 0.10/0.05/0.01 level.
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Table 15: Missions and World Bank aid
World Bank aid 1995–2014
Protestant mission
Catholic mission
Early explorer route
Colonial railway
18th century population
before1750
traderoute
Distance to coast, 1,000 km
percent within10
Malaria ecology
calmean
trimean
elevmean
polcentr d
slave atl sqkm
slave ind sqkm
pop18cent sq
pop18cent cub
coast distance sq
coast distance cub
Fixed effects level
Mean dep.var.
R-squared (within)
No. of observations

(1)

(2)

(3)

0.144∗∗∗
(0.023)
0.197∗∗∗
(0.045)
0.014
(0.015)
0.015
(0.030)
0.007∗∗∗
(0.001)
0.174∗∗∗
(0.048)
0.065∗∗∗
(0.021)
-0.346∗∗
(0.170)
0.175∗∗
(0.075)
0.001
(0.002)
0.029∗
(0.017)
0.000
(0.001)
0.000∗∗
(0.000)
-0.004
(0.012)
0.002
(0.001)
-0.012
(0.021)
-0.000∗∗∗
(0.000)
0.000∗∗
(0.000)
0.322
(0.214)
-0.122
(0.081)

0.143∗∗∗
(0.022)
0.233∗∗∗
(0.051)
0.019
(0.013)
0.002
(0.020)
0.008∗∗∗
(0.002)
0.137∗∗∗
(0.049)
0.087∗∗∗
(0.028)
-0.633∗∗∗
(0.191)
0.198∗∗∗
(0.068)
0.000
(0.001)
0.001
(0.020)
-0.001
(0.001)
0.000∗∗∗
(0.000)
-0.007
(0.018)
0.002
(0.002)
0.003
(0.011)
-0.000∗∗∗
(0.000)
0.000∗∗∗
(0.000)
0.631∗∗
(0.254)
-0.212∗∗
(0.098)

0.124∗∗∗
(0.031)
0.265∗∗∗
(0.044)
0.013
(0.011)
-0.027∗
(0.015)
0.012∗∗∗
(0.003)
0.253∗∗∗
(0.066)
0.067∗∗
(0.029)
-0.305
(0.250)
0.072
(0.081)
-0.003∗∗
(0.001)
0.009
(0.021)
-0.001
(0.001)
0.000∗∗∗
(0.000)
-0.022
(0.024)
-0.005
(0.004)
0.026
(0.049)
-0.000∗∗∗
(0.000)
0.000∗∗
(0.000)
0.103
(0.289)
-0.013
(0.097)

Country
0.209
0.114
7869

Region
0.211
0.058
7681

District
0.211
0.042
7681

Notes: Standard errors clustered at the country level are shown in parentheses. The dependent variable is a dummy for whether the grid cell had
at least one active aid project in the34
period 1995–2014. Geographical controls include (polynomials in) distance to coast, share of mountain area
in cell, area covered by water, malaria ecology and the caloric suitability
index. Historical controls include indicators for explorer routes, colonial
railways, Muslim trade routes, dummies for precolonial cities and (polynomials in) 18th century population. Ethnic controls include dummies for
mode of subsistence and political centralization of groups. Stars */**/***
denote significance at 0.10/0.05/0.01 level.

