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Non-technical Summary 

Reducing child mortality (or under five mortality) is a Millennium Development Goal (MDG 
no. 4). While nineteen thousand children die worldwide every day before reaching the age of 
five, most of these child deaths are concentrated in Sub-Saharan Africa, where 1 in 9 children 
die before reaching the age of five. A striking feature of child mortality rates in Africa is that 
there is a huge disparity in these rates across ethnic groups. In this paper we explore the 
reasons behind such disparities in child mortality rates across ethnic groups in Africa.   

The literature has attributed differences in child mortality rates across ethnic groups in Africa 
to different factors including: differences in practices by different ethnic groups which affect 
the demographic behaviour and cultural status of women; the geographical location of 
different groups, i.e. whether the groups live close to cities, or in environmentally better 
regions with better climate that supports better crops, and less diseases like malaria or if they 
live in economically important regions etc. We control for these factors and trace the origins 
of differences in child mortality rates to how ethnically different a mother is to people living 
around her. We measure the mother’s ethnic difference to others using a measure of how 
different the language the mother speaks is to the language that others speak.  

In contrast to the most literature in this area, we make a distinction between the aggregate 
measure of linguistic diversity like fractionalization (the probability that two randomly 
selected individuals from a given region speak two different languages) and of the concept of 
individual level ethnic distance (how ethnically different an individual is from others living in 
the same region). We are the first to emphasise the importance of ethnic distance to explain 
the ethnic inequality in health outcomes in Africa.  

For the purposes of this paper we have used a high quality individual level micro data from 
the Demographic and Health Surveys (DHS) combined with a novel dataset on the spatial 
distribution of ethnic groups at the level of approximately 1x1 square km for fourteen Sub-
Saharan African countries. 

There are two primary findings of our paper. Firstly, we find that children of mothers who are 
ethnically distant from people living around them face a higher probability of dying before 
reaching the age of five. Secondly, in more ethnically fractionalized/diverse places the child 
mortality rate is lower. We argue that ethnic diversity may lead to a higher stock of 
knowledge in the society and hence improves health outcomes. However, individual ethnic 
distances act as barriers to accessing this knowledge. 
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Abstract

We show that ethnic distances can explain the ethnic inequalities in child mortality rates
in Africa. Using individual level micro data from DHS surveys for fourteen Sub-Saharan
African countries combined with a novel high resolution dataset on the spatial distribution
of ethnic groups we show that children whose mothers have a higher linguistic distance
from their neighbours have a higher probability of dying. Fractionalization reduces the
probability of child death. We argue that fractionalization reflects a higher stock of knowledge
and information leading to better health outcomes. Knowledge does not flow smoothly to
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1 Introduction

Nineteen thousand children die worldwide every day before reaching the age of five. The highest

rates of child mortality are still concentrated in Sub-Saharan Africa, where 1 in 9 children die

before reaching the age of five, which is not only more than 16 times the average for developed

regions (1 in 152) but also a lot higher than South Asia (1 in 16) which has the second highest

rates of child mortality (UNICEF, 2012). The striking feature of child mortality rates in Africa

is that while all of Africa is poor, there is a huge disparity in child mortality rates across ethnic

groups. We argue that ethnic distances could explain the existence of such disparities in child

mortality rates across ethnic groups in Africa. The ethnic distance between any two ethnic

groups is measured by how different the languages that the two groups speak are. We show that

children of mothers who are ethnically distant to their neighbours face a higher probability of

dying before reaching the age of five. One possible explanation for our finding is that information

does not flow smoothly across ethnic lines and individuals who are ethnically distant to their

neighbours lose out.

Child mortality or under-five mortality is an important measure of development and

reducing it is a Millennium Developmental Goal (MDG no. 4). Our main focus is to explain

why child mortality rates vary across ethnic groups in Africa. The literature has attributed

such differences in child mortality rates across ethnic groups in Africa to different practices by

different ethnic groups which affect the demographic behaviour and cultural status of women;

the geographical location of different groups, i.e. whether the groups live close to cities, or in

environmentally better regions with better climate that supports better crops, and less diseases

like malaria or if they live in economically important regions etc. Gyimah (2002) for example,

particularly stresses the differences in socio-cultural practices such as dietary taboos and food

avoidances on mothers and infants, as well as perceptions of disease aetiology and treatment

patterns across ethnic groups.1

In this paper we make a distinction between two different concepts of ethnic diversity.

The first is an aggregated measure of diversity like fractionalization. Fractionalization is de-

fined as the probability that two randomly selected individuals from a given region speak two

different languages. All individuals, regardless of their ethnicity, face the same level of ethnic

1“Among the Mole-Dagbani groups in northern Ghana, for instance, women are denied eggs and other protein
food during pregnancy which is likely to affect their nutritional status hence the birth weight of the child. Similarly,
pregnant Akan women are encouraged to avoid rich food such as mangoes and ripe plantain for fear of miscarriages,
particularly in the early months of pregnancy” (Gyimah, 2002).
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fractionalization in a region. However, our primary focus is on the concept of individual level

ethnic distance, which measures how ethnically different an individual is from others living in the

same region. Using high quality individual level micro data from the Demographic and Health

Surveys (DHS) combined with a novel dataset on the spatial distribution of ethnic groups at

the level of approximately 1 square km for fourteen Sub-Saharan African countries we highlight

the importance of ethnic distance in explaining the disparities in child health outcomes between

ethnic groups while controlling for the commonly provided explanations including geography,

location, cultural differences between ethnic groups etc. The ethnic distance variable is calcu-

lated using the average linguistic distance of the mother from individuals living around her in

circles of different radii.

There are two primary findings of our study. First, children of mothers who are ethnically

distant from their neighbours have a higher probability of dying as children. This result is robust

to the inclusion of the commonly used measures of ethnic diversity, as well as several individual

specific controls, apart from ethnicity, region, and country-time fixed effects. This finding holds

as long as ethnic distances are calculated using circles of radii ranging from 25 km to 125 km

around the mother, but not in bigger circles. Our second key finding is that children of mothers

living in more ethnically fractionalized places have a lower probability of child death.2

In terms of average marginal effects, if we consider a circle of 75km around the mother,

a one standard deviation (0.267) increase in the linguistic distance of the mother from her

neighbours increases the probability of her children dying by around 0.73%, which is about 3.2%

of all the child deaths in our sample. By itself this marginal effect looks small. But to put

things in perspective, a one year increase in the mother’s education, which is a very important

variable, leads to only a 0.5% decrease in the probability of child death.

While there are several possible alternative explanations, we use the recent insights of

Ashraf and Galor (2013) to interpret our empirical findings. Ashraf and Galor (2013) point out

that diversity could have both positive and negative impacts on economic outcomes. In the same

vein, we argue that ethnic diversity leads to a higher stock of knowledge in society about how to

rear one’s children and thus improves the health outcomes of children, whereas individual ethnic

distances act as barriers to accessing such knowledge and thus lead to worse health outcomes.3

Using the same DHS data we find some evidence in favour of this hypothesis. We see that,

2Controlling for polarization instead does not change the results. Polarization measures how far the distribution
of the linguistic groups is from the bipolar distribution (1/2, 0, 0, ... , 0, 1/2).

3We discuss some of the other possible explanations in the next section.
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linguistically distant individuals are less likely to have heard of the oral rehydration product

(ORS) for treating children with diarrhoea, whereas individuals living in more fractionalized

places are more likely to have heard of ORS.

Since we control for ethnicity and religion specific fixed effects our results are not driven

by heterogeneity in unobservable characteristics across ethnic groups. This lets us abstract

from previously provided explanations of differences in child mortality rates between ethnic

groups including differences in cultural practices between different ethnic groups etc. Also, the

use of region and country-time fixed effects allow us to discard the location and geography

explanations. However, there still remain concerns about endogeneity of our results due to

unobserved differences between individuals who live in places where they are ethnically more or

less distant to others. In order to address such endogeneity we control for a host of variables that

would reduce the possibilities of omitted variable bias. We also explicitly control for migration

in some of the specifications. Then, using recently developed methods by Altonji et al. (2005)

we show that our results are unlikely to be driven by selection on unobservables.

Apart from our two main results we also find some evidence that wealthier mothers can

mitigate some of the negative effects of linguistic distance. But we find no heterogeneity in

the effects of linguistic distance by education, child gender, place of residence (urban or rural),

or distance from the capital. Neither do we find any evidence of nonlinearities in the effects

of linguistic distance. However, in line with Ashraf and Galor (2013) we do find some weak

evidence that ethnic diversity has a nonlinear effect on child mortality. We also undertake

several robustness checks and show that our results remain qualitatively unchanged to different

specifications, controls etc.

Our paper contributes to several different strands of the literature. One of the primary

strands is the literature that finds ethnic diversity to have a negative effect on the provision

of public goods and hence health outcomes.4 However, most of the literature is at the cross

country level. Interestingly, Platas (2010) finds ethnic diversity to be either insignificant or have

a positive and significant effect on some health outcomes including child mortality in Africa.

The literature has yet to provide an explanation for this seemingly puzzling finding. In contrast

we take this literature to an individual level analysis with a rich set of controls and point out

that while ethnic diversity might indeed have a positive effect on child mortality rates, ethnic

4Miguel and Gugerty (2005), Alesina et al. (1999), Vigdor (2004), Habyarimana et al. (2007), Alesina et al.
(2003), Desmet et al. (2012), La Porta et al. (1999), Ahlerup (2009), Ghobarah et al. (2004), Lieberman (2007),
Platas (2010)
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distance has a negative effect.

The second strand that we contribute to is the literature that views child mortality as

an indicator of individual welfare or development and tries to understand its determinants.5

Some of this literature particularly focuses on ethnic favouritism (Kudamatsu, 2009; Franck and

Rainer, 2012). However, these papers usually attempt to identify the effect of the ethnicity of

the countries’ leader on mortality rates in different groups. So far none of these papers have

looked at the effects of individual ethnic distance on child health outcomes.

The third strand to which we contribute is the small but growing literature that empha-

sizes the role of ethnic distances in explaining different socio-economic outcomes.6 We take this

literature a step forward. To the best of our knowledge, we are the first to relate individual level

health outcomes to the ethnic distance of the individual from her neighbours.7

Finally, we contribute to the literature that tries to explain the emergence of ethnic

inequality. Ethnic inequality defined as the inequality in well-being across ethnic groups that

coexist, is bad for economic growth (Alesina et al., 2012), provision of public goods (Baldwin and

Huber, 2010), and can lead to civil conflicts (Mitra and Ray, 2010; Gomes, 2012) etc. We show

how ethnic distances might lead to ethnic inequality in health outcomes in Africa. While some

previous papers have attempted to explain ethnic inequality in child mortality rates (Gyimah,

2002; Brockerhoff and Hewett, 2000), we are the first to underscore the importance of ethnic

distance.8

The rest of the paper is organized as follows. In Section 2, we explain why ethnic distance

and diversity might matter for child mortality. In Section 3, we discuss the data sources and

how the different variables are constructed. In Section 4 we present our empirical analysis and

results. In Section 5 we provide some evidence of how ethnic distance might affect access to

information. In Section 7 we conclude.

5Besley and Kudamatsu (2006), Kudamatsu (2009), and Kudamatsu et al. (2012), Franck and Rainer (2012).

6Economic development via human capital accumulation (Laitin and Ramachandran, 2014; Shastry, 2012),
trade flows (Isphording and Otten, 2013), literacy and labour market outcomes of immigrants (?). See also
Desmet et al. (2012), Desmet et al. (2009), Gomes (2013), Spolaore and Wacziarg (2009), Esteban et al. (2012a),
Esteban et al. (2012b) for aggregate cross-country measures incorporating ethnic distances.

7Kumar et al. (2012) find geographic distance to be an important barrier to good maternal and child health
outcomes in India. We on the other hand investigate the effects of ethnic distance on child health outcomes while
controlling for geographic distance.

8Ethnic inequality is not just a feature of Africa. See Banerjee and Somanathan (2007), Sethi and Somanathan
(2010) for evidence of ethnic inequality in India.
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2 Why Does Ethnic Distance Matter?

There are several cross country papers showing how ethnic diversity might have negative effects

on different health outcomes including infant mortality rates (Alesina et al., 2003); public health

spending, life expectancy (Ghobarah et al., 2004); AIDS expenditures, anti-retroviral treatment

coverage, etc. (Lieberman, 2007). This literature however, is in sharp contrast to the literature

that studies the effects of diversity at a more localized level and find diversity to have a positive

effect on different socio-economic outcomes including, creativity in groups (McLeod et al., 1996),

economic growth in cities (Glaeser et al., 1995; Ottaviano and Peri, 2006), public goods (Desmet

et al., 2013). Moreover, Platas (2010) focussing on a wide range of health outcomes including

infant and child mortality shows how local ethnic diversity might in fact have a positive effect

on health outcomes.

Ashraf and Galor (2013), on the other hand underscore that diversity could have both

beneficial and detrimental effects on the economy. On the one hand diversity enhances knowledge

creation and accumulation and fosters technological progress in the economy. On the other hand

diversity leads to more inefficiency by increasing the possibilities of disarray and mistrust and

thus leading to reduced cooperation and disrupting socioeconomic order. We use thes insights of

Ashraf and Galor (2013) and their framework with minor modifications and argue that diversity

reflects a higher stock of knowledge and information about how to rear one’s children. Overall

child mortality is thus lower in ethnically diverse localities. However, such knowledge does not

flow smoothly across ethnic groups and especially to groups which are ethnically very distant

and thus such groups lose out.

Formally, we consider an economy where the level of ethnic diversity affects the level of

productivity. The level of technology is given by A = A(z, ω), where z denotes the institutional,

geographical and human capital factors and ω = [0, 1], which is the degree of ethnic diversity,

has a positive but diminishing effect on the level of technology.9 However, δi, which is the ethnic

distance of an individual to her neighbours, reduces the individual production. Let x be the

individual labour input. Thus, the individual health production function is given by,

yi = (1− δi)A(z, ω)f(xi) (1)

The individual ethnic distance, δi, represents a barrier to knowledge and impedes indi-

9A(z;ω) > 0, Aω(z;ω) > 0, and Aωω(z;ω) < 0 for all ω ∈ [0; 1].
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vidual access to information about good health.10 On the other hand overall diversity actually

improves health outcomes via the technology term technology A = A(z, ω).

The role of information for healthcare cannot be over emphasized. Malhotra (2012)

for example points out how lack of information on feeding practices or nutritional knowledge

amongst families plays a key role in the persistence of chronic child malnutrition in India.

More than a third of under-five deaths worldwide are attributable to under nutrition (UNICEF,

2012). Again, the Audience Scape National Surveys highlight the role of information for health

care for several African countries. For example, they find that in Zambia people who have

received information about HIV/AIDS, malaria, or family planning within a month prior to the

survey were more likely to be in better health (Zhou, 2010). “Word of mouth” is found to be

important for health information, with friends or family members acting as key channels of such

information. The top three most trustworthy sources for health issues were found to be medical

doctors, radio, and friends or family members.11

While ours is the first paper to underscore the negative health costs of linguistic distant

via the information channel, there is some evidence in the literature on ethnicity being a barrier

for information. Fisman et al. (2012) for example show how cultural proximity (or a lower ethnic

distance) between lenders and borrowers in India mitigates problems of asymmetric information

in lending. Similarly, Pongou (2009) points out that information circulates more easily within

ethnic groups than across and highlights the implications for HIV/AIDS in Africa. Again, in

Kenya there is evidence on targeting of spread of health information via maximum language use,

Kiswahili being the language of the majority (Bowen, 2010). However, this makes it harder for

fringe groups to get access to such information.12

While we use the Ashraf and Galor (2013) framework to explain the role of linguistic

distance and ethnic diversity on healthcare, our framework can be easily modified and related

to the literature on ethnic diversity and public goods. If like the Alesina et al. (1999) model we

10If we take δi = 0, then we get a simplified version of the model in Ashraf and Galor (2013). In Ashraf
and Galor (2013) additionally “a fraction, αω, of the economy’s potential productivity, A(z;ω), is lost due to
lack of cooperation and resultant inefficiencies in the production process.” Hence, they show that y = (1 −
αω)A(z, ω)f(x) ≡ y(x, z, ω) is a strictly concave hump-shaped function of ω.

11Similar surveys with similar findings exist for other countries as well. See Montez (2011) for Tanzania, for
example.

12Again, Singleton and Krause (2009) points out how Spanish speaking patients face barriers to ac-
cessing health care even in the US. In Mexico indigenous people don’t go to the hospital in fear
that their language and customs will not be understood and due to lack of trust between groups.
http://www.nytimes.com/video/2013/08/13/world/americas/100000002373842/a-chiapas-medicine-man.html
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assume that the median voter decides which public goods get provided, then as an individual’s

distance from the median voter (the average person around her) increases, the worse off she is.

Again, individuals who are very different from others can be easily identified and thus can be

easily discriminated against reducing their access to public goods (Blattman and Miguel, 2010;

Caselli and Coleman, 2013; Fearon and Laitin, 1996; Miguel and Gugerty, 2005). However, using

these models we cannot explain why ethnic diversity has a positive effect on health outcomes

while ethnic distances have a negative effect. We thus stick to our simple framework based on

Ashraf and Galor (2013).

3 Data

3.1 Spatial Distribution of Ethnic groups

In order to construct the ethnic distance of the mother from people living around her, we need

the distribution of ethnic groups across space. Until very recently there was no comprehensive

database on the spatial distribution of ethnic groups available. Desmet et al. (2013) (work in

progress) fill this gap by constructing the most comprehensive database on the spatial distribu-

tion of ethnic groups for the whole world at a resolution of approximately 1 sq. km. We exploit

this new database.13

Desmet et al. (2013) construct their database using two different sources of data. For the

spatial distribution of population they use the Landscan data. Landscan is the finest resolution

global population distribution data available for the entire world. The resolution is 30 arc seconds

by 30 arc seconds, which is approximately 1 sq. km at the equator.14 For the information on

ethnic groups they use the 15th edition of Ethnologue which maps over 7600 linguistic groups for

the whole world. The linguistic groups are represented in the form of polygons across space where

each polygon represents the homeland of a particular linguistic group. Areas where multiple

languages are spoken are represented via overlapping polygons. The total population pertaining

to a particular linguistic polygon within a particular political boundary is also provided.

For example, let us consider the case of Ethiopia whose population distribution from

Landscan can be seen in the Figure 1.15 Figure 2 gives the languages in Ethiopia once it is over-

13Alesina and Zhuravskaya (2011) construct a database of ethnic diversity at the sub-national level but their
database only goes down to the district level and only for 92 countries.

14For details see http://web.ornl.gov/sci/landscan/

15In Figure A.3, we zoom in into the capital Addis Ababa and can clearly notice how the population is concen-
trated around the capital.
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Figure 1: Ethiopia Population distribution based on Land Scan data. Each pixel roughly rep-
resents 1x1 sq. km of and darker the pixel the less populated the corresponding sq. km is.

Figure 2: Ethiopia language distribution based on Ethnologue data overlying the population
distribution. Each colour polygon represents a different language group.8



laid on the population distribution. Polygons of different colours represent different languages.

While in Ethiopia, there are no overlapping languages according to the Ethnologue data, in

some countries, we have areas where multiple languages are spoken. Such areas where multiple

languages are spoken are represented by overlapping polygons. For instance, Figure 3, maps

the distribution of languages for Mali. While it is not obvious from the map in Figure 3, some

areas in Mali have overlapping languages. The small area highlighted in blue in the South East

corner of Mali is one such area. In Figure 4 we zoom into that area. Now we can clearly see an

area demarcated by blue borders.

The blue border demarcating the outermost polygon in Figure 4, is the area where the

Senufo Mamara language is spoken. This entire polygon can be dived into 3 zones. The leftmost

zone in dark pink is where Maasina Fulfulde and Bamanankan languages are spoken in addition

to the Senufo Mamara language. The middle zone, which is greenish in colour, is where Maasina

Fulfulde and Senufo Mamara are spoken, and finally, the rightmost zone, in light pink is the

zone where only the Senufo Mamara language is spoken.16

Thus, we see that within the same country there could be zones where one, two or

multiple languages are spoken. The language allocation procedure for arriving at the distribution

of languages, takes this into account in the allocation algorithm. Depending on the number of

language polygons overlying a particular population cell, the total language population, and

the total population of the country, each cell gets a particular distribution of languages via

programming in ArcGIS, Python, Matlab and Stata. The final data on the spatial distribution

of ethnic groups gives us for each square km of the world, the languages spoken and how many

people speak each of those languages in that square km.1718

3.2 Linguistic distance

We measure ethnic distances using the linguistic distance between the languages that the differ-

ent ethnic groups speak. We follow Fearon (2003), Desmet et al. (2009), Desmet et al. (2012)

and several other recent papers which use linguistic tree diagrams to measure distances between

16Appendix Figure A.1 gives the distribution of all African languages along with their corresponding popula-
tions. The blank areas have no information on languages but are almost always sparsely populated (or unpopu-
lated) desert areas. If there is some population living in these areas then they are assigned to the language of the
nearest polygon. Figure A.2 gives the population distribution at the 1 sq. km level coming from LandScan which
gives us the number of people living in each square km of the world.

17The reader is directed to the data section of Desmet et al. (2013) for further details.

18Alesina et al. (2013) use a similar methodology using the same data sources and calculate district and country
level averages of historical plough use by ancestors of different ethnic groups.
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Figure 3: Mali Language distribution based on Ethnologue data. Each colour polygon represents
a different language group.

Figure 4: Mali overlapping language polygons example. The polygons demarcated by blue
denote an area where multiple languages are spoken. The leftmost zone in dark pink is where
Maasina Fulfulde and Bamanankan languages are spoken in addition to the Senufo Mamara
language. The middle zone, which is greenish in colour, is where Maasina Fulfulde and Senufo
Mamara are spoken, and finally, the rightmost zone, in light pink is the zone where only the
Senufo Mamara language is spoken.
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languages. The distance between two languages j and k using this approach is defined as:

τjk = 1−
(
l

m

)δ
(2)

where l is the number of shared branches between j and k, m is the maximum number

of branches between any two languages, and δ is the decay factor, which is a parameter that

determines how fast the distance declines as the number of shared branches increases. Data on

language trees come from the Ethnologue data.19

For our final analysis we need to calculate the average linguistic distance of each mother

in our sample to all other individuals living around her in circles of different radii. The linguistic

distance for each mother j (who speaks language j) to all other individuals in the circle is given

by,

n∑
k=1

τjk (3)

where there are n individuals living in the circle and k represents the language of each

of those n individuals. The function τjk is defined by the formula 2.

The decay factor δ measures, “how much more distant should we consider two languages

from different families to be relative to languages that belong to the same family” (Desmet et al.,

2009). There is no consensus in the literature on what the value of δ should be. While, in their

empirical exploration, Desmet et al. (2009) find that values of δ between 0.04 and 0.10 perform

well and choose a δ of 0.05, Fearon (2003) uses a δ of 0.5. Since, there is no theoretical basis

for choosing one value of delta or the other, we let the data tell us which values of δ perform

better than others and find that lower values of δ perform better than higher values and fix δ

at 0.0025. Choosing a δ of 0.05 like Desmet et al. (2009) leads to qualitatively similar results.

In order to understand what the different values of δ imply, let us consider the two Indo-

European languages Greek and Italian. Following the language tree from Ethnologue, these two

languages share one common branch. Taking a δ of 0.5 like Fearon (2003), the distance between

them is 0.74. Again, if we consider Chinese and Italian which belong to completely different

families and thus share no branches in common, the distance between them is one. On the other

19There are other ways of measuring linguistic distances. For example, Dyen et al. (1992) use the proportion of
cognates in any two languages. Again, Isphording (2013) uses not only cognates but also the number of sounds
that need to be changed between two words that have the same meaning (say, Tu and You) in two different
languages. However, distance calculated using language tree diagrams are more useful since the data is a lot more
comprehensive and exists for all countries. See Desmet et al. (2009) for a discussion.
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hand if we take a δ of 0.05 following Desmet et al. (2009), the distance between Greek and

Italian becomes 0.13, whereas that between Chinese and Italian continues to be one. Finally,

if we choose a δ of 0.0025, the distance between Greek and Italian is 0.007 while that between

Chinese and Italian is still one.20

3.3 Linguistic Diversity

Our primary measure of ethnic diversity is the commonly used measure of ethnic fractionaliza-

tion. Ethnic fractionalization has been found to be bad for a host of socio economic outcomes

(Alesina et al., 2003) and has often been blamed for Africa’s poor economic performance (East-

erly and Levine, 1997). However, recent literature has emphasized that for certain outcomes like

civil conflicts etc. ethnic polarization rather than fractionalization is more relevant (Montalvo

and Reynal-Querol, 2005). In some of our specifications we also control for polarization. If the

level of analysis is the country level, then there is a distinction between these two measures of

diversity. However, at very fine levels of disaggregation, as is our case, both fractionalization

and polarization are highly correlated with a correlation of above 0.82, and yield similar results.

The fractionalization measure frac(j) gives the probability that two randomly selected

individuals from a given country speak two different languages. The polarization measure pol(j)

on the other hand measures how far the distribution of the linguistic groups is from the bipolar

distribution (i.e. the (1/2, 0, 0, ... , 0, 1/2) distribution) which represents the highest level

of polarization (Montalvo and Reynal-Querol, 2005). The fractionalization index is maximized

when each individual in the region belongs to a different linguistic group, while the polarization

index is maximized when there are only two groups in the region and they of equal size.21

Formally, the two measures are defined as follows:

Fractionalization: frac(j) = 1− Σ[Si(j)]
2. (4)

Polarization: pol(j) = 4Σ[Si(j)]
2[1− Si(j)]. (5)

where Si(j) is the proportion of the population speaking language i at geographic region j. The

disaggregated nature of our data allows us to calculate diversity at different levels of aggregation.

20Example from Desmet et al. (2009).

21The reader is directed to Montalvo and Reynal-Querol (2005) for a detailed discussion and comparison of the
two measures.
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We thus calculate our measures of diversity at both the circle and district levels. Geographic

region in the different specifications could refer to either circles or districts. However, as we will

see later this does not affect our results.

3.4 Child Mortality

Child mortality is the death of a child before reaching the age of five. If the child dies before

reaching the age of one then it is termed as infant mortality while if the child does not survive

for a month after its birth, then it is termed as neo-natal mortality. The Demographic and

Health surveys (DHS) make available data on child mortality at the individual level for many

developing countries from across the world. Funded by the the U.S. Agency for International

Development (USAID), the DHS has been conducting surveys in several developing countries

since the 1980s. By interviewing a nationally representative sample of women of child bearing

age (15 to 49), the DHS collects data on all the children they have ever given birth to in the

past including the children who did not survive till the time of the interview. The standardized

components of the DHS questionnaire can be used to compile cross country micro data sets.

Each DHS survey provides information on life and health outcomes of individuals which

allow us to construct measures of child mortality and several other individual level variables

including the child’s gender, birth-order, their mother’s weight, stature, years of education, and

occupation, wealth level etc. Moreover, in many of the surveys the mother’s ethnicity is also

provided. Also, using a GPS receiver, the geographic coordinate of each geographic cluster

(village or town) is also collected. In Figures 5 and 6 for example, we see the spatial location of

all DHS clusters for Mali and Ethiopia respectively. We draw circles of 25 km radius around the

DHS clusters for the DHS surveys conducted in 1996 in the case of Mali and 2000 in the case of

Ethiopia, in order to calculate average ethnic distances.

We use fourteen countries in our analysis viz. Kenya, Uganda, Ethiopia, Burkina Faso,

Malawi, Senegal, Zambia, Sierra Leone, Mali, Guinea, Ghana, Benin, Namibia and Niger. To

start with we consider all Sub-Saharan African countries for which DHS data is available. Our

analysis requires along with the regular DHS data on health outcomes, the ethnicity and GPS

coordinates of the mother’s location. Thus, countries which have either of these two information

missing have to be discarded. Then in order to calculate the linguistic distance we need to be

able to map the ethnicities to the languages. For the matching between ethnicity and languages

we closely follow Fearon (2003). But our matching is a lot more comprehensive. Fearon (2003)

provides the matching for the major ethnic groups in the country whereas we construct the

13



matching for each and every ethnic group in the country regardless of its size. We have also had

to discard countries for which this mapping is not good enough.22

3.5 Geographic Distance

The geographic isolation and distance from the capital are calculated by using the formula for

the great circle distance. The geographic distance between any two points in space ` and k,

denoted by |`, k|, is computed as the great circle distance:

|`, k| = rE arccos(sin(lat`) sin(latk) + cos(lat`) cos(latk) cos(long` − longk) (6)

Using the above formula we calculate the geographic isolation of any individual as the

average geographic distance betweeen that individual and all the other people in the country.

The highest distance between any two individuals in the country is normalized to 1. The distance

to the capital is simply the distance of the individual to the capital calculated using formula ( 6

), where we take ` to be the individual’s location and k to be the location of the capital.

3.6 Summary Statistics

Figure A.4 in the appendix gives the maps of all the countries included in the analysis. We

have fourteen countries and a total of thirty surveys with information on the births and deaths

of over 825,000 children. However, we can consider only the children who would have already

reached the age of five by the day of the sampling, since we do not know if the others are going

to survive till the age of five or not. Thus, as can be seen from Table B.1, in the child mortality

sample we have information on the births of 658,755 children out of who about 23% do not

survive till their fifth birthday. About 12% do not survive till their first birthday. There is huge

variability in the data over time and space. From Table B.2 we can see that in Niger 35% of

the children die before reaching the age of five, whereas in Kenya the corresponding number is

13%. The linguistic distance and fractionalization variables all lie between 0 and 1. 22% of the

sample is urban and 49% of the sample is female.

4 Empirical Analysis

4.1 Econometric Specification

Our primary relationship of interest is that between child mortality and the ethno-linguistic

distance of the mother from her neighbours. We would also like to understand how ethnic

22We have cross-checked our data using Fearon (2003).
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Figure 5: Ethiopia distance example. Circles of 25 km radius have been drawn around DHS
clusters from the DHS survey for Ethiopia in 2000.

Figure 6: Mali distance example. Circles of 25 km radius have been drawn around DHS clusters
from the DHS survey for Mali in 1996.

15



diversity of the neighbourhood affects child mortality. The baseline specification is given by

equation ( 7 ). In our baseline specification we have child mortality on the left hand side and

our primary variables of interest on the right hand side along with a host of control variables

that have been found to be important for child mortality.

Prob(deathiet) = αR + αethnicity + αreligion + αc∗t + β1 ethnic distanceie

+ β2 ELFi + β3 Xit + β4 Xi + εiet
(7)

where Prob(deathiet) is the probability of death of child ‘i’ born to mother belonging to ethnicity

‘e’ in year ‘t’. The ethnic distanceie variable is our primary variable of interest and it gives the

linguistic distance of the mother of child ‘i’ belonging to ethnicity ‘e’ from people living within

circles of different radii around her. The ELFi variable gives the ethno-linguistic fractionalization

in the circles of different radii around the mother. For calculating both the linguistic distance

and the ELF we have used circles of different radii, viz. 25, 50, 75, 100, 125, 150, 175, 200, 250

km around the mother.23

The variables Xit and Xi come from the literature on child mortality and have been

found to be important for child mortality.24 Xit includes birth specific variables viz. female

child dummy, age at birth, age at birth squared, multiple birth, birth order, birth order squared,

short birth space prior, short birth space post. Xi includes mother specific variables viz. urban

dummy, education years, and dummies for the wealth index. We also control for the geographic

distance, which gives the geographic isolation of the mother from everybody else in the country

and the distance of the mother’s location from the capital, which are both included in Xi.

We include region fixed effects αR apart from country specific time effects αc∗t which

allows for the non-parametric evolution of time effects differently for each country. By including

ethnicity fixed effects, αethnicity, we control for unobserved heterogeneity across ethnic groups,

which allows us to identify the effect of ethnic distance on child mortality that is not driven

by ethnicity specific characteristics like ethnic dominance of certain groups, cultural differences

leading to differences in health practices between different groups, etc. Likewise αreligion, the

religion dummy controls for differences in religious beliefs and practices across different individ-

uals.

23In some specifications we also calculate ELF at the district level. As we will discuss later, controlling for
polarization instead does not affect our results.

24See Kudamatsu (2009), Baird et al. (2011), Franck and Rainer (2012) for example.
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Since child mortality is a 0-1 binary variable we estimate it via pooled probit regres-

sions.25 β1 is our coefficient of interest since it gives the effect of linguistic distance of the

mother on the probability of death of the child. Given the possibilities of endogeneity giving

a causal interpretation to β1 is not straightforward. Moreover, we cannot use mother specific

fixed effects since the ethnic distance variable does not vary across time for the same mother.

However, we are able to control for a host of maternal and birth characteristics which alleviate

endogeneity concerns to a great extent. Moreover, we later do some analysis to gauge how

much selection on unobservables is taking place and this increases our faith in the causal inter-

pretation of β1. The standard errors are clustered at the Survey-Country level in the baseline

specifications, but we do robustness checks by clustering standard errors at different levels.

4.2 Results- Ethnic distance and Child mortality

Most studies look at how ethnic diversity affects different economic outcomes including in-

fant/child mortality at the aggregate country/ district/ or town level. In this paper we study

the effects of individual level ethnic distance on child mortality at the individual level while con-

trolling for the more aggregated measures of ethnic diversity. We are able to construct measures

of ethnic diversity taking into account the exact location of the individual.

Table 1 gives our baseline specification. In Table 1 we try to explain how the linguistic

distance of the mother from people living around her, affects the probability of her child dying

before reaching the age of five. In this baseline specification we consider the average distance of

the mother from all individuals living in a radius of 75 km around her.

In the different columns of Table 1 we keep adding different control variables. In column

1 we do not control for any other variables apart from the linguistic distance variable. In column

2, we add a control for linguistic fractionalization. We notice that without any other controls

neither linguistic distance nor fractionalization is significant. In column 3 we add individual

level controls including wealth and education of the mother, sex of the child, location of the

mother, and other individual specific variables that affect child mortality like birth order etc.26

In column 4 we add region fixed effects and country-time fixed effects. In column 5 we add

religion and ethnicity fixed effects and in column 6 we add controls for geographic isolation and

25As a robustness check we also use linear probability models, but as we will see later our results remain
unchanged.

26The wealth index variable is an ordinal index that takes five different values with a higher value indicating a
higher level of wealth.
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Table 1: Child mortality: Baseline

(1) (2) (3) (4) (5) (6)
linguistic distance 75 0.0502 0.0511 0.0862* 0.0280 0.0995*** 0.100***

(0.0559) (0.0580) (0.0470) (0.0272) (0.0339) (0.0340)
fractionalization 75 -0.0113 -0.0646 -0.0313 -0.0461* -0.0473*

(0.0741) (0.0642) (0.0248) (0.0235) (0.0245)
urban -0.0903*** -0.0674*** -0.0692*** -0.0686***

(0.0317) (0.0160) (0.0153) (0.0153)
female -0.0654*** -0.0675*** -0.0679*** -0.0679***

(0.00435) (0.00429) (0.00429) (0.00430)
education years -0.0363*** -0.0219*** -0.0210*** -0.0210***

(0.00532) (0.00253) (0.00248) (0.00248)
wealth index 2 0.0313 0.0102 0.00725 0.00693

(0.0190) (0.0143) (0.0141) (0.0139)
wealth index 3 0.0129 -0.00825 -0.0112 -0.0110

(0.0210) (0.0217) (0.0209) (0.0209)
wealth index 4 -0.0235 -0.0569** -0.0588** -0.0586**

(0.0251) (0.0256) (0.0246) (0.0246)
wealth index 5 -0.0996*** -0.156*** -0.156*** -0.155***

(0.0365) (0.0278) (0.0257) (0.0255)
log distance to capital 0.00891

(0.0101)
geographic isolation -0.0816

(0.0525)
Individual controls No No Yes Yes Yes Yes
region No No No Yes Yes Yes
country*time No No No Yes Yes Yes
Religion No No No No Yes Yes
Ethnicity No No No No Yes Yes
N 658755 658755 658505 649182 648468 648468
pseudo R2 0.000 0.000 0.062 0.084 0.086 0.086

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions have
been used. Standard errors in parentheses are clustered at the DHS survey-country level.
The numbers after linguistic distance and fractionalization variables indicate the radius of
the circle around the mother in which these variables have been calculated. The individual
controls include age at birth, age at birth squared, multiple births (twins, triplets etc.), birth
order, birth order squared, short birth space prior to birth, and short birth space post birth.

distance from the capital.

Column 6 is our most complete and preferred specification. The inclusion of ethnicity

fixed effects allows us to control for heterogeneity in unobservable characteristics across ethnic

groups including heterogeneity in health outcomes across ethnic groups, and differences in cul-

tural practices between different groups etc. We notice that once religion and ethnicity fixed

effects are controlled for (in both columns 5 and 6), our linguistic distance variable becomes

highly significant. The linguistic distance of the mother from people living around her signifi-

cantly increases the probability of her child dying before reaching the age of five. Contrary to

previous findings in the literature, the fractionalization variable on the other hand significantly

reduces the probability of a child dying before reaching the age of five.

The rest of the variables all have the expected signs and effects. Female children, urban
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children and children whose mothers are more educated have a lower probability of dying.

Again, children whose mothers belong to either of the two highest wealth quintiles have a lower

probability of dying. Geographic distance to the capital increases the probability of dying, but

geographic isolation does not significantly affect the probability of death.

In Table 2 we verify if our results are robust for circles of alternate radii around the

mother. In the different panels of Table 2 we have exactly the identical specifications as in

Table 1 except that in each panel we have a different radius of the circle around the mother. To

start with in panel 1 we investigate the effects of linguistic distance of the mother from people

living in a radius of 25 km around her. Subsequently in panel 2, 3, 4, 5, 6, 7, 8, 9 the radii are

50, 75, 100, 125, 150, 175, 200, 250 km respectively.

As in Table 1, in Table 2 we see that the linguistic distance of the mother from people

living around her significantly increases the probability of her children dying. This holds true for

linguistic distance calculated in circles ranging from radius 25 km to 125 km, beyond which the

linguistic distance variable is not significant. The results are robust to the inclusion of region,

ethnicity, country-time fixed effects, individual specific controls, geographic isolation and the

popularly used measure of ethno-linguistic fractionalization. Fractionalization whenever it is

significant continues to reduce the probability of child death.

In the tables above, so far we have considered the coefficients from the regressions. It

is clear that the coefficient for the linguistic distance variable is statistically significant, but is

it economically significant as well? In order to gauge the magnitude of the effect of linguistic

distance on the probability of child death we now present the average marginal effects. The

average marginal effect of an increase in linguistic distance of the mother from her neighbours

within a circle of 75 km is of 2.7%. A one standard deviation (0.27) increase in the linguistic

distance of the mother from her neighbours increases the probability of her children dying by

around 0.73%. Thus linguistic distance explains about 3.2% of the mean child deaths in our

sample. Looking at the average marginal effects of fractionalization in the radius of 75 km we

see that if we move from the completely homogenous (fractionalization = 0) to a completely

heterogeneous (fractionalization = 1) location, the probability of child death falls by 1.3%. And

a one standard deviation (0.27) increase in fractionalization leads to a fall of 0.35% in the

probability of child death.

By themselves these marginal effects look very small. But to put them in perspective let

us compare these average marginal effects with those of some of the other important variables.

For instance, a one year increase in the mother’s education leads to only a 0.56% decrease in
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Table 2: Child mortality: Alternative radii

(1) (2) (3) (4) (5) (6)
linguistic distance 25 0.0439 0.0437 0.0833* 0.0242 0.0605*** 0.0610***

(0.0536) (0.0573) (0.0472) (0.0259) (0.0219) (0.0221)
fractionalization 25 0.00163 -0.0490 -0.0270 -0.0386** -0.0369**

(0.0514) (0.0443) (0.0182) (0.0165) (0.0160)
linguistic distance 50 0.0476 0.0473 0.0856* 0.0264 0.0823*** 0.0828***

(0.0555) (0.0584) (0.0476) (0.0268) (0.0270) (0.0271)
fractionalization 50 0.00275 -0.0544 -0.0219 -0.0343* -0.0339*

(0.0630) (0.0547) (0.0204) (0.0195) (0.0199)
linguistic distance 75 0.0502 0.0511 0.0862* 0.0280 0.0995*** 0.100***

(0.0559) (0.0580) (0.0470) (0.0272) (0.0339) (0.0340)
fractionalization 75 -0.0113 -0.0646 -0.0313 -0.0461* -0.0473*

(0.0741) (0.0642) (0.0248) (0.0235) (0.0245)
linguistic distance 100 0.0519 0.0533 0.0846* 0.0262 0.106*** 0.106***

(0.0562) (0.0576) (0.0465) (0.0275) (0.0388) (0.0385)
fractionalization 100 -0.0225 -0.0748 -0.0406* -0.0582*** -0.0611***

(0.0865) (0.0733) (0.0239) (0.0214) (0.0230)
linguistic distance 125 0.0526 0.0545 0.0826* 0.0253 0.112** 0.111**

(0.0557) (0.0567) (0.0456) (0.0273) (0.0486) (0.0479)
fractionalization 125 -0.0419 -0.0873 -0.0441 -0.0638*** -0.0692**

(0.100) (0.0843) (0.0291) (0.0246) (0.0281)
linguistic distance 150 0.0510 0.0530 0.0798* 0.0224 0.102 0.0997

(0.0560) (0.0566) (0.0454) (0.0274) (0.0631) (0.0617)
fractionalization 150 -0.0537 -0.0971 -0.0262 -0.0504 -0.0582

(0.117) (0.0975) (0.0378) (0.0315) (0.0367)
linguistic distance 175 0.0496 0.0520 0.0779* 0.0207 0.104 0.100

(0.0563) (0.0565) (0.0450) (0.0274) (0.0776) (0.0760)
fractionalization 175 -0.0695 -0.109 -0.0152 -0.0448 -0.0525

(0.137) (0.113) (0.0465) (0.0373) (0.0429)
linguistic distance 200 0.0489 0.0515 0.0768* 0.0190 0.104 0.0979

(0.0569) (0.0566) (0.0451) (0.0272) (0.0889) (0.0871)
fractionalization 200 -0.0835 -0.124 0.00314 -0.0341 -0.0410

(0.159) (0.130) (0.0562) (0.0437) (0.0484)
linguistic distance 250 0.0476 0.0487 0.0720 0.0226 0.112 0.102

(0.0591) (0.0575) (0.0459) (0.0274) (0.104) (0.101)
fractionalization 250 -0.123 -0.183 -0.0939 -0.149** -0.154**

(0.203) (0.162) (0.0842) (0.0684) (0.0659)
Individual controls No No Yes Yes Yes Yes
region No No No Yes Yes Yes
country*time No No No Yes Yes Yes
Religion No No No No Yes Yes
Ethnicity No No No No Yes Yes
N 658755 658755 658505 649182 648468 648468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions have
been used. Standard errors in parentheses are clustered at the DHS survey-country level.
The numbers after linguistic distance and fractionalization variables indicate the radius
of the circle around the mother in which these variables have been calculated.

the probability of child death. Again, moving from a rural to an urban location reduces the

probability of child death by only 1.8%. Thus, relatively speaking the average marginal effect

of linguistic distance is economically important when compared to some of the other variables.

The marginal effect of fractionalization on the other hand is much smaller.

From the above analysis it is clear that the linguistic distance of the mother from people
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living around her is a significant and robust predictor of child mortality. Fractionalization on

the other hand actually reduces the probability of child death.

4.3 Heterogenous effects

Up to this point we have assumed that the linguistic distance variable has a homogenous effect

on the children of all mothers. However, there are several reasons why this might not be the

case. For example, wealthier and more educated mothers might be better able to insulate their

children from the negative effects of linguistic distance. Again linguistic distance might have

different implications for male and female children. In this section we thus try to identify the

heterogeneity in impacts of linguistic distance by focussing on different variables like education,

wealth, gender, place of residence (urban or rural), and distance from the capital.

Table 3: Heterogeneous effects of linguistic distance by Wealth level

ling dist 25 ling dist 50 ling dist 75 ling dist 100 ling dist 125
linguistic distance 0.118*** 0.141*** 0.155*** 0.157*** 0.159***

(0.0365) (0.0405) (0.0465) (0.0506) (0.0598)
wealth index
2 0.0105 0.0107 0.00975 0.00932 0.00893

(0.0150) (0.0151) (0.0150) (0.0150) (0.0150)
3 4.31e-05 0.000634 4.46e-05 -0.000430 -0.000961

(0.0223) (0.0223) (0.0221) (0.0220) (0.0219)
4 -0.0519** -0.0508** -0.0503** -0.0502** -0.0507**

(0.0251) (0.0253) (0.0253) (0.0253) (0.0253)
5 -0.144*** -0.144*** -0.144*** -0.145*** -0.145***

(0.0261) (0.0261) (0.0260) (0.0260) (0.0260)
Interaction
2 -0.0274 -0.0284 -0.0208 -0.0173 -0.0136

(0.0267) (0.0259) (0.0250) (0.0244) (0.0242)
3 -0.0921** -0.0931** -0.0864** -0.0812* -0.0754*

(0.0461) (0.0443) (0.0427) (0.0415) (0.0404)
4 -0.0560 -0.0618 -0.0630 -0.0614 -0.0564

(0.0470) (0.0478) (0.0485) (0.0481) (0.0469)
5 -0.0912* -0.0873* -0.0801 -0.0733 -0.0694

(0.0475) (0.0494) (0.0496) (0.0495) (0.0498)
N 648,468 648,468 648,468 648,468 648,468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions
have been used. Standard errors in parentheses are clustered at the DHS survey-
country level. The numbers after linguistic distance and fractionalization variables
indicate the radius of the circle around the mother in which these variables have been
calculated.

In Table 3, we verify if linguistic distance variable has a heterogeneous impact on the

probability of child death by the wealth level of the mother. The wealth index variable takes

five different values with a higher value indicating a higher level of wealth. In this table, we

use our baseline specification of column 6 from Table 1 but add to it the interaction term of
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linguistic distance and wealth level. We notice that linguistic distance continues to be highly

significant and positive in sign. Also, as we have already seen before, a higher level of wealth of

the mother reduces child mortality. From the interaction term we see that the negative effects

of linguistic distance are partly reduced by higher levels of wealth. This is particularly true for

the wealth levels 3 and 5 compared to the omitted wealth category 1. In other words, wealthier

mothers are partially able to mitigate the disadvantage of being linguistically distant.

We also have various specifications in which we try to identify the heterogeneity in the

effects of linguistic distance by fractionalization, education, child gender, place of residence

(urban or rural), and distance from the capital. We do not find any heterogeneity in terms of

these variables.27

4.4 Migration

A possible concern in estimating the effects of ethnic distance on child mortality is the possibility

of individuals to migrate. Given the choice to migrate if individuals know that they incur a cost

by living with people who are ethnically distant to them then they might choose to move to

neighbourhoods which have people who are ethnically more similar to them. However, given

various barriers to movement (eg. transportation costs), perfect sorting is not observed in reality.

Michalopoulos and Papaioannou (2014) point out that in spite of population movements

ethnic populations tend to reside in their respective historical homelands. In fact, even in the

face of large scale population displacements caused by civil wars, individuals tend to try and

return to their historical ethnic homeland.28 However, if individuals actually are able to move to

places where they are less distant to others then if anything we are underestimating the effects

of ethnic distance on child mortality and the effects of distance would be stronger.

However, in order to ensure that migration is not driving our results, in Table 4 we

provide specifications restricting our sample to mothers who have always lived in their current

place of residence. Thus we are looking at the variation in linguistic distance within the sample

of those individuals who have never migrated.29 However, this information is not available for all

countries and we lose a lot of our observations when we use the variable that indicates for how

27Results not provided and are available upon request.

28Glennerster et al. (2013) document this for Sierra Leone. Also, Nunn and Wantchekon (2009) document that
around 55% of the Afrobarometer Survey respondents currently live in their ethnic group’s ancestral homeland.

29Of course this sample itself might not be random since if there is the possibility of migration, this sample
represents individuals who have not been able to make use of that possibility.
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Table 4: Child mortality: No migration sample

ling dist 25 ling dist 50 ling dist 75 ling dist 100 ling dist 125
linguistic distance 0.0871*** 0.115*** 0.151*** 0.154*** 0.183**

(0.0338) (0.0397) (0.0506) (0.0565) (0.0751)
fractionalization -0.0272 -0.0255 -0.0331 -0.0361 -0.0524

(0.0246) (0.0266) (0.0307) (0.0322) (0.0386)
N 235311 235311 235311 235311 235311
pseudo R2 0.085 0.085 0.085 0.085 0.085

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions
have been used. Standard errors in parentheses are clustered at the DHS survey-
country level. The column headings indicate the radius of the circles in which the
linguistic distance and fractionalization variables have been calculated. In these re-
gressions only the sample of mothers who have resided in their place of residence
always have been included.

long the individuals have been residing in their current place of residence. Our results remain

qualitatively similar. Linguistic distance of the mother continues to significantly increase the

probability of child mortality. Fractionalization on the other hand becomes insignificant.

4.5 Selection on Unobservables

One of the main shortcomings of the literature on ethnic diversity has been to establish a causal

relationship of ethnic diversity with the different socio-economic variables of interest. Like in

our case, ethnic diversity is almost always a time invariant measure and is only observed at a

particular point of time. Moreover, there are issues of measurement and omitted variable bias

leading to non-causal estimates. Thus, most of the literature has to rest content with finding a

correlation.30

Unlike most of the previous literature our measure of ethnic distance is individual spe-

cific. We are thus able to rely on controlling for an exhaustive set of controls, including in-

dividual specific controls, for identification. However, we still cannot completely rule out the

possibility of endogeneity arising out of omitted variable bias due to unobserved maternal and

family characteristics. We cannot incorporate mother fixed effects since our main variable of

interest “linguistic distance” remains unchanged for the mother over time. We thus follow the

methodology developed by Altonji et al. (2005) and Bellows and Miguel (2009)who present new

estimation strategies that can be used when strong prior information regarding the exogeneity of

the variable of interest is unavailable. Exploiting the measure and intuition provided by them,

we use the strength of selection on observables to assess the potential bias arising from selection

30See Ahlerup (2009) for a discussion on the endogeneity of ethnic diversity.
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on unobservables.

Following Altonji et al. (2005), we calculate a ratio that tells us how much stronger the

selection on unobservables must be, relative to selection on observables, to explain away the full

estimated effect of linguistic distance on child mortality. To calculate such a ratio we need two

sets of regressions. We need one regression with a restricted set of controls (or no controls) and

another one with a full set of controls. Let βR be the coefficient of linguistic distance from the

restricted regression and βF be the coefficient from the regression with the full set of controls.

Then the ratio βF /(βR− βF ) is our ratio of interest. The smaller the denominator, the less the

selection on observables and thus the selection on unobservables need to be stronger in order to

explain away the entire effect of linguistic distance. Again, the selection on unobservables has

to explain away more the higher the numerator is in magnitude (Nunn and Wantchekon, 2009).

Table 5 gives us the corresponding ratios for circles of radii 25 km to 125 km for two

distinct sets of restricted regressions. In one of the restricted regressions we consider no controls

while regressing child mortality on linguistic distance. However, it makes little sense to not

control for at least the individual controls in the restricted regression. Thus, in the next restricted

regression we control for the individual controls. In the unrestricted regression on the other hand

we consider the full set of controls from our baseline specification.

Table 5: Selection on Unobservables/Observables

No Controls Individual Controls
linguistic distance 25 3.57 2.74
linguistic distance 50 2.35 29.57
linguistic distance 75 2.01 7.25
linguistic distance 100 1.96 4.95
linguistic distance 125 1.90 3.91

In this table we provide Altonji ratios (βF /(βR − βF ))
for two different set of restricted regressions. In the re-
stricted regression for column 1, we consider no controls.
For column 2, we control for the individual controls. In
the unrestricted regression we consider the full set of con-
trols from our baseline regression.

All the ratios in Table 5 are quite big. Even when we do not control for the individual

controls in the restricted regression, the selection on unobservables has to be at least two times

larger than that on observables, while in some cases it would need to be at least more than three

and a half times larger. Again, if we consider the ratios calculated using the restricted regression

with individual controls, we see that the selection on unobservables has to be at least more than

around three times larger than that on observables while in some cases it would need to be at

least more than around thirty times. Thus, it is highly unlikely that selection on unobservables
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will explain away the entire effect that we are currently attributing to our linguistic distance

variable. We thus argue that linguistic distance indeed increases the probability of child death

and this relation is not driven by omitted variable bias.

4.6 Other Robustness checks

In this section we subject our results to several additional robustness checks. Our primary

variable of interest is the probability of child death which is a 0-1 binary variable. Thus, so

far we have used probit regressions in order to estimate the effects of linguistic distance of the

mother on child mortality. First, we verify if our results hold true if we use Linear Probability

Model (LPM) instead. Hence in Table B.9, we rerun our baseline regressions from Table 1 using

OLS instead of probit regressions. We notice that our results remain qualitatively unchanged.

Linguistic distance continues to significantly increase the probability of child death whereas

fractionalization continues to reduce it.

Ethnic diversity usually measured by Ethno-linguistic fractionalization or ELF has often

been found to have a negative effect on different socio-economic outcomes.31 However, we show

that fractionalization if anything has a positive effect on child mortality, i.e. it reduces child

mortality. Following Ashraf and Galor (2013), we argue that that diversity could potentially

reflect a higher stock of knowledge and information, and thus lead to better health outcomes.

In Appendix Table B.5 we use the identical specifications from the previous sections but do not

control for linguistic distance and show that even when we do not control for linguistic distance,

fractionalization continues to significantly reduce child mortality. In all but the last panel of

Table B.5 we control for fractionalization calculated for circles of different radii. As a robustness

test in the last panel of Table B.5 we also control for fractionalization at the district level.

Some recent papers like Montalvo and Reynal-Querol (2005) stress the importance of

polarization rather than fractionalization particularly in the context of intergroup conflict. How-

ever, in our context the polarization and fractionalization measures are highly correlated and in

Appendix Table B.6 we show that controlling for polarization instead of fractionalization does

not change our results.32

31See Alesina et al. (2003), Alesina et al. (1999), Easterly and Levine (1997) for example. See Alesina and
La Ferrara (2000) for a review of the literature.

32In Appendix Tables B.8 and B.7 we control for fractionalization and polarization together in the same spec-
ification once with the linguistic distance variable and once without respectively. When both the measures of
diversity enter the specifications together, polarization becomes insignificant, while fractionalization continues to
have a negative and significant effect on child mortality.
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Next, we try to identify if either the linguistic distance variable or the fractionalization

variable have a non-linear effect on child mortality. In Table B.10 we present the identical

specification used in the preferred specification from the baseline table, but add to it nonlinear

terms for both fractionalization and linguistic distance in different combinations. We notice that

on including nonlinear terms the results become less significant in some of the specifications,

but overall the results remain similar to what we found in the previous sections. Linguistic

distance continues to increase the probability of child death and there is no robust evidence

of any nonlinearity of this effect. As far as fractionalization is concerned there is some weak

evidence of nonlinearity. Initially, fractionalization reduces child mortality, but eventually after

a certain level it increases child mortality. This finding is in line with the findings of Ashraf and

Galor (2013).

So far our focus has been on child mortality which is the event that the child dies before

reaching the age of five. However, a lot of the literature has focused on Infant mortality which

is defined as the child dying before reaching the age of one. In some specifications we also try

out our baseline specifications of child mortality on infant mortality. Qualitatively the impact of

the linguistic distance of the mother on the probability of infant mortality is similar to that on

the probability of child mortality. However, the results are not statistically significant. There

might be two interpretations for this. First, “Infant mortality is a rare event and estimating

it requires a large number of observations” (Kudamatsu, 2009). Second, infant mortality has a

lot to do with conditions during birth and need not have anything to do with ethnic distance.

However, as the child grows the access to certain information becomes crucial, which linguistic

distance might impede, thus linguistic distance affects child mortality more than it affects infant

mortality.33

In the analysis so far we have included all the births in the maternal history of the

mother. One possible concern in using retrospective data is recall bias which stems from the

fact that women might be less likely to accurately remember more distant births and deaths. To

minimize recall bias in appendix Table B.3 we replicate our baseline Table 1 using births and

deaths occurring in the preceding ten years from the date of the survey. The results become

slightly less significant but overall they remain qualitatively unchanged.34

Finally, we show that our results are robust to alternative clustering of standard errors.

33Results not provided and are available upon request.

34Both Baird et al. (2011) and Kudamatsu et al. (2012) resort to this strategy as well. See Table B.4 for
alternative radii.
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In all our regressions so far we have clustered standard errors at the survey- country level. In

Table B.11 we cluster the standard errors at the ethnicity level instead. Our results remain

unchanged.

5 Some evidence on channels: Information or Access?

Do linguistically distant mothers indeed have lower access to information or do they have lower

access to public goods in general? Using the same sample of mothers from the DHS surveys,

whose child mortality outcomes we have investigated in the previous sections, in this section we

provide some evidence that for the former. In order to understand whether linguistic distance

acts as a barrier to information we exploit the DHS question about whether the respondent has

heard of the oral rehydration product (ORS) for treating children with diarrhoea. We create a

0-1 variable called ORS which takes the value 1 if the individual has either heard or used ORS,

and 0 if the individual has never heard of ORS. Then we exploit the information on whether the

household has access to electricity, how long it takes the household to get to a source of water

and whether the individual is literate or not. These latter variables allow us to measure access

to public goods.35

We present the results from the regressions in Table 6. The dependent variables in

Panel 1 is the knowledge of ORS, in Panel 2 it is the access to electricity, in Panel 3 it is the

access to water (time taken to get to a source of water) and in Panel 4, it is the literacy of

the individual . Looking at the results from Panel 1, it does look like that those individuals

who are linguistically more distant from their neighbours are less likely to have heard of ORS.

On the other hand, linguistic distance has no effects on either access to electricity, water or

literacy. Individuals living in more fractionalized neighbourhoods are more likely to have heard

of ORS. While fractionalization has no robust effects on the other access variables. In Appendix

Table B.12, we run similar regressions for different variables like immunization, antenatal visits

etc. which might indicate lack of access to health care facilities. However, we find no evidence

that linguistic distance reduces individual access to health services.

Thus, the results from this section do indicate that individuals who are linguistically

distant to others living around them do have lower access to information which leads to higher

rates of mortality for their children. On the other hand, lingusitically distant individuals do not

necessarlily face lower access to public goods in general.

35For e.g. lower literacy among linguistically distant mothers might indicate lower access to schools.
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Table 6: Information vs. Access

(1) (2) (3) (4) (5)
Radius 25 50 75 100 125
ORS
linguistic distance -0.0323** -0.0401** -0.0407* -0.0438* -0.0486*

(0.0149) (0.0192) (0.0225) (0.0249) (0.0282)
fractionalization 0.0321* 0.0374* 0.0381* 0.0489** 0.0631***

(0.0184) (0.0197) (0.0202) (0.0206) (0.0223)
N 204684 204684 204684 204684 204684
R2 0.158 0.158 0.158 0.159 0.159

Electricity
linguistic distance -0.00935 -0.00256 -0.00283 -0.00777 -0.00845

(0.0341) (0.0409) (0.0487) (0.0512) (0.0520)
fractionalization 0.0295** 0.0190 0.0192 0.0255 0.0303

(0.0138) (0.0166) (0.0194) (0.0221) (0.0240)
N 203812 203812 203812 203812 203812
R2 0.533 0.533 0.533 0.533 0.533

Water
linguistic distance -18.39 -25.00 -34.08 -39.93 -40.74

(16.91) (19.62) (22.84) (26.12) (28.74)
fractionalization 8.812 -8.097 -6.515 -0.587 8.373

(10.68) (11.40) (14.10) (19.62) (26.25)
N 181402 181402 181402 181402 181402
R2 0.208 0.208 0.208 0.208 0.208

Literacy
linguistic distance -0.0157 -0.0137 -0.0111 -0.0150 -0.0210

(0.00948) (0.0105) (0.0109) (0.0125) (0.0135)
fractionalization 0.0115* 0.0141* 0.0160* 0.0231** 0.0367***

(0.00598) (0.00779) (0.00904) (0.0108) (0.0127)
N 169547 169547 169547 169547 169547
R2 0.681 0.681 0.681 0.681 0.681

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable in Panel 1 is a 0-1 variable indicating whether
the mother has heard of the oral rehydration product (ORS) for treating
children with diarrhoea, in Panel 2 it indicates whether the individual has
access to electricity, in Panel 3 it is the time taken by the individual to get
to a source of water and in Panel 4 it the whether the individual is literate
or not.. Standard errors in parentheses are clustered at the DHS survey-
country level. The numbers after linguistic distance and fractionalization
variables indicate the radius of the circle around the mother in which these
variables have been calculated. All the regressions control for location
dummy, distance from capital, geographic isolation, years of education,
wealth index dummy, religion dummy, ethnicity dummy, and year of birth
dummy, and country dummy.

6 Conclusion

There exist huge disparities in child mortality rates across ethnic groups in Africa. The literature

so far has not convincingly addressed the reasons behind such ethnic inequality in child mortality

rates in Africa. Using high quality DHS data on individual level health outcomes and combining

it with a novel dataset on the spatial distribution of ethnic groups at the 1 sq. km level, we

estimate the effects individual level ethnic distance and diversity on individual level child health

outcomes. The exact ethnic distance variable is calculated using the linguistic distance between
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individuals. We find that children of mothers who are ethnically distant from their neighbours

have a higher probability of dying before reaching the age of five, whereas children of mothers

living in more ethnically fractionalized places on the other hand have a lower probability of

dying before reaching the age of five. Since we control for ethnicity specific fixed effects our

results are not driven by heterogeneity in unobservable characteristics across ethnic groups

including heterogeneity in health outcomes across ethnic groups or cultural differences between

ethnic groups. To alleviate endogeneity concerns we control for a host of variables that reduce

the possibilities of omitted variable bias. Then using recently developed methods by Altonji

et al. (2005) we use the selection on the observables to gauge how strong the selection is on

unobservables. We do not find evidence of a strong selection on unobservables.

While there are several possible explanations for our results, we follow Ashraf and Galor

(2013) and argue that on the one hand, diversity implies a higher stock of knowledge and

information, and thus leads to better health outcomes. On the other hand, such knowledge

does not flow smoothly to groups which are linguistically distant and thus such groups lose

out. One of the biggest issues in child rearing and child deaths is the lack of information. The

probability of the survival of the child depends on the number of mistakes the mother makes in

taking care of the child. Thus if an individual is very distant linguistically she has less access to

the information on how to take care of her child thus commits more mistakes. Exploiting the

DHS question about whether the mother has heard of ORS, we show that linguistically distant

mother are more likely to have not heard of ORS, whereas they are not more likely to have lower

access to other public goods in general.

Given the findings of our paper, a clear policy implication is to have more information

campaigns about child health and health care in general particularly targeting linguistically

distant minorities.
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Figure A.1: African Languages distribution based on Ethnologue data. Each colour polygon
represents a different language group. Mixed language areas cannot be seen in this map.

Figure A.2: Africa Population distribution based on Land Scan data. Each pixel roughly rep-
resents 1x1 sq. km of and darker the pixel the less populated the corresponding sq. km is.
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Figure A.3: Addis Abbaba Population from LandScan. The bright white area in the middle of
the map encircled in red reprensents the area in and around Addis Abbaba.

Figure A.4: The 14 Countries used in the study.
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B Tables

Table B.1: Summary statistics

Variable Mean Std. Dev. Min. Max. N
child death 0.229 0.42 0 1 658755
infant death 0.12 0.325 0 1 821918
linguistic distance 25 0.121 0.266 0 1 868629
linguistic distance 50 0.125 0.265 0 1 868629
linguistic distance 75 0.128 0.266 0 1 868629
linguistic distance 100 0.131 0.267 0 1 868629
linguistic distance 125 0.133 0.27 0 1 868629
linguistic distance 150 0.135 0.271 0 1 868629
linguistic distance 175 0.138 0.272 0 1 868629
linguistic distance 200 0.14 0.274 0 1 868629
linguistic distance 250 0.145 0.276 0 1 868629
fractionalization district 0.399 0.289 0 0.997 868629
fractionalization 25 0.388 0.298 0 0.905 868761
fractionalization 50 0.467 0.284 0 0.921 868761
fractionalization 75 0.52 0.268 0 0.935 868761
fractionalization 100 0.556 0.252 0 0.929 868761
fractionalization 125 0.584 0.238 0 0.933 868761
fractionalization 150 0.608 0.225 0 0.935 868761
fractionalization 175 0.629 0.21 0 0.933 868761
fractionalization 200 0.648 0.195 0 0.933 868761
fractionalization 250 0.676 0.172 0.093 0.930 868761
polarization district 0.464 0.299 0 1 868629
urban 0.225 0.417 0 1 868629
female 0.49 0.5 0 1 868629
age at birth 24.991 6.422 8 50 868629
age at birth sqaured 665.786 348.351 64 2500 868629
multiple birth 0.032 0.177 0 1 868629
birth order 3.442 2.316 1 18 868629
birth order squared 17.216 22.533 1 324 868629
short birth space prior 0.209 0.407 0 1 868629
short birth space post 0.209 0.406 0 1 868629
education years 2.013 3.415 0 26 868306
wealth index 2.871 1.401 1 5 868629
birth year 1992.261 9.364 1955 2011 868629
log of distance to capital 5.123 1.217 -2.614 7.188 868629
log of geographic distance 5.656 0.39 4.662 7.028 868629

Table B.2: Summary statistics Child mortality

Variable Mean Std. Dev. Obs
Benin 0.246 0.43 28,184
Burkina Faso 0.241 0.428 93,972
Ethiopia 0.215 0.411 95,686
Ghana 0.162 0.369 35,612
Guinea 0.265 0.442 37,924
Kenya 0.130 0.337 31,867
Malawi 0.228 0.420 103,901
Mali 0.310 0.462 96,365
Namibia 0.089 0.285 10,646
Niger 0.358 0.479 21,879
Senegal 0.168 0.374 54,651
Sierra Leone 0.226 0.419 13,780
Uganda 0.165 0.371 18,253
Zambia 0.185 0.389 15,038
All 0.229 0.420 657758
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Table B.3: Child mortality: Baseline-last 10 years

(1) (2) (3) (4) (5) (6)
linguistic distance 75 0.0599 0.0598 0.0992* 0.0571* 0.0747* 0.0760*

(0.0621) (0.0653) (0.0571) (0.0313) (0.0400) (0.0421)
fractionalization 75 0.000408 -0.0608 -0.0101 -0.0243 -0.0233

(0.0871) (0.0744) (0.0207) (0.0209) (0.0244)
urban -0.0642* -0.0451* -0.0481** -0.0474*

(0.0366) (0.0242) (0.0243) (0.0246)
female -0.0675*** -0.0697*** -0.0701*** -0.0701***

(0.00709) (0.00655) (0.00660) (0.00660)
education years -0.0292*** -0.0179*** -0.0180*** -0.0180***

(0.00569) (0.00282) (0.00279) (0.00280)
wealth index 2 0.0587** 0.0321 0.0255 0.0253

(0.0229) (0.0204) (0.0195) (0.0195)
wealth index 3 0.0505** 0.0218 0.0128 0.0131

(0.0246) (0.0301) (0.0284) (0.0283)
wealth index 4 0.0229 -0.0142 -0.0219 -0.0218

(0.0291) (0.0329) (0.0314) (0.0313)
wealth index 5 -0.0459 -0.0941*** -0.106*** -0.105***

(0.0423) (0.0354) (0.0326) (0.0317)
lndist2cap 0.00699

(0.0164)
ln geog dist -0.0895*

(0.0507)
Individual controls No No Yes Yes Yes Yes
region No No No Yes Yes Yes
country*time No No No Yes Yes Yes
Religion No No No No Yes Yes
Ethnicity No No No No Yes Yes
N 273822 273822 273706 264046 263730 263730
pseudo R2 0.000 0.000 0.059 0.088 0.090 0.090

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions have
been used. Standard errors in parentheses are clustered at the DHS survey-country level.
The numbers after linguistic distance and fractionalization variables indicate the radius of
the circle around the mother in which these variables have been calculated.
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Table B.4: Child mortality: Alternative radii, last 10 years

(1) (2) (3) (4) (5) (6)
llinguistic distance 25 0.0505 0.0473 0.0921 0.0478 0.0393 0.0415

(0.0610) (0.0656) (0.0584) (0.0296) (0.0333) (0.0349)
fractionalization 25 0.0198 -0.0386 -0.0181 -0.0355 -0.0314

(0.0608) (0.0503) (0.0217) (0.0232) (0.0235)
linguistic distance 50 0.0566 0.0545 0.0973* 0.0522* 0.0555 0.0575

(0.0627) (0.0666) (0.0587) (0.0298) (0.0363) (0.0377)
fractionalization 50 0.0184 -0.0459 -0.00561 -0.0204 -0.0165

(0.0739) (0.0627) (0.0219) (0.0249) (0.0261)
linguistic distance 75 0.0599 0.0598 0.0992* 0.0571* 0.0747* 0.0760*

(0.0621) (0.0653) (0.0571) (0.0313) (0.0400) (0.0421)
fractionalization 75 0.000408 -0.0608 -0.0254 -0.0403 -0.0364

(0.0871) (0.0744) (0.0220) (0.0257) (0.0283)
linguistic distance 100 0.0607 0.0615 0.0970* 0.0556* 0.0757* 0.0756*

(0.0615) (0.0641) (0.0556) (0.0316) (0.0426) (0.0440)
fractionalization 100 -0.0113 -0.0733 -0.0512** -0.0681*** -0.0642**

(0.102) (0.0859) (0.0233) (0.0228) (0.0269)
linguistic distance 125 0.0606 0.0618 0.0941* 0.0533* 0.0698 0.0675

(0.0606) (0.0628) (0.0541) (0.0312) (0.0538) (0.0541)
fractionalization 125 -0.0252 -0.0821 -0.0531* -0.0713** -0.0692**

(0.118) (0.0997) (0.0308) (0.0284) (0.0351)
linguistic distance 150 0.0588 0.0599 0.0909* 0.0501 0.0627 0.0584

(0.0600) (0.0620) (0.0530) (0.0313) (0.0735) (0.0726)
fractionalization 150 -0.0289 -0.0857 -0.0211 -0.0458 -0.0455

(0.139) (0.116) (0.0403) (0.0353) (0.0437)
linguistic distance 175 0.0575 0.0589 0.0890* 0.0491 0.0755 0.0681

(0.0596) (0.0613) (0.0520) (0.0313) (0.0943) (0.0930)
fractionalization 175 -0.0378 -0.0932 -0.00672 -0.0384 -0.0376

(0.163) (0.135) (0.0516) (0.0427) (0.0506)
linguistic distance 200 0.0570 0.0584 0.0877* 0.0469 0.0762 0.0655

(0.0596) (0.0611) (0.0515) (0.0310) (0.112) (0.111)
fractionalization 200 -0.0456 -0.105 0.0233 -0.0133 -0.0105

(0.190) (0.157) (0.0635) (0.0499) (0.0570)
linguistic distance 250 0.0567 0.0573 0.0846* 0.0521* 0.116 0.0982

(0.0609) (0.0606) (0.0507) (0.0310) (0.137) (0.136)
fractionalization 250 -0.0807 -0.163 -0.0696 -0.113 -0.109

(0.244) (0.198) (0.106) (0.0905) (0.0874)
Individual controls No No Yes Yes Yes Yes
region No No No Yes Yes Yes
country*time No No No Yes Yes Yes
Religion No No No No Yes Yes
Ethnicity No No No No Yes Yes
N 273822 273822 273706 264046 263730 263730

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions
have been used. Standard errors in parentheses are clustered at the DHS survey-
country level. The numbers after linguistic distance and fractionalization variables
indicate the radius of the circle around the mother in which these variables have been
calculated.
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Table B.5: Child mortality: Fractionalization in different radii

(1) (2) (3) (4) (5)
fractionalization 25 0.00726 -0.0380 -0.0228 -0.0346** -0.0328**

(0.0484) (0.0418) (0.0189) (0.0164) (0.0158)
fractionalization 50 0.00762 -0.0453 -0.0174 -0.0288 -0.0284

(0.0610) (0.0534) (0.0215) (0.0189) (0.0192)
fractionalization 75 -0.00697 -0.0571 -0.0271 -0.0385* -0.0397*

(0.0729) (0.0636) (0.0258) (0.0226) (0.0235)
fractionalization 100 -0.0187 -0.0687 -0.0373 -0.0498** -0.0527**

(0.0858) (0.0732) (0.0239) (0.0204) (0.0219)
fractionalization 125 -0.0386 -0.0821 -0.0407 -0.0546** -0.0601**

(0.0999) (0.0845) (0.0282) (0.0235) (0.0269)
fractionalization 150 -0.0506 -0.0923 -0.0222 -0.0417 -0.0497

(0.117) (0.0979) (0.0364) (0.0305) (0.0355)
fractionalization 175 -0.0664 -0.104 -0.0101 -0.0357 -0.0438

(0.137) (0.114) (0.0446) (0.0374) (0.0426)
fractionalization 200 -0.0804 -0.119 0.00924 -0.0244 -0.0320

(0.159) (0.131) (0.0539) (0.0445) (0.0486)
fractionalization 250 -0.121 -0.181 -0.0852 -0.138* -0.144**

(0.203) (0.163) (0.0813) (0.0706) (0.0676)
fractionalization district -0.00129 -0.0464 -0.0404 -0.0560** -0.0534**

(0.0445) (0.0408) (0.0258) (0.0244) (0.0238)
polarization district 0.0662 0.00681 -0.0296 -0.0372* -0.0355*

(0.0494) (0.0414) (0.0235) (0.0210) (0.0205)
N 658755 658505 649182 648468 648468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit
regressions have been used. Standard errors in parentheses are clustered
at the DHS survey-country level. The numbers after linguistic distance
and fractionalization variables indicate the radius of the circle around the
mother in which these variables have been calculated.
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Table B.6: Child mortality: Polarization

(1) (2) (3) (4) (5)
linguistic distance 25 0.0359 0.0755 0.0219 0.0570*** 0.0577***

(0.0559) (0.0466) (0.0248) (0.0213) (0.0214)
polarization district 0.0625 -0.00109 -0.0314 -0.0393* -0.0376*

(0.0511) (0.0429) (0.0233) (0.0210) (0.0204)
linguistic distance 50 0.0399 0.0793* 0.0262 0.0805*** 0.0809***

(0.0576) (0.0475) (0.0264) (0.0256) (0.0257)
polarization district 0.0622 -0.00128 -0.0316 -0.0396* -0.0379*

(0.0511) (0.0428) (0.0233) (0.0210) (0.0204)
linguistic distance 75 0.0428 0.0808* 0.0278 0.0939*** 0.0940***

(0.0580) (0.0474) (0.0271) (0.0321) (0.0321)
polarization district 0.0621 -0.00114 -0.0314 -0.0393* -0.0375*

(0.0510) (0.0427) (0.0233) (0.0211) (0.0205)
linguistic distance 100 0.0449 0.0800* 0.0262 0.0979*** 0.0972***

(0.0582) (0.0473) (0.0274) (0.0371) (0.0366)
polarization district 0.0621 -0.000780 -0.0312 -0.0388* -0.0371*

(0.0509) (0.0426) (0.0234) (0.0211) (0.0206)
linguistic distance 125 0.0458 0.0784* 0.0254 0.103** 0.101**

(0.0577) (0.0468) (0.0271) (0.0476) (0.0466)
polarization district 0.0621 -0.000492 -0.0311 -0.0387* -0.0369*

(0.0508) (0.0426) (0.0234) (0.0211) (0.0206)
linguistic distance 150 0.0444 0.0759 0.0232 0.0971 0.0934

(0.0579) (0.0469) (0.0271) (0.0625) (0.0609)
polarization district 0.0623 -0.000157 -0.0309 -0.0385* -0.0368*

(0.0508) (0.0425) (0.0234) (0.0212) (0.0206)
linguistic distance 175 0.0431 0.0739 0.0220 0.101 0.0956

(0.0581) (0.0469) (0.0270) (0.0781) (0.0762)
polarization district 0.0625 0.000135 -0.0308 -0.0383* -0.0366*

(0.0507) (0.0425) (0.0233) (0.0211) (0.0206)
linguistic distance 200 0.0427 0.0728 0.0210 0.102 0.0953

(0.0586) (0.0474) (0.0268) (0.0902) (0.0881)
polarization district 0.0626 0.000367 -0.0307 -0.0380* -0.0363*

(0.0507) (0.0424) (0.0233) (0.0210) (0.0205)
linguistic distance 250 0.0419 0.0700 0.0209 0.0930 0.0826

(0.0606) (0.0494) (0.0268) (0.109) (0.107)
polarization district 0.0629 0.000998 -0.0306 -0.0374* -0.0358*

(0.0506) (0.0423) (0.0233) (0.0209) (0.0204)
N 658755 658505 649182 648468 648468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit
regressions have been used. Standard errors in parentheses are clustered
at the DHS survey-country level. The numbers after the linguistic distance
variable indicate the radius of the circle around the mother in which these
variables have been calculated. Polarization is calculated at the district
level.
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Table B.7: Child mortality: Fractionalization & Polarization

(1) (2) (3) (4) (5)
fractionalization district -0.173* -0.156** -0.0401 -0.0620** -0.0589**

(0.0950) (0.0783) (0.0299) (0.0286) (0.0283)
polarization district 0.202** 0.129 -0.000286 0.00716 0.00655

(0.102) (0.0795) (0.0258) (0.0219) (0.0217)
urban -0.0905*** -0.0672*** -0.0691*** -0.0685***

(0.0325) (0.0160) (0.0153) (0.0152)
female -0.0655*** -0.0675*** -0.0679*** -0.0679***

(0.00433) (0.00429) (0.00430) (0.00430)
education years -0.0351*** -0.0219*** -0.0210*** -0.0209***

(0.00514) (0.00254) (0.00248) (0.00247)
Iwealth in 2 0.0296 0.0102 0.00768 0.00739

(0.0188) (0.0143) (0.0140) (0.0139)
Iwealth in 3 0.0125 -0.00799 -0.0107 -0.0106

(0.0211) (0.0218) (0.0208) (0.0209)
Iwealth in 4 -0.0238 -0.0569** -0.0584** -0.0583**

(0.0252) (0.0257) (0.0245) (0.0245)
Iwealth in 5 -0.101*** -0.156*** -0.156*** -0.155***

(0.0377) (0.0278) (0.0256) (0.0255)
lndist2cap 0.00800

(0.00987)
ln geog dist -0.0738

(0.0512)
N 658755 658505 649182 648468 648468
pseudo R2 0.001 0.062 0.084 0.086 0.086

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit re-
gressions have been used. Standard errors in parentheses are clustered at the
DHS survey-country level.
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Table B.8: Child mortality: Fractionalization & Polarization with distance

(1) (2) (3) (4) (5)
linguistic distance 25 0.0502 0.0893* 0.0258 0.0615*** 0.0619***

(0.0576) (0.0476) (0.0257) (0.0215) (0.0217)
fractionalization district -0.183* -0.174** -0.0454 -0.0651** -0.0621**

(0.0973) (0.0795) (0.0284) (0.0288) (0.0285)
polarization district 0.204** 0.134* 0.00146 0.00716 0.00654

(0.102) (0.0788) (0.0254) (0.0214) (0.0212)
linguistic distance 50 0.0538 0.0927* 0.0301 0.0859*** 0.0859***

(0.0592) (0.0485) (0.0275) (0.0265) (0.0266)
fractionalization district -0.183* -0.174** -0.0459 -0.0658** -0.0627**

(0.0970) (0.0793) (0.0285) (0.0287) (0.0284)
polarization district 0.205** 0.134* 0.00169 0.00737 0.00676

(0.102) (0.0787) (0.0255) (0.0213) (0.0211)
linguistic distance 75 0.0561 0.0936* 0.0314 0.0997*** 0.0995***

(0.0593) (0.0483) (0.0282) (0.0332) (0.0332)
fractionalization district -0.183* -0.173** -0.0456 -0.0659** -0.0628**

(0.0966) (0.0790) (0.0286) (0.0286) (0.0283)
polarization district 0.205** 0.134* 0.00166 0.00780 0.00718

(0.102) (0.0787) (0.0255) (0.0213) (0.0212)
linguistic distance 100 0.0577 0.0922* 0.0294 0.104*** 0.103***

(0.0592) (0.0479) (0.0284) (0.0386) (0.0381)
fractionalization district -0.183* -0.173** -0.0449 -0.0655** -0.0624**

(0.0964) (0.0788) (0.0286) (0.0288) (0.0285)
polarization district 0.205** 0.134* 0.00141 0.00802 0.00740

(0.102) (0.0787) (0.0255) (0.0215) (0.0213)
linguistic distance 125 0.0580 0.0900* 0.0284 0.109** 0.107**

(0.0584) (0.0471) (0.0280) (0.0487) (0.0477)
fractionalization district -0.183* -0.172** -0.0443 -0.0650** -0.0620**

(0.0961) (0.0786) (0.0285) (0.0288) (0.0285)
polarization district 0.204** 0.133* 0.00115 0.00785 0.00724

(0.102) (0.0788) (0.0255) (0.0215) (0.0214)
linguistic distance 150 0.0559 0.0868* 0.0259 0.103 0.0988

(0.0584) (0.0470) (0.0279) (0.0631) (0.0616)
fractionalization district -0.182* -0.171** -0.0437 -0.0643** -0.0612**

(0.0959) (0.0783) (0.0286) (0.0289) (0.0286)
polarization district 0.204** 0.133* 0.000861 0.00749 0.00688

(0.102) (0.0788) (0.0256) (0.0217) (0.0215)
linguistic distance 175 0.0541 0.0843* 0.0244 0.105 0.0999

(0.0585) (0.0469) (0.0278) (0.0779) (0.0761)
fractionalization district -0.181* -0.170** -0.0432 -0.0636** -0.0605**

(0.0957) (0.0782) (0.0285) (0.0287) (0.0284)
polarization district 0.204** 0.132* 0.000669 0.00721 0.00661

(0.102) (0.0788) (0.0256) (0.0217) (0.0216)
linguistic distance 200 0.0532 0.0827* 0.0233 0.105 0.0981

(0.0588) (0.0472) (0.0275) (0.0894) (0.0875)
fractionalization district -0.181* -0.169** -0.0429 -0.0628** -0.0598**

(0.0955) (0.0780) (0.0285) (0.0286) (0.0283)
polarization district 0.204** 0.132* 0.000551 0.00697 0.00639

(0.102) (0.0787) (0.0256) (0.0217) (0.0216)
linguistic distance 250 0.0518 0.0793 0.0229 0.0919 0.0820

(0.0605) (0.0490) (0.0275) (0.107) (0.104)
fractionalization district -0.181* -0.168** -0.0427 -0.0617** -0.0588**

(0.0954) (0.0778) (0.0284) (0.0283) (0.0280)
polarization district 0.204** 0.132* 0.000526 0.00678 0.00623

(0.102) (0.0787) (0.0256) (0.0218) (0.0216)
N 658755 658505 649182 648468 648468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled
probit regressions have been used. Standard errors in parentheses
are clustered at the DHS survey-country level. The numbers after
linguistic distance and fractionalization variables indicate the radius
of the circle around the mother in which these variables have been
calculated.
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Table B.9: Child mortality: Linear Probability Model

(1) (2) (3) (4) (5) (6)
est1 est2 est3 est4 est5 est6

linguistic distance 25 0.0134 0.0133 0.0233* 0.00576 0.0137** 0.0140**
(0.0165) (0.0177) (0.0135) (0.00677) (0.00539) (0.00544)

fractionalization 25 0.000458 -0.0139 -0.00780 -0.0107** -0.0102**
(0.0155) (0.0125) (0.00520) (0.00477) (0.00460)

linguistic distance 50 0.0145 0.0144 0.0238* 0.00647 0.0188*** 0.0191***
(0.0171) (0.0180) (0.0137) (0.00702) (0.00667) (0.00672)

fractionalization 50 0.000790 -0.0155 -0.00637 -0.00959* -0.00935*
(0.0190) (0.0156) (0.00560) (0.00541) (0.00550)

linguistic distance 75 0.0153 0.0156 0.0239* 0.00691 0.0221** 0.0224**
(0.0173) (0.0179) (0.0136) (0.00712) (0.00856) (0.00862)

fractionalization 75 -0.00345 -0.0186 -0.00942 -0.0132* -0.0134*
(0.0224) (0.0184) (0.00694) (0.00665) (0.00690)

linguistic distance 100 0.0159 0.0163 0.0234* 0.00652 0.0232** 0.0233**
(0.0174) (0.0178) (0.0135) (0.00721) (0.0101) (0.0100)

fractionalization 100 -0.00685 -0.0217 -0.0124* -0.0170** -0.0176**
(0.0263) (0.0212) (0.00689) (0.00623) (0.00661)

linguistic distance 125 0.0161 0.0167 0.0228* 0.00633 0.0241* 0.0239*
(0.0173) (0.0176) (0.0132) (0.00716) (0.0123) (0.0120)

fractionalization 125 -0.0128 -0.0255 -0.0135 -0.0186** -0.0198**
(0.0306) (0.0246) (0.00827) (0.00708) (0.00794)

linguistic distance 150 0.0156 0.0162 0.0220 0.00563 0.0211 0.0207
(0.0173) (0.0175) (0.0132) (0.00722) (0.0162) (0.0158)

fractionalization 150 -0.0164 -0.0285 -0.00870 -0.0149 -0.0169
(0.0358) (0.0286) (0.0107) (0.00907) (0.0104)

linguistic distance 175 0.0152 0.0159 0.0215 0.00523 0.0213 0.0203
(0.0174) (0.0175) (0.0131) (0.00725) (0.0200) (0.0195)

fractionalization 175 -0.0213 -0.0319 -0.00564 -0.0134 -0.0154
(0.0419) (0.0333) (0.0131) (0.0107) (0.0122)

linguistic distance 200 0.0150 0.0158 0.0212 0.00477 0.0212 0.0196
(0.0176) (0.0176) (0.0132) (0.00721) (0.0228) (0.0222)

fractionalization 200 -0.0256 -0.0363 -0.000227 -0.0100 -0.0119
(0.0489) (0.0386) (0.0159) (0.0127) (0.0139)

linguistic distance 250 0.0145 0.0150 0.0199 0.00582 0.0238 0.0208
(0.0183) (0.0178) (0.0134) (0.00722) (0.0272) (0.0264)

fractionalization 250 -0.0377 -0.0530 -0.0268 -0.0419** -0.0432**
(0.0626) (0.0483) (0.0243) (0.0202) (0.0193)

N 658755 658755 658505 658505 657795 657795

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. OLS regressions have been
used. Standard errors in parentheses are clustered at the DHS survey-country level. The
numbers after linguistic distance and fractionalization variables indicate the radius of the
circle around the mother in which these variables have been calculated.
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Table B.10: Child mortality: Non-linearities

(1) (2) (3) (4) (5)
linguistic distance 25 0.0452 0.164 0.0613*** 0.178

(0.102) (0.116) (0.0219) (0.113)
linguistic distance 25 2 0.00779 -0.110 -0.125

(0.108) (0.120) (0.117)
fractionalization 25 -0.0458*** 0.0320 0.0286 0.0244

(0.0169) (0.0537) (0.0528) (0.0533)
fractionalization 25 2 -0.0849 -0.0858 -0.0936

(0.0697) (0.0682) (0.0652)
linguistic distance 50 0.174 0.273** 0.0849*** 0.298**

(0.110) (0.130) (0.0275) (0.132)
linguistic distance 50 2 -0.109 -0.206 -0.230*

(0.113) (0.130) (0.132)
fractionalization 50 -0.0483** 0.145** 0.142** 0.133**

(0.0217) (0.0622) (0.0606) (0.0587)
fractionalization 50 2 -0.215*** -0.218*** -0.227***

(0.0755) (0.0736) (0.0737)
linguistic distance 75 0.132 0.225* 0.105*** 0.240*

(0.111) (0.128) (0.0347) (0.128)
linguistic distance 75 2 -0.0474 -0.135 -0.145

(0.119) (0.131) (0.131)
fractionalization 75 -0.0554** 0.218*** 0.216*** 0.208***

(0.0258) (0.0657) (0.0632) (0.0620)
fractionalization 75 2 -0.305*** -0.311*** -0.313***

(0.0833) (0.0807) (0.0807)
linguistic distance 100 0.115 0.217* 0.109*** 0.227*

(0.107) (0.123) (0.0385) (0.124)
linguistic distance 100 2 -0.0248 -0.119 -0.126

(0.115) (0.126) (0.127)
fractionalization 100 -0.0679*** 0.177** 0.173** 0.167**

(0.0244) (0.0742) (0.0722) (0.0710)
fractionalization 100 2 -0.258*** -0.263*** -0.264***

(0.0900) (0.0884) (0.0879)
linguistic distance 125 -0.0122 0.0919 0.111** 0.0968

(0.0962) (0.119) (0.0471) (0.120)
linguistic distance 125 2 0.116 0.0201 0.0146

(0.102) (0.118) (0.120)
fractionalization 125 -0.0679** 0.0998 0.0901 0.0908

(0.0299) (0.0844) (0.0827) (0.0823)
fractionalization 125 2 -0.171* -0.171* -0.170*

(0.0932) (0.0915) (0.0918)
N 648468 648468 648468 648468 648468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit re-
gressions have been used. Standard errors in parentheses are clustered at the
DHS survey-country level.
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Table B.11: Child mortality: Alternative CLustering of SE

(1) (2) (3) (4) (5) (6)
est1 est2 est3 est4 est5 est6

linguistic distance 25 0.0439 0.0437 0.0833** 0.0242 0.0605** 0.0610**
(0.0478) (0.0488) (0.0413) (0.0270) (0.0251) (0.0247)

fractionalization 25 0.00163 -0.0490 -0.0270 -0.0386** -0.0369*
(0.0425) (0.0353) (0.0170) (0.0190) (0.0193)

linguistic distance 50 0.0476 0.0473 0.0856** 0.0264 0.0823** 0.0828**
(0.0486) (0.0492) (0.0416) (0.0279) (0.0354) (0.0346)

fractionalization 50 0.00275 -0.0544 -0.0219 -0.0343 -0.0339
(0.0479) (0.0406) (0.0207) (0.0225) (0.0230)

linguistic distance 75 0.0502 0.0511 0.0862** 0.0280 0.0995** 0.100**
(0.0490) (0.0495) (0.0419) (0.0291) (0.0459) (0.0447)

fractionalization 75 -0.0113 -0.0646 -0.0313 -0.0461* -0.0473*
(0.0545) (0.0461) (0.0257) (0.0265) (0.0273)

linguistic distance 100 0.0519 0.0533 0.0846** 0.0262 0.106** 0.106**
(0.0492) (0.0497) (0.0421) (0.0295) (0.0520) (0.0506)

fractionalization 100 -0.0225 -0.0748 -0.0406 -0.0582** -0.0611**
(0.0624) (0.0522) (0.0274) (0.0290) (0.0307)

linguistic distance 125 0.0526 0.0545 0.0826* 0.0253 0.112* 0.111*
(0.0494) (0.0502) (0.0423) (0.0299) (0.0594) (0.0575)

fractionalization 125 -0.0419 -0.0873 -0.0441 -0.0638* -0.0692*
(0.0705) (0.0591) (0.0332) (0.0344) (0.0379)

linguistic distance 150 0.0510 0.0530 0.0798* 0.0224 0.102 0.0997
(0.0499) (0.0508) (0.0427) (0.0305) (0.0742) (0.0714)

fractionalization 150 -0.0537 -0.0971 -0.0262 -0.0504 -0.0582
(0.0806) (0.0676) (0.0408) (0.0420) (0.0465)

linguistic distance 175 0.0496 0.0520 0.0779* 0.0207 0.104 0.100
(0.0504) (0.0512) (0.0428) (0.0308) (0.0878) (0.0843)

fractionalization 175 -0.0695 -0.109 -0.0152 -0.0448 -0.0525
(0.0927) (0.0780) (0.0461) (0.0480) (0.0527)

linguistic distance 200 0.0489 0.0515 0.0768* 0.0190 0.104 0.0979
(0.0508) (0.0516) (0.0427) (0.0309) (0.0999) (0.0955)

fractionalization 200 -0.0835 -0.124 0.00314 -0.0341 -0.0410
(0.107) (0.0900) (0.0509) (0.0524) (0.0556)

linguistic distance 250 0.0476 0.0487 0.0720* 0.0226 0.112 0.102
(0.0516) (0.0522) (0.0423) (0.0309) (0.121) (0.115)

fractionalization 250 -0.123 -0.183* -0.0939 -0.149** -0.154**
(0.136) (0.111) (0.0657) (0.0679) (0.0657)

N 658755 658755 658505 649182 648468 648468

* p < 0.10, ** p < 0.05, *** p < 0.01
The dependent variable is the probability of child death. Pooled probit regressions have
been used. Standard errors in parentheses are clustered at the ethnicity level. The
numbers after linguistic distance and fractionalizationtionalization variables indicate the
radius of the circle around the mother in which these variables have been calculated.
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Table B.12: Some Other Variables- Access

Linguistic Distance 25 50 75 100 125
Full Immunization
Linguistic Distance -0.00131 0.00177 0.00321 0.00203 0.000277

(0.00262) (0.00273) (0.00325) (0.00313) (0.00354)
(0.00411)
Fractionalization 0.000467 0.00146 0.000573 -0.000590 -0.00126

(0.00377) (0.00421) (0.00422) (0.00424) (0.00545)
N 867376 867376 867376 867376 867376

BCG
Linguistic Distance -0.000168 0.00120 0.00308 0.00332 0.00325

(0.00459) (0.00443) (0.00541) (0.00592) (0.00692)
Fractionalization 0.00288 0.00494 0.00379 0.00354

(0.00494) (0.00599) (0.00628) (0.00617) (0.00678)
N 849344 849344 849344 849344 849344

Polio All
Linguistic Distance -0.000268 0.00361 0.00577 0.00476 0.00296

(0.00352) (0.00365) (0.00425) (0.00416) (0.00488)
Fractionalization 0.000105 0.000347 -0.00119 -0.00269 -0.00345

(0.00426) (0.00491) (0.00513) (0.00518) (0.00635)
N 867376 867376 867376 867376 867376

Measles
Linguistic Distance 0.0000601 0.00295 0.00307 0.00215 0.00142

(0.00398) (0.00388) (0.00446) (0.00458) (0.00502)
Fractionalization 0.00334 0.00582 0.00501 0.00498 0.00331

(0.00385) (0.00452) (0.00455) (0.00456) (0.00529)
N 849344 849344 849344 849344 849344

Skilled Delivery
Linguistic Distance 0.00225 0.00658 0.00453 0.00313 0.000838

(0.00493) (0.00602) (0.00620) (0.00649) (0.00731)
Fractionalization 0.00640 0.00832 0.00867 0.00685 0.00544

(0.00526) (0.00644) (0.00563) (0.00478) (0.00497)
N 867376 867376 867376 867376 867376

Tetanus
Linguistic Distance 0.00620 0.00720 0.00695 0.00601 0.00410

(0.00508) (0.00504) (0.00506) (0.00584) (0.00730)
Fractionalization 0.00589 0.0126** 0.0178** 0.0175** 0.0144**

(0.00390) (0.00475) (0.00665) (0.00714) (0.00617)
(0.00713)
N 867376 867376 867376 867376 867376

Antenatal Vists
Linguistic Distance 0.00495 0.00587 0.00439 0.00440 0.00343

(0.00527) (0.00479) (0.00474) (0.00478) (0.00627)
Fractionalization 0.00637 0.0109** 0.0149** 0.0130* 0.00893

(0.00397) (0.00503) (0.00670) (0.00716) (0.00740)
N 867376 867376 867376 867376 867376
adj. R2 0.430 0.430 0.430 0.430 0.430

Iron Tablets
Linguistic Distance 0.00536* 0.00123 -0.00233 -0.00160 0.00114

(0.00312) (0.00297) (0.00303) (0.00326) (0.00363)
Fractionalization 0.00347 0.00258 0.00403 0.00666 0.0115**

(0.00474) (0.00507) (0.00533) (0.00428) (0.00452)
N 702515 702515 702515 702515 702515

* p < 0.10, ** p < 0.05, *** p < 0.01
Pooled probit regressions have been used. Standard errors in parentheses
are clustered at the DHS survey-country level. All the regressions control
for urban location dummy, years of education, wealth index dummy, religion
dummy, ethnicity dummy, and year of birth dummy, etc.
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