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Social segregation research has a long tradition in urban studies. Usually, these studies focus on the residential
dimension, using official registries (e.g., census data), which show population distribution at night. Nevertheless,
these studies disregard the fact that the population in cities is highly mobile, and its spatial distribution
dramatically changes between night and day. The emergence of new data sources (Big Data) creates perfect
conditions to consider segregation as a process, by providing the opportunity to dynamically analyse temporal
changes in social segregation.

This study uses mobile phone data to analyse changes in social segregation between night and day. Our case
study is Medellin (Colombia), a highly socially-segregated, South American city, where social integration policies
are being developed, targeting the population in the most disadvantaged neighbourhoods. We use several
complementary indicators of social segregation, supplementing them with mobility indicators that help explain
changes in spatial segregation between night and day.

The main conclusion is that daily mobility reduces the concentration of a particular group within neigh-
bourhoods and increases the degree of social mixing (exposure) in local settings. This greater social exposure
softens local contrasts (outliers) and increases the extension of spatial clusters (positive spatial autocorrelation),
so general clustering trends emerge more clearly. The study also makes clear that increased exposure during the
day mainly occurs due to the mobility of the low-income population, who are the most likely to leave their
neighbourhood during the day and who travel the greatest distances to the most diverse set of destinations.

1. Introduction

Socio-spatial segregation research is well grounded in urban studies,
focusing mostly on residential segregation. This is because the main
source used (the census) provides data on the characteristics of the
population based on its place of residence. However, urban inhabitants
do not spend their entire time in their place of residence, but conduct
activities across different parts of a city. In consequence, their mobility
modifies the city's socio-spatial segregation patterns throughout the day.
Moreover, spending time outside the residential neighbourhood may
play a significant role in determining segregation experiences. Accord-
ingly, individuals residing in the same area may be exposed to very
different social and economic contexts, depending on the nature of their
daily mobility and the type of residential area.

Mobile-phone data offers new opportunities for segregation studies,
thanks to their high temporal resolution. As people carry out their ac-
tivities in a city, they leave behind a digital fingerprint that can be used
to analyse the population's segregation patterns at different times of the
day (Osth, Shuttleworth, & Niedomysl, 2018). Mobile-phone data offer
less complete socioeconomic data than population censuses. However,
they bear some noteworthy advantages: samples are usually very large
and are already being stored by mobile network operators, rendering the
cost of data collection much lower than that of a survey with an
equivalent sample size. Besides, these data present fine high spatial and
temporal resolution, and enable accurate and dynamic analysis (Garcia-
Albertos, Picornell, Salas-Olmedo, & Gutiérrez, 2018).

Many authors argue that segregation is not only the result of the
conditions of the home neighbourhood, but also of daily mobility of
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individuals (Heringa, Bolt, Dijst, & van Kempen, 2014; Kwan & Weber,
2003; Osth et al., 2018; Wong & Shaw, 2011). The underlying theoret-
ical basis for research of segregation outside the residential context is
that one's exposure during their daily activities might have an impact on
their personal experiences of segregation (Osth et al., 2018). It is
assumed that the probability of cross-group interactions and integration
depend on the presence of people who belong to different groups in one's
activity space (Zhou, Chen, Yeh, & Yue, 2019). As Osth et al. (2018)
state, it needs to be emphasised that we do not suggest that increased
levels of spatial proximity would necessarily reduce or abolish the
negative and discriminatory practices commonly associated with resi-
dential segregation. However, it is well known that segregation in its the
most extreme state ultimately leads to the complete spatial separation of
individuals and groups. This, in turn bounds integration of different
groups, in at least some areas of daily life, and limits opportunity to
share the same spaces (e.g. Dixon, Durrheim, & Tredoux, 2005). This
statement is rooted in a multitude of studies calling for the dispersal of
members of segregated groups in space as a mean to enhance social
integration (Musterd and Ostendorf, 2013).

Further, we identify a research gap on changes in socio-spatial
segregation patterns between night and day in cities of the Global
South, even though these cities are usually assessed as highly segre-
gated. One of the main reasons is related to the limited access to
necessary data, which can be at least partly addressed by the application
of mobile phone data. Nevertheless, the research on temporal socio-
spatial segregation based on mobile phone data has focused on Euro-
pean cities (see, for example, Silm & Ahas, 2014a, 2014b; Silm, Ahas, &
Mooses, 2018; Osth et al., 2018), with an exception of Santiago de Chile
study by Dannemann, Sotomayor-Gomez, and Samaniego (2018). At the
same time, mobile phone data are particularly useful to generate new
knowledge about cities of the Global South, partly because they cover
some of the gaps in official statistics and partly, because they allow to
“enter” to neighbourhoods where interviewers have limited access, e.g.
due to high criminality. Our study area, the city of Medellin (Colombia),
is of special interest for this kind of research, since it is a highly segre-
gated city, suffering severe problems of social exclusion and insecurity.

Our main hypothesis is that urban daily mobility mitigates socio-
spatial segregation. The main contribution of the presented paper is
that we test our hypothesis in the understudied context of the Global
South, applying the multidimensional approach to segregation studies
which combines a broad range of complementary segregation and
mobility indicators, and showing that even very basic mobile phone data
can extend our understanding of urban segregation. First, we evaluate
an income urban segregation covering its three complementary di-
mensions, namely concentration, clustering and exposure. Moreover, we
introduce a distance-decay Shannon Index, a modification of the Shan-
non Index, extending measurement of social exposure (social mixing)
beyond a particular neighbourhood in order to consider broader local
settings. These local settings more realistically reflect potential for social
interaction between different groups, independently of socially mean-
ingless “administrative borders” between neighbourhoods (or census
tracks). Further, we implement mobility indicators and the concept of
socio-spatial-mix trips into segregation studies, using them to explain
changes of the social mix between night and day. Finally, we show how
to take advantage of very basic Call Detail Record (CDR) data in order to
provide insightful conclusions on urban socio-spatial segregation. In
consequence, the paper contributes to fill the research gap in knowledge
on night and day socio-spatial segregation in cities in less developed
countries exploring the potential of mobile-phone data for this purpose
and providing new knowledge for future comparative analysis.

The remainder of this paper is structured as follows. Section 2 pre-
sents a literature review on socio-spatial segregation. Section 3 describes
the study area. Sections 4 and 5 report the data and the methodology,
respectively. Section 6 describes results, and finally Section 7 presents
the conclusions.
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2. Socio-spatial segregation

The roots of research on residential segregation are based on studies
that focus on differences in housing and living conditions experienced
by inhabitants from different ethnic groups in urban America (Massey &
Denton, 1993), however, ethnic segregation has been studied exten-
sively all over the world (Johnston, Poulsen, & Forrest, 2007; Musterd &
Van Kempen, 2009; Sabatini, 2006). Currently, the main line of resi-
dential segregation studies does not limit themselves to ethnic issues and
deals with broader phenomena, such as socioeconomic segregation
(Musterd & Ostendorf, 2013; Tammaru, 2015), including examples from
the Global South (e.g. Molinatti, 2015; Monkkonen, 2012).

The most important reasons that underlie residential segregation are
related to voluntary or involuntary housing choices. Better-off house-
holds express their economic power through their housing preferences,
while more vulnerable ones have limited options, as their housing de-
cisions are constrained by a lack of resources. In consequence, even
though the former demonstrate freedom of choice, while the latter ex-
press limitations, both processes equally lead to spatial segregation be-
tween particular socioeconomic strata (Maloutas, 2016). In the
background behind these processes, one can observe gentrification or
suburbanisation, which are the two sides of the same phenomenon:
colonisation of preferred urban areas by high-income groups, and the
pushing of low-income groups toward urban margins (Musterd, Mar-
cinczak, van Ham, & Tammaru, 2017).

Thus, the most important reason for residential segregation is
income-related social inequality (Musterd & Ostendorf, 2013; Tammaru,
Marcinczak, Aunap, & van Ham, 2017). Several studies show that the
growth of income disparities is associated with an increase in socio-
economic segregation in both, the US (e.g. Reardon & Bischoff, 2011)
and Europe (Tammaru, 2015). Nevertheless, the recent comparative
study shows that this relationship is not straightforward, underlying
differences between paths followed by individual cities (Tammaru et al.,
2017). This path dependency proves the need for case-specific segre-
gation studies, in particular in different socioeconomic contexts. This is
even more important in case of cities in less developed countries, as they
experience the most radical growth in socioeconomic inequalities
(Wissink, Schwanen, & van Kempen, 2016).

Segregation studies became major sources of information for the
formulation of social integration policies based on the assumption of
direct associations between the spatial and the social dimensions of
segregation (Schnell, Diab, & Benenson, 2015). In the classical urban
geography, spatial distance, as expressed by residential segregation, is
associated with social distance (Musterd et al., 2017). Importantly, the
coexistence of both distances causes that consequences of residential
segregation go far beyond housing conditions or different levels of ac-
cess to particular types of public services. The spatial separation of
particular groups provokes social division and decreases trust and in-
creases tensions between them (Osth, Andersson, & Malmberg, 2013).

Several studies link the social stratum of a household's residential
area with the spatial range of their daily behaviour (cf. Kamruzzaman,
Baker, Washington, & Turrell, 2014). Despite increasing interest in
spatial separation between individuals during their non-employment
activities (Silm & Ahas, 2014a), time spent at home and at work loca-
tions constitutes a significant fraction of an individual's time, and as
such, constrains social interactions. Thus, there is a growing need to
understand the degree of workplace segregation, as this can exaggerate
the social separation of particular groups or, on the contrary, increase
social exposure to other social groups. For example, for a better un-
derstanding of immigrant integration into the local labour market, Ellis,
Wright, and Parks (2009) show the need to extend the meaning of
segregation beyond its residential manifestation in order to include
segregation at the workplace into the picture.

Previous studies suggest an interrelation between residential and
workplace segregation, by showing that living in less-segregated
neighbourhoods reduces segregation at the workplace level
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(Stromgren et al., 2014). The segregation study shows that that resi-
dential and workplace locations are similarly segregated (Toomet, Silm,
Saluveer, & Tammaru, 2012); however, the study at hand is based on a
particular (European) context. On the other hand, FEllis et al. (2009)
show that, in the US context, residential segregation is an order of
magnitude more considerable than segregation at the work location,
providing one more argument that supports the well-grounded state-
ment that segregation is a highly context-specific issue (Tammaru, 2015;
van Ham & Tammaru, 2016). Thus, Silm and Ahas (2014b) argue that a
single-domain segregation study is likely to misjudge individuals' social
interaction, as these interactions may occur at different locations, during
different activities. In consequence, the contemporary critique of the
“classical” segregation indices call for a multidimensional approach to
socio-spatial segregation. It underlines interdependency between resi-
dential location, social networks, activity schedules, and other social
and cultural aspects of daily life. In the modern, highly mobile urban
life, socio-spatial interactions become weakly, if ever determined by the
individual's residential location (Schnell et al., 2015).

Census data perform reasonably well when one must capture the
residential dimension of segregation, but they hardly contain informa-
tion that covers other segregation domains. However, several new data
sources may contribute to filling this gap. A tailor-made mobile phone
application may collect very detailed spatial and temporal data on ac-
tivity spaces of individuals, supplemented by socioeconomic data on
individuals (Yip, Forrest, & Xian, 2016). Nevertheless, even though it
would automate data collection, it shares similar constraints with more
“traditional” travel diaries (see Li & Wang, 2017) related to an extreme
effort in contacting participants and a high data-collection cost.

Mobile phone data offers an excellent opportunity to analyse socio-
spatial segregation to different social groups in their activity places
beyond their place of residence, since it allows us to know the location of
people over time. It is collected passively and continuously, generating
very large samples, much larger than those obtained in household
mobility surveys. Ironically most of the socio-spatial segregation studies
based on mobile phone data have been performed in cities with rela-
tively detailed and regularly collected census data, while they have been
hardly applied in highly segregated cities of the Global South, where the
access to data is limited. Pioneering research conducted in Estonia uses
mobile phone data to define activity spaces and their interrelation with
segregation during non-employment activities (Silm & Ahas, 2014a), the
temporal fluctuation of segregation levels (Silm & Ahas, 2014b) and
ethnic segregation among the young population (Silm et al., 2018). The
main finding of the Estonian studies is that daily mobility decreases
residential segregation, however not uniformly, with significant differ-
ences between social groups and spaces. Similarly, Osth et al. (2018) use
a large dataset of more than 1.2 million Swedish mobile phone users and
conclude that even though mobility alleviates segregation for some in-
dividuals, many areas remain highly segregated even, when daily
mobility is taken into account. Zhou et al. (2019) attempted to elucidate
workplace segregation using cellular network data with a special focus
on the segregation of rural migrants. They show that rural migrants who
worked in manufacturing industries and lived in suburban areas suffered
from higher workplace segregation from other social groups compared
with those who worked in service jobs and resided in the central-city
areas. Beyond daily variation of segregation, other authors focus their
attention on segregation during holidays. For example, the Estonian
study applies mobile phone positioning data to show that during holi-
days, ethnic segregation is significantly higher than during regular, la-
bour days, in particular outside the capital city (Mooses, Silm, & Ahas,
2016).

The main obstacle of the application of mobile phone data for
segregation studies, is related to the (un) availability of social charac-
teristics of users. These data can be obtained from phone operators or
estimated through data enrichment processes using auxiliary data
sources (Kwan, 2016; Park & Kwan, 2018). Mobile network operators
store useful information about their clients, for example age, gender,
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address and others. In the case of the aforementioned Estonian studies,
data on call locations were supplemented by the information obtained
from phone operators, which distinguished the language selected by the
user (used to identify ethnicity), age and gender. Osth et al. (2018)
crossed mobile phone data with information on urban socio-spatial
structures. Similarly, Zhou et al. (2019) used the same approach in
order to identify migrant enclaves and measure their exposure to other
social groups in their workplaces. However, this information is usually
not available for researchers due to privacy concerns. Moreover, many
mobile phone contracts are linked to companies rather than to in-
dividuals. In addition, some customers do not update their personal
data. In case the socioeconomic data is not available or not reliable, it
has to be estimated. The application of GIS (Geographic Information
System) enables cross mobile phone data with another sources, like e.g.
national census. In this case, the socioeconomic characteristics of users
is identified with the dominant characteristic of residents of the area
where they live, however it is not possible to infer the individual char-
acteristic of each user.

3. Study area

Medellin is the second-most populated city in Colombia and the
capital of the Department of Antioquia, with approximately 2.5 million
inhabitants. Medellin's population is relatively young: 24.9% is under
the age of 15, 68.5% between the age of 15 and 65, and only 6.7% over
the age of 65. The official unemployment rate is 10.2%. The use of
mobile phone services is very widespread among the adult population.
The subscriber ratio of the country is 109.5 per inhabitant. Most of them
(79%) are prepaid subscribers (Ministerio de Tecnologias de la
Informacion y las Comunicaciones, 2014). Medellin is especially
appropriate for conducting a socio-spatial segregation study, since this is
a city with great social contrasts and a very violent recent past. How-
ever, important political actions have been recently conducted, aiming
to promote social integration in the most disadvantaged
neighbourhoods.

Medellin is spread throughout the valley that runs north-south
(Fig. 1a). The main areas of economic activity, together with the main
transport infrastructures are located at the bottom of the valley. The
most disadvantaged residential areas (stratum 1 in the range 1-6;
Table 1) are found in the most elevated, peripheral zones, especially in
the northern part of the municipality (Fig. 1b). Middle income strata
neighbourhoods predominate in the centre (strata 3 and 4). The highest
income group (stratum 6) concentrates in the southeast where residen-
tial buildings alternate with office spaces and shopping centres.

Fig. 1. Reference map (a) and predominant income stratum in each neigh-
bourhood (b).
Source: Medellin Town Hall.
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Table 1

Neighbourhoods of Medellin according to predominant income stratum (2014).
Predominant income stratum Number of neighbourhoods Households 2014 (thousands) Percentage Population 2014 (thousands) Percentage
Activity areas (*) 19 0 0 0 0
1 (very low) 32 80.0 12.4 280.1 13.0
2 66 211.3 329 741.6 34.5
3 76 188.0 29.3 637.4 29.7
4 35 76.1 11.9 229.1 10.7
5 22 56.4 8.8 167.1 7.8
6 (very high) 19 30.3 4.7 93.2 4.3
Total 269 641.8 100.0 2148.4 100.0

“ Non-residential areas occupied by offices, universities, hospitals, etc.

During the 1980s, Medellin emerged as the epicentre of Colombia's
burgeoning illegal drug trade, and in the 90s it became the world's most
violent city, as many areas of the city were effectively ungovernable. The
settlements on the hillsides of the city were severely impoverished and
abandoned. Both public and private investment in these neighbour-
hoods were progressively phased out as insecurity increased. Public
funding and economic activity were concentrated in the socially
peaceful and orderly areas of the city (Brand & Davila, 2011).

The 2001-2003 Medellin Development Plan (Plan de Desarrollo
2001-2003; Pérez Gutiérrez, 2001) marked a turning point for the city. It
implemented an urban-regeneration model of socially responsible in-
vestments in infrastructure, which sought to repay the city's historical
debt to the most impoverished sectors in the periphery (Davila, 2009).
Metrocable, a gondola lift system, was central to this social integration
strategy, since, firstly, it gives the population who live in the outlying
areas convenient access to the city centre, thereby also increasing their
employment opportunities, and, secondly, it facilitates the involvement
of public institutions in these areas. Thus, over the last decade, the city
districts connected by Metrocable have benefited from a significant in-
crease in public funding for the provision and improvement of infra-
structure and public services, such as libraries, schools, parks, bank
branches, etc. (Brand & Davila, 2011).

The metro system, operating since 1995, consists of two elevated rail
lines and three cable lines. In terms of organisation and fares, these cable
lines are treated equally as other metro lines. More recently, two Bus
Rapid Transit (BRT) corridors were opened, the so-called Metroplus
(Heinrichs & Bernet, 2014). Nevertheless, Metrocable has been a key
factor in the social integration of the population in deprived neigh-
bourhoods in the periphery. Even though Metrocable is not, on its own,
enough to combat crime, it has supported the creation of a climate of
peaceful co-existence in which there has been a significant decline in
crime rates, as it has been accompanied by a complete package of
measures to promote urban development and social integration. The
social urbanism projects developed in Medellin in relation to Metrocable
have proved effective as a crime-prevention tool (Bea, 2016).

4. Data sources and data pre-processing

This study combines different data sources, both traditional ones and
aggregated, anonymised mobile phone data. The latter serves to char-
acterize population density during day and night, and model mobility
between particular neighbourhoods. Additionally, we apply data pro-
vided by Medellin Town Hall, which contains the distribution of popu-
lation, structured by income strata at neighbourhood level, as well as
transport infrastructure and land use.

4.1. Mobile phone data

Mobile phone networks are built using a set of phone towers (Base
Transceiver Stations; BTS) that connect mobile phones to the network.
Each BTS covers an area called a cell. Depending on population density,
BTS coverage typically ranges from less than 1 km? in dense urban areas,

to more than 4 km?, in rural ones. For the sake of simplicity, it is
commonly assumed that each BTS covers a 2-dimensional non-
overlapping polygon. Hence, we use the Voronoi tessellation gener-
ated from known BTS points to define each cell.

We use a 5-month (December 1, 2013, through April 30, 2014),
anonymized and aggregated Call Detail Record (CDR) dataset from one
of the top three biggest mobile phone companies in Colombia (Minis-
terio de Tecnologias de la Informacion y las Comunicaciones, 2014). The
whole dataset consists of around 2.2 billion records, stored in a Mon-
goDB database. CDRs are generated when a phone calls or uses basic
messaging service (like SMS, MMS, among others).

In the dataset, every CDR is limited to three fields: an ad-hoc user id
anonymized for this study (every mobile phone number has a unique id
in the whole dataset), the time and date when the interaction started,
and the BTS's id that the user was connected to at the beginning of the
interaction. Note that no information about the exact position of a user
within the BTS's cell is known. Also, if the phone is not actively using
mobile network services, there would be no CDR record. No other data
from the provider, such as a contract or demographic data, are available
for this study. In summary, more than 358,000 users interacted with any
BTS of Medellin. These users created over 112,000,000 CDRs in
Colombia, out of which roughly 35,000,000 in Medellin.

The pre-processing data task consists of cleaning (deleting inconsis-
tent records, such as unknown BTS's coordinates) and filtering of users
with at least one call in Medellin during the analysed time window.
Then, a home detection algorithm is applied. Home detection algorithms
are a specific kind of a wider group of algorithms used to identify
meaningful places (like home, work, or others) from mobility informa-
tion, applying some criteria to define time slots for particular types of
activities. Ahas, Silm, Jarv, Saluveer, and Tiru (2010) use an anchor-
point model to identify home and work and validated it with the
actual geography of the population. Frias-Martinez, Virseda, Rubio, and
Frias-Martinez (2010) propose a genetic algorithm approach to identify
the time slot that had to be used for more precise identification of home
and work locations. Kang, Welbourne, Stewart, and Borriello (2005) and
[saacman et al. (2011) use a similar approach consisting of clustering
towers (or active points) to identify home and work, but while Kang
et al. does it for WiFi signals, Isaacman et al. apply it to mobile phone
records.

Considering the previous approaches, we implement a simplified
version of Isaacman et al. (2011) approach. By considering the activity
of a user during night-time hours (18:00 to 06:00), we identify the place
of residence as the area (Voronoi polygon of a BTS) where the user has
the highest number (mode) of weeks with at least one CDR, considering
only those users with at least 5 weeks with CDRs, in order to eliminate
those who, represent sporadic overnight stays. In case of results with
more than one weekly-mode, the cell with the highest number of days of
activity is selected as the residence, and if still tied, the cell with the
highest number of CDRs is selected. If a user's data does not fulfil these
conditions, their records were discarded from a dataset.

The same procedure is followed to determine the most likely work/
study area, using 09:00 to 12:00, and 14:00 to 16:00 time windows. The
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12:00 to 14:00 time window is not considered to avoid activities other
than work or study usually undertaken during this period. Then, we
create a matrix of trips between home and work or study areas for all
users whose area of residence and work are located within the city of
Medellin.

Due to the criteria described above, in the analysis we use data for
the third part of users with any CDR located within Medellin. In case of
the others the home and work locations are identified elsewhere in
Colombia or no home / work location is possible to identify when the
five-different-weeks-rule is to be applied. Eventually, we identified
approximately 80,000 users with home and 87,500 with work locations
in Medellin, out of which 68,000 were identified with both, home and
work location in Medellin.

Once home and work locations are identified within BTS Voronoi
polygons, they are transferred to the layer of city's neighbourhoods,
applying the areal weighting method (Chakraborty & Armstrong, 1997;
Garcia-Palomares, Gutiérrez, & Cardozo, 2013; Tu et al., 2020) and the
dasymetric technique (using the city neighbourhood layer and a land-
use map as ancillary maps). Finally, expansion factors are used to esti-
mate home and work location as well home-to-work mobility patterns of
the entire population of Medellin using data for users with both loca-
tions identified.

4.2. Socio-economic data

We apply data provided by Medellin Town Hall, which contains
estimated neighbourhood population in 2010 and 2013 (DANE and
Alcaldia de Medellin, n.d.) and housing quality strata (in the scale from 1
to 6) at neighbourhood level in 2010 (Alcaldia de Medellin, n.d.). In our
study, in the scope of missing any other data which describes socio-
economic status of residents, we use the latter as an approximation of
the socio-economic status. Moreover, we assume the latter is constant
between 2010 and 2013.

Then, we use a commuting matrix between home and work/study
location in order to redistribute population by stratum to destination
neighbourhoods during daytime, in proportion to the total number of
residents from each stratum by origin neighbourhood (night-time
hours). In result, we obtained a population distribution in each neigh-
bourhood based on strata both during night and daytime hours, which is
essential to conduct a temporal segregation analysis of the city.

5. Segregation indicators

We apply a set of indicators which provides complementary infor-
mation on different dimensions of the segregation: concentration, clus-
tering and exposure. We use a Geographic Information System (ArcGIS
10.6) in order to intersect official information on the neighbourhoods
(population and income strata) with information obtained from the
analysis of mobile phone data (population presence), always differen-
tiating between night and day to analyse the city's dynamic.

Additionally, three mobility-based indicators are calculated to
measure a degree of openness: the intensity of the openness, the variety
of destinations and the distance travelled. These indicators aim to cap-
ture the response of the population from the most disadvantaged
neighbourhoods to employment and service deficits in these neigh-
bourhoods, analysing the extent to which the population takes advan-
tage of opportunities offered to them by the city as a whole.

5.1. Concentration

The concentration of particular socioeconomic groups (distinguished
by income strata) at day and night is measured with the location quo-
tient (LQ). It is a widely-used indicator in residential segregation studies
(see Bauder & Sharpe, 2002), calculated as follows:
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X Yy
LO,; = XY

whereLQy; is the location quotient of the social group s in the neigh-
bourhood i,xg; is the number of individuals of the group s in the neigh-
bourhood i,X; is the total number of individuals in the neighbourhood i,
Y is the total number of individuals of the social group s in the city,and Y
is the total number of individuals in the city.

The indicator compares the share of population of one group in a
given neighbourhood with the share of that group within the city as a
whole. LQ higher than 1 indicates that the group is over-represented in a
given neighbourhood, while LQ below 1 - under-represented. The more
extreme values are reported per group (very high in certain neigh-
bourhoods and very low in others), the more concentrated, and there-
fore the more segregated, that group is.

To obtain a global degree of spatial concentration for each group, its
corresponding coefficient of variation is calculated. Higher disparities, i.
e. very high values in some neighbourhoods and very low in others,
result in high values of coefficient of variation indicating a high degree
of concentration of that group in the space. On the contrary, an even
share (i.e. close to the average) of a particular social group among
neighbourhoods means a low level of segregation.

5.2. Clustering

The LQ and its coefficient of variation analyses concentration levels
in each of the neighbourhoods separately, disregarding whether over or
under-representation of a particular group is spatially clustered. The
Global Moran's Index evaluates spatial autocorrelation indicating
whether the pattern is clustered, dispersed, or random. Additionally, the
z-score and p-value evaluate the significance of the results (Mitchel,
2005). A positive and statistically significant z-score indicates positive
spatial autocorrelation (i.e. that high values and/or low values are
spatially clustered), while a negative and statistically significant z-score
value means that high and low values are spatially dispersed (negative
spatial autocorrelation). Finally, a non-significant p-value indicates that
social groups are randomly distributed among neighbourhoods. When
calculating the index, we consider the spatial interaction between ob-
servations within a 1000 m radius (an equivalent of a typical 15-min
walk), with a weight inversely proportional to the distance. This dis-
tance limit aims to reproduce the local setting in each neighbourhood,
meaning the space where inhabitants experience their “neighbourhood
life”.

Additionally, Anselin's Local Moran's Index (LISA statistic) is used to
identify spatial concentrations of high or low values and spatial outliers
(Anselin, 2010), providing z-scores and p-values. The cluster/outlier
type distinguishes between a statistically significant cluster of high
values (HH), a cluster of low values (LL), an outlier in which a high value
is surrounded primarily by low values (HL), and outlier in which a low
value is surrounded primarily by high values (LH; Mitchel, 2005). This
analysis is performed for each social group with a cut-off distance of
1000 m for inverse distance procedure.

Location quotient and LISA statistics measure different dimensions of
segregation. The first one measures concentration of particular socio-
economic groups in each of the neighbourhoods separately, without
considering neighbouring areas, while the second one is focused on
spatial relations between neighbourhoods (see Fig. 2). Thus, a spatial
distribution can be concentrated and clustered (Fig. 2d) or concentrated
and random (Fig. 2b) at the same time.

5.3. Exposure

Exposure refers to the likelihood of potential interaction between
individuals from different strata groups. This likelihood is greater in
spaces with higher diversity of groups or strata. In order to evaluate the
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Concentration

Clustering

Fig. 2. Concentration and clustering as different dimensions of socio-spatial
segregation. The colours of the cells represent the values of the analysed vari-
able: white (low), grey (medium) and black (high). The direction of arrows
expresses increasing of concentration and clustering, respectively.

degree of exposure in each neighbourhood, during night-time and day-
time hours, we use the Shannon Index (Shannon, 1948). This index is
commonly used to analyse diversity in ecological studies (cf. Nagendra,
2002). Within the field of social studies, it has rarely been used, with a
few exceptions (Borruso, 2009; Sarma & Das, 2015; Sheskin & Hartman,
2019; Warf & Vincent, 2007). The Shannon Index is calculated accord-
ing to:

s
H = — Zszlpn'log(ﬂn)

where:H; is the Shannon Index for the neighbourhood i,p;; is the pro-
portion of individuals belonging to the selected social group s in
neighbourhood i,and S is the set of social groups.

The index ranges from O to infinity, where O represents a perfectly
homogeneous population, while higher values indicate higher
heterogeneity.

The Shannon Index is calculated for particular neighbourhoods, but
in reality borders of neighbourhoods are not impregnable for popula-
tion. On the contrary, “neighbourhood life” spreads into nearby neigh-
bourhoods. Thus, we extend the application of the Shannon Index
beyond a particular neighbourhood in order to reflect real activity
spaces of population. To do so, we calculate the Shannon Index
considering a radius of 1000 m instead of limiting it to administrative
units (neighbourhoods). Additionally, we apply distance decay, putting
greater weight on the population from nearer units (with which social
interaction is more likely) and lower on the farther units (with which
interaction is less likely). The proposed approach has the additional
advantage of mitigating MAUP (Modifiable Areal Unit Problem; Open-
shaw & Taylor, 1981), as results are not dependent on the size and shape
of applied areal units.

Thus, we calculate the Distance-decay Shannon Index (DDH), sepa-
rately at night and at day, and then aggregate the results by income
strata. Formally:

DDH, =~ p,rlog (ﬁs,)
~ N
Psi = Z] st‘f(di/)

di/' . .
f(d,,) {1 1000 ifd; € {0, 1000) 0 if d; > 1000
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where:DDH; is the distance-decay Shannon Index for the neighbourhood
ip; is the weighted proportion of individuals belonging to the selected
social group s in neighbourhood i and its surroundings.py; is the share of
individuals belonging to the selected social group s in the neighbour-
hood j.djis the distance between neighbourhood i and neighbourhood j.f
(dy) is the weighting function with a 1000 m threshold.N is the set of
neighbourhoods, and S is the set of social groups.

5.4. Mobility indicators: socio-spatial-mix trips

Unlike previous indicators, which reflect a static situation by nature,
indicators that consider segregation as a process should reflect daily
mobility of population. The exposure of a population from one income
stratum to another stratum (and, therefore, the likelihood of interaction
between members of different strata) largely depends on daily mobility
patterns.

A mobility-based indicator is calculated using the trips matrix
derived from mobile phone data (see Section 4). It shows the percentage
of trips with origin and destination in neighbourhoods of different strata
(for example, from a neighbourhood of stratum 1 to stratum 4). The trips
can be considered as “socio-spatial-mix trips”, since they connect
neighbourhoods of different socio-economic characteristics. Therefore,
the indicator expresses a level of increase of social mix due to daily
mobility of individuals.

Additionally, we calculate an average distance (as a straight line)
covered by “socio-spatial-mix trips”. We aggregate results by neigh-
bourhoods and income strata and use them as a proxy of a cost that has
to be covered by residents of disadvantaged neighbourhoods in order to
offset limited employment opportunities and service provision in their
neighbourhood.

6. Results

The population distribution during night and day at neighbourhood
level looks very different (Fig. 3). During the night (Fig. 3a), the popu-
lation is concentrated in peripheral neighbourhoods, especially in the
north of the municipality, while central areas are almost empty. On the
other hand, during a day (Fig. 3b), the population leaves peripheral
neighbourhoods and concentrates in central areas in the bottom of the
valley and the southern part of the city. The map of differences between
day and night (Fig. 3c) identifies the net trip generation and attraction
areas, the former located in the periphery and the latter in the centre and
in the south.

6.1. Concentration

The left column of Fig. 4 presents concentration of particular income
strata at night showing two overlapping patterns. The income strata tend
to spread over the space in successive periphery-centre aureoles, from
the most elevated hillside areas (where the most disadvantaged strata
are located) to central areas in the bottom of the valley (where middle
and upper classes live). Simultaneously, a north-south gradient is
visible, with an increase of presence of income strata from north to
south. The stratum with the lowest income level (stratum 1) is concen-
trated on the northwest and northeast edges of the municipality. Stra-
tum 2 is predominant in a second ring toward the centre, while stratum 3
is located in areas near the bottom of the valley in the northern half, and
a few south-western neighbourhoods. Population from stratum 4 is
predominant in centre neighbourhoods. Finally, the wealthiest neigh-
bourhoods (stratum 6) are concentrated in the southeast of the munic-
ipality, while stratum 5 is located both in the centre-west and in the
south-east.

The right column of Fig. 4 shows changes in the location quotient
between night and day, according to the dominant income strata. In
general, we observe how the population relocates to nearest
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Fig. 4. a. Location quotient of the population for each stratum (rows) in each neighbourhood at night (left) and changes between night and day (right): strata 1-3. b.
Location quotient of the population for each stratum (rows) in each neighbourhood at night (left) and changes between night and day (right): strata 4-6.
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neighbourhoods and to the neighbourhoods at the bottom of the valley.
However, while strata 1 and 2 tend to relocate especially in the northern
part of the municipality, stratum 3 does so practically all around the
municipality and the rest of the strata hardly consider the northern
neighbourhoods as spaces of activity. Finally, the highest income stra-
tum relocates only in a reduced number of neighbourhoods in the centre
and south of the city.

Coefficients of variation of the LQ for each stratum at night and
during a day (Table 2) reveal that the highest-income strata (5 and 6) are
the most spatially concentrated, both during day and at night. Simul-
taneously, the degree of spatial concentration of residents of all income
strata decreases during a day, in case of low and middle-low income
groups in particular.

6.2. Clustering

Results from the previous analysis show that higher income strata
bear greater spatial concentration, and that spatial concentration de-
creases when going from night to day. However, this initial analysis
addresses each neighbourhood independently, so it does not provide
information on whether neighbourhoods with high and/or low con-
centration level are spatially grouped, or they are arranged randomly in
the space.

As expected, Global Moran's Index indicates a positive spatial auto-
correlation in all strata (both at night and day), since all z-score values
are positive and statistically significant (Tables 3 and 4). The stratum 1
(the lowest income level) has the highest z-score at night, indicating the
highest degree of spatial clustering (greatest segregation) among all
strata. Moreover, spatial clustering is uniformly higher during a day
(Table 4) than at night (Table 3).

Fig. 5 supports this statement, as all maps show a larger area of HH
and LL clusters (positive spatial autocorrelation) and reduced area of HL
and LH outliers (negative spatial autocorrelation) during a day. The
increase of clustering during a day (clustering) is compatible with
decrease of concentration presented in the previous section (see Fig. 2),
since different segregation aspects are measured: spatial autocorrelation
analyses relationship between values of neighbouring units (applying
1000 m radius) and concentration considers each neighbourhood
separately.

Change of population distribution between night and day reduces the
number of outliers (Fig. 5). For example, two low-income strata en-
claves, (HL outliers) are visible in the centre-north of the city, but only at
night (Strata 1 at Fig. 5). As both are enclaves surrounded by higher-
income strata neighbourhoods, their inhabitants have greater potential
for social interaction than the HH clusters located on the northeast and
northwest periphery. In result, both enclaves are not visible during a day
anymore, as their location facilitates mixing with surrounding neigh-
bourhoods. The number of LH outliers is also reduced, due to population
mobility which leads to social mixing in these neighbourhoods and those
around them. Spatial patterns during a day are much clearer than those
at night, with an aureole of HH clusters in the northeast and northwest
periphery and an LL cluster in the activity zone of the valley's left bank.
Similar trends are observed in case of stratum 2, although neighbour-
hoods included in HH clusters have a bit less peripheral location.
Similarly, more of the middle and middle-high income strata (strata 3, 4
and 5) outliers (especially LH ones) disappear during a day, simplifying
spatial structures, particularly in strata 4 and 5. Finally, stratum 6 shows
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the simplest spatial structures, both at night and during a day, with the
large HH cluster in the southeast.

6.3. Exposure

The analyses of differences of the level of concentration during night
and day show a scale of changes in population distribution (Fig. 4). We
have yet to discover how this mobility influences social mixing: does the
population travel to areas where higher exposure occurs? Or, do the
people go to areas similar to where they reside, thus reinforcing the
segregation recorded during night-time?

Spatial exposure patterns at night (Fig. 6a) are fairly complex,
although we do observe that neighbourhoods with less exposure (with
values below 1 and even below 0.75) tend to be predominant both in the
north (low income strata) and in the south (high income strata).
Simultaneously, more socially diverse neighbourhoods are located in the
central and western part of the city, where middle or middle-high in-
come strata predominate. During a day (Fig. 6b), the level of distance-
decay Shannon Index is much higher than at night, revealing a general
increase in exposure, and the emerging spatial pattern is clearer and
easier to recognize. The centre and south of the city and at the bottom of
the valley in particular, concentrate more jobs and facilities, where in-
habitants from different strata and neighbourhoods go to work or to
conduct other activities. Thus, they become spaces where it is more
likely that people interact with representatives of different strata.

In all neighbourhoods, exposure is higher during a day than at night,
although the increase is spatially diverse. The greatest increase of
distance-decay Shannon Index takes place in the areas which attract
more trips, i.e. in the centre and south of the city (cf. Fig. 2).

Table 5 shows weighted average values of distance-decay Shannon
Index, aggregated by dominant income stratum, using population size at
a given time as a weighting factor. It confirms that exposure to inter-
action with other income strata increases considerably when going from
night to day. It also reveals that the lowest and highest strata are the
least exposed during the night. Simultaneously, low and middle-low
strata (1, 2 and 3) bear less exposure during the day. Stratum 6 expe-
riences the greatest contrast between night and day, since the neigh-
bourhoods dominated by this stratum receives during a day a significant
mobility inflow from other types of neighbourhoods.

6.4. Mobility-based indicators: socio-spatial-mix trips

Fig. 7a shows that the percentage of trips to neighbourhoods of a
different income stratum is higher in areas on the hillsides, contributing
to a higher social mix (exposure) at the destination, while residents of
wealthy neighbourhoods in the southeast tend to move to areas of the
same stratum. As expected, the average distance travelled by socio-
spatial-mix trips (Fig. 7b) is greater from peripheral neighbourhoods
than from central ones. Moreover, due to the deficit of jobs and other
activities in the northern hillsides, trips from these areas are dispro-
portionately larger.

Table 6 shows mobility indicators aggregated by income stratum. It
is noteworthy that, as income stratum decreases, the percentage of
“socio-spatial-mix trips” increases, as does the average of distance
travelled per inhabitant. Residents of high income stratum areas find
more opportunities for their daily activities (including employment) in
their neighbourhood or nearby, in neighbourhoods of the same stratum.

Table 2
Coefficient of variation of the spatial concentration, according to income strata and neighbourhoods at night and during a day (269 neighbourhoods).
Strata 1 2 3 4 5 6 Weighted Average
Night 211.7 140.9 131.5 198.3 245.4 365.8 171.7
Day 97.6 51.0 60.2 101.7 138.7 291.5 82.6
Difference —-114.1 —-89.9 —-71.3 —96.6 —106.7 —74.3 —89.1
Difference (%) -53.9 —63.8 —54.2 —48.7 —43.5 —20.3 —54,5
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Table 3
Global Moran Index according to income strata: night.
Strata 1 2 3 4 5 6 Weighted Average
Moran's Index: 0.594260 0.477933 0.371989 0.286071 0.400216 0.365052 0.430215
Expected Index: —0.003731 —0.003731 —0.003731 —0.003731 —0.003731 —0.003731 -0.003731
Variance: 0.001118 0.001133 0.001135 0.001118 0.001103 0.001088 0.001126
z-score: 17.881416 14.312412 11.150828 8.668499 12.165428 11.178735 13.029628
p-value: 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000
Table 4
Global Moran Index according to income strata: day.
Strata 1 2 3 4 5 6 Weighted Average
Moran's Index: 0.827137 0.831332 0.732913 0.834656 0.823340 0.403601 0.783936
Expected Index: —0.003731 —0.003731 —0.003731 —0.003731 —0.003731 —0.003731 —0.003731
Variance: 0.001111 0.001131 0.001135 0.001132 0.001119 0.001080 0.001127
z-score: 24.922183 24.833590 21.864572 24.918737 24.726716 12.396457 23.460938
p-value: 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000
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Fig. 5. a. LISA during the night and day: Strata 1-3 in rows. b. LISA during the night and day: Strata 4-6 in rows.

On the other hand, low-income strata neighbourhoods have fewer jobs result of the low-income strata population's mobility.

and facilities, thus during a day their inhabitants need to travel to meet

their needs. Their destinations are usually farther, in neighbourhoods of 7. Conclusions

higher income strata. Thus, we argue that the greater social mix during a

day, as measured with the distance-decay Shannon Index, is mainly a This study addresses the variations between night and day in income
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Fig. 6. Distance-decay Shannon Index according to neighbourhoods at night
(a), day (b) and changes between night and day (c), calculated with a 1000 m
radius, weighted by the inverse of distance.

spatial segregation in Medellin (Colombia), providing new angles in the
Europe-centric research field. It relies on data derived from official
registries supplemented by mobile phone data. Segregation indicators
are calculated based on income spatial patterns of the population during
day and night. We show that even a limited amount of details derived
from mobile phone data provides important insights on population
mobility and helps to enrich our understanding of segregation's differ-
ences between day and night.

In the presented study, the multidimensional segregation analysis
which evaluates concentration, clustering and exposure is supplemented
by mobility-based indicators which provide comprehensive under-
standing of changes of segregation patterns between night and day. In
our approach concentration is evaluated for each neighbourhood sepa-
rately, while clustering and exposure indicators apply 1000 m radius in
order to consider the local setting of each neighbourhood. The proposed
distance-decay Shannon Index permits to go beyond individual neigh-
bourhoods in exposure analysis. It covers areas within a walking dis-
tance in order to better reflect real-life experience of inhabitants and
provide complementary information on the complex phenomenon of
spatial segregation. In result, our approach is less sensitive to the
modifiable areal unit problem (MAUP) as it does not operate on
administratively defined spatial units.

The analysis of the concentration indicator reveals strong spatial
contrasts at night between north and south, on the one hand, and the
hillsides and the bottom of the valley, on the other. Both, the neigh-
bourhoods of low strata, concentrated in the northern hillsides as well as
the high strata in the south-eastern, form spatial clusters and exhibit
very low exposure to other groups. The highest exposure values are
recorded in central neighbourhoods, inhabited by a population of
middle-income strata.

The dynamic of concentration levels of particular strata between
night and day suggests that, during a day the population of the disad-
vantaged neighbourhoods tends to move toward the bottom of the val-
ley, while the higher-income population from the south-east tends to
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limiting potential social interaction of their inhabitants.

Furthermore, the analysis of the coefficients of variation of the LQ
and the weighted average values of Shannon index shows that during
night the extreme strata (highest-income and lowest-income strata) are
the most spatially concentrated and the least exposed. Moreover, the
results of LISA statistics reveal that the lowest income stratum exhibits
the highest autocorrelation value (clustering). Nevertheless, the degree
of spatial concentration for all income strata decreases during the day, in
particular for low and middle-low income groups. This is consistent with
previous studies (Ellis et al., 2009), including those that apply mobile
phone data (Osth et al., 2018). Interestingly, the decrease of concen-
tration levels during the day is compatible with an increase of clustering.
Income strata are spatially less concentrated, but show a greater spatial
order, with less outliers and more extended spatial clusters, softening
local contrasts and reinforcing general trends. Moreover, all strata
notice higher exposure during the day, especially the highest income
stratum. Interestingly, neighbourhoods dominated by the highest stra-
tum experienced the greatest contrast between night and day, since they
receive a significant, daytime mobility inflow from other types of
neighbourhoods.

Finally, an increased exposure during the day is mostly caused by the
mobility of low-income strata. This observation is in line of Xu, Belyi,
Bojic, and Ratti (2018) findings for Singapore but contradictory to
conclusions derived from the same study for Boston. In Medellin, the
lower the income strata level, the larger share of socio-spatial-mix trips

Km

. >25
. 50 - 75 Wl2-25
[ 25 - 50 Emi5-2
<25 Em1-15
[ Activity areas K = <1 (i,

] Activity areas

Fig. 7. Mobility indicators: Percentage of “socio-spatial-mix trips” (a) and
average distance (km) travelled per inhabitant in “socio-spatial-mix trips” (b).

Table 6
Mobility indicators.

Strata 1 2 3 4 5 6 Weighted
stay in the area. The middle-income strata (strata 4 and 5) tend to move Average
toward the .south and the bottom of th(le valley as well. In result, nelgh— Sociospatialmix 784 593 479 531 590 233 562
bourhoods in the centre and south receive a large amount of population trips (%)
from neighbourhoods of different strata, reaching a very high level of Average distance 231 182 124 103 119 085 151
exposure during a day, while those in the hillsides in the north continue travelled (km)
exhibiting very low levels of exposure. We can hypothesise, that insuf- fs;gj?;::;;m m
ficient job opportunities and limited activities in the disadvantaged mix trips
areas (services, leisure etc.) do not attract residents of other areas
Table 5
Distance-decay Shannon Index according to income strata.

Strata 1 2 3 4 5 6 Weighted Average
Night 0.775 0.783 0.808 1.006 0.922 0.656 0.819

Day 1.210 1.193 1.295 1.473 1.508 1.549 1.296

Difference 0.435 0.410 0.487 0.467 0.586 0.893 0.477

Difference % 56.1 52.4 60.3 46.4 63.6 136.1 58.2
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(trips with origin and destination in neighbourhoods of different strata),
increasing social mix during the day. The crucial observation is that
daily mobility mitigates the spatial segregation observed at night.
However, it is related to a great effort of inhabitants from low strata
areas, who need to travel to work and conduct activities in other
neighbourhoods, predominantly of higher income stratum, covering
larger distances in socio-spatial-mix trips.

We agree that public transport is crucial to improve the integration of
the population from disadvantaged areas. Public transport and spatial
mismatch strategies should reduce socio-spatial segregation during the
day. However, they are not sufficient to address socio-spatial segrega-
tion during the night. From a public policy perspective, we must insist on
the need to increase spatial mismatch in the city and on the promotion of
services and commerce in the most disadvantaged neighbourhoods.
These are in line with the strategy adopted by the Medellin Town Hall.

In general, social mix policies are widely accepted and promoted as
an important strategy to overcome problems related to residential
segregation. Strategies for developing mixed communities can be based,
among others, on the spatial dispersion of low income population, the
regeneration of neighbourhoods and the regulation of new de-
velopments. These strategies should encourage social interaction be-
tween different groups, reduce criminality and anti-social behaviour,
improve neighbourhood reputation, and enhance services and infra-
structure. Studies evaluating social mixing policies indicate that the
expected benefits are only partially achieved. However, it is generally
accepted that social mixing policies can at least contribute to mitigate
the negative effects of residential segregation, in particular if they are
combined with a good quality public transport.

The presented analysis may be significantly enriched if more detailed
mobile phone data is available. Greater temporal and spatial resolution
would provide more robust conclusions about the actual interaction
between representatives of different socioeconomic strata. Nevertheless,
even though this kind of data is becoming more available for re-
searchers, it is still inaccessible in many locations all over the world. We
believe that our approach shows how even a limited scope of mobile
phone data can enhance our understanding of urban segregation.
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