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ABSTRACT

While ethnic segregation plays an important role in deter-
mining the development trajectories of many countries, em-
pirical measures of the dynamics of segregation remain rudi-
mentary. In this paper, we develop a new computational
framework to model and measure fine-grained patterns of
segregation from novel sources of large-scale digital data.
This framework improves upon prior work by providing a
method for decomposing segregation into two types that pre-
vious work has been unable to separate: social segregation,
as observed in interactions between people, and spatial seg-
regation, as determined by the co-presence of individuals in
physical locations. Our primary contribution is thus to de-
velop a set of computational and quantitative methods that
can be used to study segregation using generic spatial net-
work data. A secondary contribution is to discuss in detail
the strengths, weaknesses, and implications of this approach
for studying segregation in developing countries, where eth-
nic divisions are common but data on segregation is often
plagued by issues of bias and error. Finally, to demonstrate
how this framework can be used in practice, and to illus-
trate the differences between social and spatial segregation,
we run a series of diagnostic tests using data from a single
city in a large developing country in South Asia. The case
study we develop is based on anonymized data from a mo-
bile phone network, but the framework can generalize easily
to a broad class of spatial network data from sources such
as Twitter, social media, and networked sensors.

Categories and Subject Descriptors

K.4.4 [Computers and Society]: General; J.4 [Social
and Behavioral Sciences]: Economics; J.4 [Social and
Behavioral Sciences]: Sociology

General Terms

Human Factors, Measurment, Economics, Algorithms

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
DEV-4 December 6-7, 2013 Cape Town, South Africa
Copyright 2013 ACM 978-1-4503-2558-8-5 ...$15.00.

Keywords

Ethnic segregation, integration, ethno-linguistic fractional-
ization, call detail records, development

1. INTRODUCTION
Ethnic diversity, segregation, and fractionalization have

long been thought to play a critical role in the socioeconomic
structure and overall stability of many developing countries.
Studies based on cross-country regressions generally point to
a detrimental effect of ethnic diversity on economic perfor-
mance [17, 12]. These results are not limited to developing
countries [2, 3], but the negative impact of fractionalization
are particularly acute in countries with weak political and
legal institutions [19]. As a result, a great deal of attention
has focused on polices to promote integration and interac-
tion in heterogeneous societies [9].

However, research on ethnic segregation has been hindered
by a lack of reliable data. Posner [28], for instance, notes
that “most measures of ethnic diversity... are inappropri-
ate for testing [the effect] of ethnic diversity on economic
growth” (p.849). A recent review article by Blattman [4]
similarly concludes with a “plea for new and better data”
(p.3). As these, and others, point out, a weakness of this
empirical literature on segregation is a general over-reliance
on standard government survey data. Census data, for in-
stance, can capture coarse patterns of physical settlement,
but rarely tracks patterns of social interaction which are
necessary to develop a more nuanced understanding of the
micro-dynamics of social interaction and cohesion.

In this paper, we develop and present a set of methods for
measuring and analyzing ethnic segregation at a level of de-
tail that has not been achieved in the prior literature. In ad-
dition to adding specificity and resolution to the geographic
analysis of segregation, a key advantage of our approach is
that it permits a comparative analysis of two distinct types
of segregation that most prior work has conflated: social
segregation, or the extent to which individuals of different
ethnicities are observed to interact with one another, and
spatial segregation, or the extent to which individuals of
different ethnicities visit the same locations.

The fact that these two forms of segregation are rarely dif-
ferentiated in the literature is striking, since the differences
between social and spatial segregation can have important
implications for public policy. To take an extreme exam-
ple, resettlement programs and other policies designed to
promote physical integration may be less effective in places
where only a weak correlation exists between social and spa-
tial segregation. By contrast, in contexts where spatial in-



tegration can be shown to have a strong causal influence on
social integration, forced physical integration may be more
effective. While this paper stops well short of making any
such specific claims, it provides an empirical framework that
we believe can be used to investigate these and other mat-
ters of real importance. To our knowledge, this is the first
study to demonstrate how new forms of data can be used to
separately analyze social and spatial segregation in a large
population, and to relate these concepts to the broader de-
velopment discourse.

1.1 Related Work
Our analysis relates most closely to two strands in the

literature focused on the empirical analysis of spatial and
social segregation, respectively. As noted above, spatial seg-
regation has been the dominant approach to measuring seg-
regation, largely due to the relative ease of measurement
[33, 16]. However, as digital technologies have enabled more
precise measurements of peoples’ locations, so too has the
empirical study of segregation become more sophisticated.
For instance, in a series of early studies of community struc-
ture in call data, Blondel et al. [5, 24] find that Belgian
mobile phone users communicate more frequently with indi-
viduals who speak the same language. In the work perhaps
most closely related to our analysis, Toomet et al. [30] use
landline communications data from Estonia to analyze pat-
terns of geographic segregation at different times of the day.
They find that large and urban areas in Estonia tend to be
more segregated than smaller rural ones, and that places vis-
ited during leisure hours (i.e., after work but before sleep)
tended to be the most integrated. While [30] thus repre-
sents an important contribution, as with much of the exist-
ing demographic research the focus is exclusively on spatial
segregation.
More broadly, our work fits into a growing literature that

relies on large-scale digital traces to understand social phe-
nomena [25], and in particular to a set of recent work has
analyzed political polarization and ideological segregation
using data from internet blogs and Twitter [1, 13]. Our case
study relies on the analysis of anonymized mobile calling
records, but in principle could be extended to other spatial
network datasets (such as those from popular social media
sources) that contain geographic and linguistic markers in
the dataset. This work is thus similar in vein to recent work
that relies on digital traces to measure patterns of migration
[34], the spread of epidemics [31], and infer socioeconomic
status [7, 6, 20].To our knowledge, however, this paper rep-
resents the first effort to use such data to analyze ethnic
segregation in a developing country.
A final, related strand of literature is concerned with de-

veloping generative models of network formation that can
account for observed levels of segregation and integration.
For instance, building on classic models of network attach-
ment, Jackson et al. [23] and Cheng and Xie [10] show that a
simple model that combines same-race preference with mul-
tidimensional preferences would imply that larger“contexts”
(in their case, schools) lead to increased segregation. Simi-
larly, in one of the only studies of which we are aware that
explicitly accounts for the relationship between social and
spatial segregation, Currarini et al. [14] develop a formal
model of friendship formation where individuals have types,
and then exhibit a preference for people of similar types and
for people who are physically close to them. Using data

gathered from a single U.S. high school, these authors find
that observed patterns of segregation and integration are
consistent with the predictions of their model.

2. FRAMEWORK AND METHODS

2.1 Measuring Segregation and Homophily with
Spatial Network Data

For our empirical analysis, our primary concern is mea-
suring levels of segregation within a population. In related
literature, a few common empirical standards have been used
to measure segregation, integration, and homophily[32, 33].
However, as noted by [29], arbitrary geographic segmenta-
tion, as is often imposed by administrative units, is a poor
way to measure the geographic area surrounding a person
within it. In particular, such segmentation does not per-
mit a more fine-grained analysis of local (i.e., geographically
disaggregated) or dynamic (i.e. time-variant) aspects of seg-
regation.

The approach we propose enables a quantitative analysis
of segregation that is both dynamic and disaggregated, and
which, in principle, can be applied to any spatial network
dataset. The required features of such a dataset are the
following:

1. Ethnic identifiers that can be used to infer the ethnic-
ity or other group-level characteristic of individuals

2. Spatial markers that allow individuals to be assigned
to physical locations. Such markers can be in the form
of GPS coordinates, mobile phone BTS locations, cen-
sus tracts, etc.

3. Network connections that link individuals within the
network. Example markers might be call or email traf-
fic, friendship connections, retweets, etc.

4. Temporal markers (optional), which are only necessary
if one wishes to analyze the time-varying dynamics of
segregation

In Section 3 we use data from a mobile phone network in
a South Asian city as a case study, but other examples of
spatial network data are becoming increasingly common as
digital devices proliferate in developing countries. Examples
of spatial network data that would be suitable for this frame-
work include call detail records, twitter or Facebook network
data, data collected from specific ODK deployments, etc.

2.2 Spatial and Social Segregation
Spatial network data allows for the measurement of two

different, but related, measures of segregation: social segre-
gation, the extent to which a person is more likely to interact
with someone of the same ethnicity; and spatial segregation,
the amount a person is more likely to be physically located
near someone of the same ethnicity. We will further dis-
cuss the compound measure of disproportionate segregation,
a concept related to inbreeding homophily, which reflects
the extent to which individuals are more socially segregated
than would be expected at a given level of spatial segrega-
tion.

Formally, we index individuals by the subscript i and loca-
tions by r. We assume a total population of N individuals of
K different types (ethnicities) that exist in a physical space
containing R different discretized locations. Each subpopu-
lation (ethnicity) k contains Nk individuals, and in a given
window of time each region contains Nr individuals such



that N =
∑

k∈K
Nk =

∑
r∈R

Nr =
∑

r∈R

∑
k∈K

Nrk.

2.2.1 Spatial Segregation

We define the spatial segregation of a given region as sim-
ply the fraction of the population in r that is of type t:

wtr =
Ntr

Nr

(1)

Values of wtr close to 0.5 are indicative of low segregation,
while values near the minimum of zero or maximum of one
indicate high levels of segregation. Such a definition addi-
tionally allows for measurement of heterogeneous spatial seg-
regation along a temporal dimension. For instance, following
the example of Toomet et al. [30], it would be straightfor-
ward to segment wrt by t into time of day/week buckets to
separately quantify patterns of segregation on work days,
weekends, and in the evening.

2.2.2 Social Segregation

Using observed interactions in a given time window, we
define st as the number of contacts that a person of type
t has of the same type and dt as the number of contacts
that people of type t have that are of a different type. We
can now define social segregation as Htr, sometimes referred
to as the homophily index, i.e., the fraction of contacts the
people of type t (in region r) form with the same type (in
any region).

Htr =
st

st + dt
(2)

2.2.3 Disproportionate segregation:

We say that a population is disproportionately segregated
if Htr > wtr. This indicates that people of type t in region
r have more contacts of their own type than would be ex-
pected by random pairing - i.e., if they made friends just
based on the relative percentage of types in the population.
To formalize this concept, we define disproportionate segre-
gation DStr as

DStr =
Htr − wtr

1− wtr

(3)

This index of disproportionate segregation DS, sometimes
referred to as inbreeding homophily [11], measures the unex-
pected social segregation observed for a given level of spatial
segregation. The index of disproportionate segregation will
be positive when individuals interact most with individu-
als of the same type (despite a high presence of individuals
of other types), 0 when individuals interact by type at the
rate expected based on the relative fraction of their type
in the population, and negative if individuals interact more
with individuals of other types (despite a high presence of
individuals of the same type).

2.3 A stylized example
To help make the above metrics more intuitive, we illus-

trate how each statistic is computed using data from two ob-
served networks in South Asia. Figure 1 shows the schematic
networks of two small, geographically-contained networks.
Each node with an outbound arrow represents a unique mo-
bile phone user that made a call from this area. Grey nodes
represent users in ethnic group A and black nodes repre-
sent those in ethnic group B, as determined through their
language preference. A directed edge from node i to node

Table 1: Example computations of segregation in-
dices for networks in Figure 1

Figure 1 (left) Figure 1 (right)
NAr 11 11
NBr 3 18
wAr

11

11+3
= .786 11

11+18
= .379

wBr
3

3+11
= .214 18

18+11
= .621

sA 10 11
dA 1 5
sB 1 8
dB 2 11
HAr

10

10+1
= .909 11

11+5
= .688

HBr
1

1+2
= .333 8

8+11
= .422

DSAr
.909−.786

1−.786
= .575 .688−.379

1−.379
= .192

DSBr
.333−.214

1−.214
= .094 .422−.621

1−.621
= −.075

j shows that one or more calls were placed from user i to
user j. Thus, users with outbound arrows can be said to
be occupying the same geographic area (users with inbound
arrow may be located elsewhere).

Table 1 shows all the calculated metrics for the two small
networks in Figure 1. For instance, in the network on the
left, wAr is simply the number of grey nodes with outbound
edges divided by the total number of nodes with outbound
edges, with wAr = 11

11+3
and wBr = 3

3+11
. Using equation

2, we compute social segregation by looking at the network
of contacts with whom nodes in the region interact. sA is
defined as the number of edges between two grey nodes, and
dA is computed as the number of edges originating at a grey
node and directed toward a black node. In this example,
sA = 10, dA = 1, and thus social segregation for ethnicity
A is HAr = 10

10+1
. Disproportionate segregation can then be

trivially computed from these already-computed metrics.

2.4 Segregation and Network Formation
The ability to separately measure these different types of

segregation is not solely a descriptive exercise; it can also
inform our theoretical understanding of the processes which
determine the formation and structure of existing social net-
works. This is perhaps most evident by contrasting three
canonical, stylized models of network formation.

Random attachment: Under a naive model of com-
pletely random attachment, where neither physical distance
nor ethnic homophily plays a role in whether two people
choose to interact, interactions would simply be proportional
to the overall population share and we would expect levels of
social segregation to be bimodal at f = NA/NB for people
of ethnicity A and 1/f for people of ethnicity B.

Geographic constraints: Similarly, if individuals are
neither homophilic (preferring people of the same ethnicity)
nor heterophilic (preferring people of a different ethnicity),
but only interact with people in their immediate geographic
surroundings, then we expect the indices of social segrega-
tion to be very closely correlated to the indices of spatial seg-
regation computed above. This“geographically constrained”
model is, in a sense, desirable, as it is indicative of a context
where people are equally willing to interact with people of
different types.

Social preferences: By contrast, if individuals instead
do prefer to interact with people of their own ethnicity, as
formalized by [14], then we expect levels of social segrega-



Figure 1: Social graphs from two representative networks. Each node represents a unique mobile phone
subscriber, with grey nodes indicating people of ethnicity A and black nodes indicating people of ethnicity
B. Arrows (directed edges) between node i and node j indicate that at least one call was made from i to j.

tion in excess of spatial segregation. In the few cases where
researchers have attempted to fit data to such models, this
“social preference”model is typically a better approximation
of the true population dynamics.
In the following section, we use data to compute the dif-

ferent types of segregation described above, and to illustrate
how such statistics can generate broader implications for un-
derstanding the underlying processes of network formation.

3. CASE STUDY: SEGREGATION IN A

SOUTH ASIAN CITY
The previous section provides a formal framework for mea-

suring different types of segregation when it is possible to
observe three features: individual type or ethnicity; individ-
ual location; and connections between individuals. While
such data can be generated from sources such as Twitter
[22], Facebook [18], and email providers [34], in the context
of developing countries, the most utilized technology is the
mobile phone. As a result, the past few years have seen a
fast rise in the amount of ICTD-related research based on
the analysis of data generated through mobile phone use
[20].
The case study we use to illustrate the above methods em-

ploys data similar in vein to that used by these researchers,
but taken from a large mobile phone network in South Asia.
In addition to carefully adhering to ethical and IRB guide-
lines for anonymizing and ensuring the confidentiality of the
data used for this case study, we are contractually prohib-
ited from disclosing, among other things, the identity of the
mobile phone operator and the name of the country in which
they operate. As a result, the contextual details we can pro-
vide are limited. However, our goal in presenting this case
study is not to make inferences about the specific popula-
tion being analyzed, but rather to illustrate the manner in
which the framework can be implemented, and the types of
insights that might result from its application.

3.1 Context and Data
For the purposes of the analysis that follows, we focus on

a population of individuals in a developing country in South
Asia. In the region we study, approximately 80% of individ-
uals own mobile phones, and we utilize data obtained from
the nation’s largest mobile phone network. While the com-
plete dataset contains the communication records of millions
of individuals, here we focus on on a subset of the popula-
tion in one of the largest urban centers in the country, and
the subset of those subscribers whose language preference is
known. In total, we focus on a population of 65,225 individ-
uals, who are observed to make 695,706 calls from several
thousand unique mobile phone towers.

These data allow us to observe the three necessary features
as follows (note that a full discussion of the limitations of
these data is deferred to section 5.1):

Ethnic Identifiers: When individuals register their phone
or device SIM card on the operator’s network, they have to
select one of two languages to be their language of prefer-
ence. This setting is used by the operator to communicate
with the subscriber, for instance for marketing communica-
tions and for technical support. In this country, there is a
strong correlation between language spoken and underlying
ethnicity, so we have reason to believe that the selection an
individual makes on his SIM card is indicative of the eth-
nicity with which he identifies. As qualitative evidence, we
conducted interviews with 12 different individuals and found
a correlation (ρ = 0.845) between an individual’s “primary
ethnicity” and the language selected on the SIM card. We
did not, however, rigorously test this correlation, and thus
we want to be careful not to over-emphasize the validity of
the analytic results from the case study. As noted above, the
primary intent of case study is to illustrate the operational-
ization of the framework developed in Section 2, rather than
to draw specific conclusions about the the particular South
Asian country for which we have data.

Spatial markers: To measure the approximate locations
of individuals in space, we use geographic markers contained
in the call records. Since every communication event on
the network must pass through one of the networks mo-
bile phone towers, it is possible to use the communication
logs to roughly assign individuals to places at the moment



Figure 2: Distribution of spatial segregation w
in a major urban area in a developing country in
South Asia. Values close to 0.5 imply integration,
values close to zero and one imply segregation.

Figure 3: Distribution of social segregation H in
the same urban area. Large masses at both ends
of the distribution indicate a general tendency for
both ethnicities to interact with ethnicity A.

when they interact with one another. In this city, there are
approximately one thousand different mobile phone towers,
which are distributed in space as depicted in Figure 6. In
this figure, plus (+) signs represent the location of mobile
phone towers, and the white polygons indicate the approxi-
mate coverage area of each tower.
Network connections: Through the mobile operator

dataset, we are able to observe all phone call interactions be-
tween individuals on the network. We interpret this as one
of multiple forms of social interaction, providing a noisy sig-
nal of the structure of the underlying social network. Most
importantly, we use this interaction data to identify the set
of contacts of each individual i, which we use to calculate
si and di, the share of i’s contacts of same and different
ethnicity, respectively.

3.2 Implementation details
The original dataset obtained from the operator consists

of two files: one which contains records of each transaction,
and another which contains metadata on each subscriber,
including the language preference on the subscriber’s SIM
card. The transactional records contain observations of the
form < i, j, r, t > where i and j are the masked identities of
the calling and recipient parties, r is the tower nearest to i,
and t is a timestamp for the call. To compute the metrics
described in section 2 we employ the following procedures:

• To assign individuals to locations, we computed a base
location for each of our callers as the tower with which
they were most frequently associated. We found our
results to be robust to other methods for assigning lo-
cation, such as computing each individual’s Euclidean
centroid (the “center of mass” approach).

• For spatial segregation, we calculated homophily at a
tower level. Any person who has ever called from a
tower was assigned to it. This allowed us to define a
community of callers at each of the towers. To calcu-
late wi, we looked at the fraction of each type that had
ever called from that tower or towers within a 10 km
radius.

• To compute social segregation, we totaled the number

of same and different contacts, separately, that people
who called from that tower had. These numbers were
averaged to calculate the overall homophily of a tower.
Towers with fewer than 10 people assigned to them
were filtered out to reduce noise caused by towers with
very low activity.

• Since not all individuals have matching metadata, we
first pruned the data to exclude communication events
where we did not have language information about
both the caller and the receiver. We also removed the
calls that originated and were directed to the same per-
son - occasionally a person would initiate a call to him-
self. These were removed as we did not want to include
oneself in one’s set of friends and distort the amount
of contacts of the same type. People with fewer than
3 contacts were excluded.

• To compute segregation, we defined a 10 km radius
around the caller. All people assigned a tower within
his 10 km radius were included in the spatial segrega-
tion calculation. And all people he called who were
also based at a tower within that radius were included
in the social segregation calculation.

• All data received from the operator is immediately
anonymized to remove identifying information. How-
ever, as has been noted recently by researchers from
several fields, simple anonymization cannot guarantee
the privacy of individuals [15, 27]. Thus, all data was
handled under a strict Internal Review Board protocol
that, among other protections, ensured that only the
authors of this work had access to even the anonymized
dataset, and that no data was ever copied or removed
from a single firewalled server.

4. CASE STUDY RESULTS

4.1 Spatial analysis
Figure 2 provides a high-level perspective on the distri-

bution of spatial segregation across the entire population of
phone owners in a single urban area. The bimodal distribu-
tion of w in Figure 2 indicates that people in ethnic group A
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Figure 4: Relationship between spatial segrega-
tion (w) and social segregation (H). Each geo-
graphic region, defined as the land area covered
by a single mobile phone tower, is represented as
two points, one grey to reflect the relationship
between w and H for ethnic group A, and one
black to reflect the relationship for ethnic group
B.
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Figure 5: Disproportionate segregation (DS) as a
function of spatial segregation w. The mass of ob-
servations with values of DS greater than zero are
indicative of a general homophilic preference by
both ethnicities that is disproportionate to each
ethnicity’s local population share.

tend to live in places where there is a high fraction of their
own ethnicity, whereas people in ethnic group B tend to live
in places where there are relatively low proportions of their
own ethnicity. While this is presumably driven largely by the
fact that ethnicity A represents approximately 85 percent of
the total urban population, it also indicates that people of
ethnicity B are not clustering themselves in homogeneous
pockets of their own ethnic group.

4.2 Social analysis
The distribution of social segregation in the same urban

area is shown in Figure 3. As with spatial segregation, levels
of social segregation are very high for ethnic group A, and
generally low for ethnic group B.
Reflecting on the models of network formation discussed

in Section 2.4, for this urban area we can clearly reject the
naive model of random attachment, as neither ethnic dis-
tribution is tightly unimodal at the points f or 1/f . In-
stead, the distribution of social segregation is similar to
the distribution of spatial segregation, which suggests the
second model of geographic constraints may better fit the
data, where individuals form friendships without any pref-
erence for their own ethnicity, and simply associate with
those nearby.
However, the distributions in Figures 2 and 3 are visibly

not identical, and this intuition can be confirmed with a
χ2 test (p < 0.01). Indeed, while the distribution of spa-
tial segregation is strictly bimodal, the distribution of social
segregation contains large masses at zero for ethnic group
B and one for ethnic group A. Intuitively, these masses in-
dicate a disproportionate likelihood for both ethnicities to
interact with people of ethnicity A.
This is precisely where the power of the large-scale behav-

ioral data and this framework can provide insight that would
be unavailable to researchers using traditional datasets. Since
the measurement of social segregation requires information

on person-to-person interactions, which has historically been
very difficult to observe (and nearly impossible to measure at
the population scale), scholars have instead typically relied
on measures of spatial segregation, which only requires in-
formation on where people are located. For this reason, the
vast majority of research on segregation uses these spatial
measures, which can be derived from census data and other
common survey instruments. Implicitly, much of this work
assumes that spatial and social segregation can be treated
as equivalent, but as noted above this implies a very naive
model of interaction. Instead of assuming this equivalency,
our framework allows for the hypothesis to be tested empir-
ically.

Figure 4 provides a more direct perspective on the re-
lationship between spatial segregation (on the x-axis) and
social segregation (on the y-axis). There is a clear mono-
tonicity in the relationship, and the correlation is statis-
tically significant (p<0.05; R = 0.24 for Ethnicity A and
R = 0.30 for Ethnicity B). This relationship indicates that
individuals are more likely to interact with people of their
own ethnic group when they are physically surrounded by
people of their own ethnic group.

However, there are significant deviations from this average
behavior, with some places exhibiting low levels of social seg-
regation despite high levels of spatial segregation, and some
behaving the opposite. In particular, the 45-degree line on
Figure 4 represents “baseline segregation”, with all observa-
tions above the line indicating locations of heightened social
segregation (relative to the baseline of what would exist un-
der the geographic constraints model of network formation),
and all observations below the line indicating locations of
better social integration. The disproportionate quantity of
points above the line is indicative of disproportionate segre-
gation, a hypothesis we test formally in the following section.



Figure 6: Spatial Segregation w (left) and Social Segregation H (right) in an urban center. Plus (+) signs
represent mobile phone towers, with the Voronoi cells indicating approximate coverage areas of each cell.
The intensity of segregation is shown in the underlaid heatmap, with highly segregated areas appearing as
red and highly integrated areas appearing as blue.

4.3 Joint spatio-social analysis:
Disproportionate segregation

The index of disproportionate segregation described in
Section 2.2.3 enables us to further untangle the role that
spatial segregation plays in determining social segregation.
In particular, we can look for evidence of deviations from the
naive model of random attachment described above, where
people socialize with those nearby, irrespective of ethnicity.
In smaller contexts where both social and spatial segregation
was elicited through surveys, both [10] and [14] found that
a better model for friendship formation in schools involved
one where students preferentially associated with others of
the same type.
In the data, such deviations from a naive model are indi-

cated by the level of association with co-ethnics above what
would be expected under a baseline model of random as-
sociation. Figure 5 shows the level of this disproportionate
segregation as a function of spatial segregation for the South
Asian nation. Values of DS greater than zero indicate spa-
tial communities of people who strongly prefer to associate
with co-ethnics over non-coethnics. The fact that the vast
majority of observations are above the y-axis in Figure 5
thus indicates a disproportionate association of coethnics
with coethnics, above what would be expected under a sim-
ple model of geographic constraints. Further, the mass of
ethnicity B in the top left quadrant exhibit a strong co-
ethnic bias, despite the relative rarity of coethnics in the
local population. By contrast, the ethnicity A individuals
on the bottom right show a preference for ethnicity B that is
surprising given that they are surrounded by people of their
own ethnicity (A).
Finally, Figure 6 shows the geographic distribution of both

spatial and social segregation in the center of a major ur-
ban center. Segregation ranges from zero to one, with ex-
tremely segregated areas showing up as red and integrated
areas blue. The pockets of high segregation are apparent
from the maps, with both ethnicities tending to cluster in
areas of extreme segregation. The correlation between the
two types of segregation is also visually apparent, though

deviations clearly exist with certain areas being prone to
high spatial but low social segregation, and vice versa.

5. DISCUSSION
In the previous section, we tested the analytic framework

developed in Section 2 using sample data from a large ur-
ban area. Even in the rather superficial analysis, we find
that different sub-regions of the city are highly geograph-
ically segregated, with many pockets of individuals domi-
nated by a single majority ethnicity. We have similarly seen
that these patterns of spatial segregation are also reflected
in observed dynamics of social segregation, in that individ-
uals are significantly more likely to interact with coethnics
than individuals of the opposite ethnicity. Moreover, the
observed pattern of social segregation is disproportionate in
the sense that individuals are even more likely to interact
with coethnics than would be expected just given the uneven
distribution of ethnicities over space.

Taking these findings at face value (we will discuss reasons
to doubt these findings soon), there are several immediate
implications of relevance to to the development community.
First, the dynamics of disproportionate segregation, wherein
the minority ethnicity is observed to cohabitate with the
majority ethnicity but the majority ethnicity appears more
likely to socially interact with the minority, is consistent
with qualitative accounts of interaction in this country. In
this society the minority speakers tend to be relatively less
educated and of lower socioeconomic status, and a norm ex-
ists whereby it is perceived as more appropriate for individ-
uals in ethnicity A to initiate contact with those in ethnicity
B, rather than the other way around. While this result is
more tantalizing than it is robust, it is suggestive of how this
quantitative framework can be used to corroborate qualita-
tive observations, and to measure at a population scale so-
cial phenomena documented with more careful ethnographic
research.

More generally, the comparison of spatial and social segre-
gation can be used to inform policies in developing countries
that are designed to promote integration. While much of our



analysis is in the cross-section, i.e. we do not analyze tem-
poral trends in the different types of segregation we observe,
in principle the framework is easily adapted to a dynamic
context by appropriately discretizing t in the models from
Section 2. We see this to be a promising area for future
work, as the ability to measure changes over time separately
for spatial and social segregation may enable a deeper in-
vestigation of the causal relationship of the two forces. In
many developing countries, where ethnic conflict can create
significant hardship, a deeper understanding of the causes
and nature of ethnic segregation can point to potential so-
lutions.
For instance, a focus of much attention in the development

community is on building social capital through the removal
of frictions that arise from ethnic tensions in the labor force
and education system [17, 12]. However, whether reducing
spatial segregation - for instance by encouraging interaction
in public spaces, requiring pluralities in political represen-
tation, or in offering incentives for individuals to colocate
in diverse areas - has the desired effect on social interaction
and integration is not known. It is, however, an empirical
question that can be investigated using the methods outlined
in this paper. The reverse hypothesis, that reducing social
segregation – for instance by designing technologies to fos-
ter interaction across ethnic lines – is equally plausible, and
equally amenable to empirical analysis. Of course, this pa-
per stops well short of offering any causal insight, and such
conclusions would require a careful research design where
changes to one dimension of segregation can be isolated and
the effects on another dimension identified.
Beyond the study of ethnic segregation, similar methods

could be used to study other types of social mixing, integra-
tion, and homophily. For instance, an analogous framework
could be used to determine the extent to which different
genders are seen to associate in space and time (in some
societies it may be expected to see a sharp disconnect be-
tween spatial and social segregation by gender), or people of
different ages or social status.

5.1 Limitations of the approach
While this analytic framework offers several advantages

over traditional methods used to study processes of segrega-
tion, it has several significant limitations that merit further
discussion.
First, as with many other practices of relying on digital

traces as a proxy for underlying social dynamics [25, 34, 31,
20], the external validity of our approach is limited by the
fact that ownership and penetration of the digital sensor is
often not complete. For our case study, and for many similar
applications, adoption of the underlying technology in not
uniform, and thus the digital traces used to make social
inferences are likely to be biased toward the population of
early adopters and heavy users. Such biases are exacerbated
in the developing-country context, as several studies have
documented differential rates of uptake by different strata
of society [21, 7, 8]. Therefore, claims about segregation
and integration based on these methods are fundamentally
limited to observed behavior among technology users. In
limited cases it may be possible to re-weight observations to
account for differential rates of uptake [26], but in practice
these corrections typically cannot account for all sources of
bias.
One type of bias that is particularly difficult to correct oc-

curs when patterns of behavior observed through the trace
are not representative of social behavior about which infer-
ences are being made. In certain situations this may lead to
random error that increases noise but not bias. For instance,
if a satellite were to detect a person’s location at random
times throughout the day and such observations were used
to infer location, the trace would represent a random sam-
pling of activity and should not result in biased estimates of
behavior. However, when the observed activity is nonran-
dom (for instance, if the person’s location is only observed
when she is at rock concerts and decides to use Twitter),
then estimates of activity will only be valid on the biased
sample of activities observed (i.e., for inferences about be-
havior at rock concerts).

In the case study based on mobile phone data, such bi-
ases are likely introduced by the fact that we only observe
call interactions (the operator did not provide us with SMS
records, which are likely to reflect different dynamics of so-
cial interaction), and that not all people use their phones
for the same purpose. To some extent, we hope to smooth
these differences by aggregating data over several months to
infer the structure of the social network, and thereby focus
only on whether two people have ever communicated instead
of the intensity of the communication. Nonetheless, we do
not mean to suggest that the data used in the case study
provides a perfect reflection of the underlying social net-
work; only that it can provide a high-resolution perspective
on segregation within population that is difficult to survey
with other methods.

A further limitation of our approach is the manner of de-
termining the ethnicity k of each individual. As discussed
earlier, this inference relies on the language selected by the
device owner when registering the device for use on the net-
work. Since there is a high correlation between language
and ethnicity, we impute ethnicity based on language pref-
erence. This approximation of ethnicity with language is
common practice in the large literature on ethno-linguistic
fractionalization [4, 3]. There are, however, examples when
institutional factors (such as legal regulation on language
choice) or technological factors (such as default settings on
the device) may cause the correlation between ethnicity and
language to be far from perfect. For the purposes of the
case study in this paper, we found a relatively high corre-
lation (ρ = 0.845) between ethnicity and language interface
on the phone, which we deemed to be sufficient to provide a
strong signal, albeit with some noise, of ethnicity based on
language selection.

We thus believe that the locations we observe for each
person are relatively representative of that person’s loca-
tion, and we think that the manner by which we infer eth-
nicity is defensible. Instead, our primary concern is with
the fact that we have reason to suspect that the sample of
interactions we observe is not entirely representative of un-
derlying social ties between individuals. For while we do
observe every phone-based interaction between and across
ethnicities, a more acute form of bias can arise when the
nature of use differs by ethnicity (even given uniform adop-
tion across ethnic groups). Such examples are not uncom-
mon in developing countries, where social norms may dictate
technology-mediated interactions that are unrepresentative
of traditional modes of interaction. An example we have
noted in the country that is the focus of this paper is that
speakers of language B sometimes feel it is inappropriate



to call their employers (who are disproportionately likely to
speak language A), while the reverse is deemed to be social
acceptable. While this particular example can be dealt with
empirically by defining relationships over a long period of
time through undirected rather than directed edges (as we
have done above), similar dynamics may lead to more insid-
ious forms of bias that are not so easily detected. Thus, in
no way do we mean to discount the importance of this final
limitation. Particularly in cases where data of this nature is
used to inform policy, rather than as a diagnostic tool as is
the case in the current paper, great care must be taken in
appropriately scoping the nature of the questions asked and
conclusions drawn.

6. CONCLUSION
The dynamics of ethnic segregation and integration play a

critical role in determining the social and economic develop-
ment of many impoverished nations [17, 12]. However, em-
pirical studies of ethnic segregation have been hindered by
a lack of reliable data [28, 4]. In particular, social scientists
have been limited in their ability to disaggregate patterns of
segregation to smaller geographic regions and smaller time
intervals, making it difficult to understand the causes and
effects of different types of segregation.
Here, we develop a generic computational framework for

using spatial network data to develop fine-grained measures
of two different types of ethnic segregation: spatial segrega-
tion and social segregation. These two types of segregation
are often conflated in empirical work on segregation, even
though they represent two distinct phenomena with differ-
ent implications for public policy. Using data from a case
study, we provide an example of how these measures might
diverge: although the two measures of segregation are highly
correlated in the South Asian city, there are statistically sig-
nificant differences that can be used to distinguish between
different stylized models of social preference and network
formation. Considerable calibration, contextualization, and
cross-validation is needed before this empirical evidence can
be useful in a policy context. However, these early results
indicate a preference for co-ethnics that is disproportionate
to the overall proportion of coethnics in the population.
While the results from our case study are preliminary, our

hope is that the analytic framework can be adopted by other
researchers studying ethnic and other forms of segregation in
developing countries. Through this work, we seek to build
a deeper understanding of the key drivers of segregation,
and thereby inform policy to foster integration across ethnic
lines.
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