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Abstract

By absorbing more than 3.4 millions Syrians, Turkey has shown a remark-
able resilience. But the host community hostility toward these newcomers
is rising. Thus, the formulation of effective integration policies is needed.
However, assessing the effectiveness of such policies demands tools able to
measure the integration of refugees despite the complexity of such phenom-
ena. In this work, we propose a set of metrics aimed at providing insights and
assessing the integration of Syrians refugees, by analyzing the CDR dataset
of the challenge. Specifically, we aim at assessing the integration of refugees,
by exploiting the similarity between refugees and locals in terms of calling
behavior and mobility, considering different spatial and temporal features.
Together with the already known methods for data analysis, in this work we
use a novel computational approach to analyze users’ mobility: computational
stigmergy, a bio-inspired scalar and temporal aggregation of samples. Com-
putational stigmergy associates each sample to a virtual pheromone deposit
(mark) defined in a multidimensional space and characterized by evaporation
over time. Marks in spatiotemporal proximity are aggregated into functional
structures called trail. The stigmergic trail summarizes the spatiotemporal
dynamics in data and allows to compute the stigmergic similarity between
them.
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1.1 Introduction

In the context of Syrian refugee crisis, Turkey is both an effective and affected
country [25]. Indeed, it provides protection and facilities to more than three
million refugees; but, on the other hand, an increasing hostility is emerging
in the local Turkish communities, due to the magnitude and the duration
of the humanitarian crisis [24]. In order to prevent the growing of societal
tensions over Syrian refugees, there is the need to formulate effective long-
term integration policies [7, 16]. However, the formulation of an effective
policy demands tools aimed at evaluating and understanding the integration
of refugees despite the complexity and the width of this phenomenon. In
this context, great benefits can be provided by complementing the paper-
and-pencil surveys, the interviews, and the focus groups with a data-driven
approach [21].

An interesting approach is to use data mining techniques to analyze the
aggregated behavior of users, finding a number of groups based on behav-
ioral similarity [19]. This approach can reveal interesting social phenomena
occurring among refugees and locals [23].

One source of data that offers great potential for this kind of analysis are
information captured from mobile phones [14, 20], which have been used to
analyze many effects of the migratory phenomena, i.e., the ones on political
elections [13], job markets [32] or on the spread of epidemics [34].

In this work we analyze the Call Detail Records (CDR) datasets provided
within the D4R challenge with the aim of unfolding which conditions can con-
tribute to the integration of refugees. Moreover, we aim at providing some
data-driven indicators of the integration of Syrian refugees in Turkey. By ex-
ploiting such indicators, policy makers could evaluate the effectiveness of the
strategies aimed at fostering the integration of refugees. In the following, we
provide the reader with few insights about how each one of the D4R datasets
(presented in the first chapter of this book) can be used in our analysis, by
taking into account the different features of each one of them, e.g. the num-
ber of individuals, spatial accuracy, and observation time windows. To list
few examples: (i) the information contained in the Antenna Traffic Dataset
(ATD) can be used to describe the spatial distribution of refugees calls, since
it takes into account the whole population of refugees even if as a whole group;
(ii) the information contained in the Fine Grain Mobility Dataset (FGMD)
can be used to define trajectories of refugees and locals, or to assess refugee
to refugee if this has more interactions (calls) with locals or other refugees,
even if on a bi-weekly base; and (iii) the information contained in the Coarse
Grain Mobility Dataset (GGMD) can be used for long-term analysis (sev-
eral months or year-round), and district-wise trajectories, or analyzing the
difference in calls’ patterns.

In the following sections we present the analysis of these data. Specifically,
in Section 1.2 we describe our approach and the metrics we aim to exploit.
In Section 1.3 the experimental setup is depicted, and the results obtained
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are presented in section 1.4. Finally, we draw the conclusions of this study in
section 1.5.

1.2 Method

In order to assess the integration of refugees, it is essential to establish metrics
able to capture this phenomenon. These metrics should consider both on short
(daily) and long (bi-weekly or monthly) term mobility and calling behavior
of refugees and locals. Indeed, many works in the literature [33] highlight the
improvement obtained by including individuals mobility and behavior in the
model, with respect to pure statistical one. It follows the list of the metrics
we propose for our analysis:

• Residential Inclusion by District (RI): we can assume that most of the
calls during the night and early morning hours come from people’s homes.
Indeed, based on this assumption many works in the field of the CDR
analysis infer the location of an individual’s home as the place from which
he/she mostly call between 8 pm and 8 am [8]. Thus, by observing the
percentage of calls made by refugees (via the ATD dataset) between 8
pm and 8 am per antenna a ∈ d is possible to assess the coexistence of
resident locals and refugees in a given the districts d and a given month
m. This metric is defined between 0 (no resident refugees’ in the district)
and 1 (only resident refugees’ in the district).

RId,m =
|callsa,m(R)|a∈d

|callsBS,m(R) + callsa,m(L)|a∈d
(1.1)

• District Attractiveness (DA): A district is considered attractive if the
flow of people who move to it is on average higher than the flow of
people who move from there in a given month (i.e. the people netflux).
As for the assumptions used in the RI metrics, a person resides in a
given district and month if that district is the most recurrent location
from which he/she makes calls between 8 pm and 8 am. Specifically, given
residentRefugeed,m = {R|r : homer(m) = d} i.e. the set of the refugees
who live in the district d during the month m, the District Attractiveness
(computed via the CGMD dataset) is defined as:

DAd,m = |residentRefugeed,m+1| − |residentRefugeed,m| (1.2)

• Refugee’s Interaction Level (IL): it is defined as the percentage of phone
calls toward locals made by a given refugee in a given period, (computed
via the FGMD dataset). It represents how much the refugee is socially
connected to the locals [15], i.e. 0 means no calls toward locals and 1
means only calls toward locals. Each level is defined as a range of 20%
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within this scale. In this, as in many studies in this field [27], we consider
the IL a solid metric for measuring individual integration.

ILr =
|callsr→L|

|callsr→L|+ |callsr→R|
(1.3)

• Refugee’s Mobility Similarity (MS): by collecting the locations of each call
(via FGMD dataset) occurred during the day we can build the daily tra-
jectories of an users’ mobility. The similarity of the trajectories of refugees
Tr and locals Tl implies the sharing of some urban space at the same time
and may affect (or be affected by) the integration of the refugees [26] [22].
The computation of this similarity is based on the principle of stigmergy.
Stigmergy is a self-organization mechanism used in social insect colonies
[30]. Basically, individuals in the colony affect each other behavior by
marking a shared environment with pheromones when a specific condi-
tion occurs (e.g. the presence of food). The pheromone marks aggregate
with each other in the trail if they are subsequently deposited in prox-
imity to each other, otherwise they evaporate and eventually disappear.
Thus, the resulting pheromone trail steers the whole colony toward the
region in which the condition above (e.g. the discovery of food) occurs
consistently.
This pheromone-like aggregation mechanism can be employed in the con-
text of data processing [9], providing self-organization of data [35] while
unfolding their consistent spatio-temporal dynamics [18]. The design of
a stigmergic similarity can also include a parametric adaptation based
on evolutionary computation and spatio-temporal context history. This
approach based on computational intelligence represents a valid alterna-
tive to spatio-temporal similarities based on semantic rules, which are
characterized by domain-dependence and limited adaptability even when
applying evolutionary parametric adaptation [17].
More specificaly, by exploiting computational stigmergy, each sample of
the trajectory is transformed in a digital pheromone deposits (i.e. mark)
and released in a three-dimensional virtual environment [10] in corre-
spondence of each sample coordinate and time of appearance [12]. Marks
are defined by a truncated cone with a given width. Marks aggregate in
the stigmergic trail, which is characterized by evaporation (i.e. temporal
decay δ). The evaporation may be counteracted if marks are frequently
released in proximity to each other, due to their aggregation, whereas
isolated mark progressively evaporates and disappear. Eq. 1.4 describes
the trail T at time instant i.

Ti = (Ti−1 − δ) +Marksi (1.4)

Since only consistent spatio-temporal dynamics in data generate a stable
pheromone trail, the trail itself can be considered as a summarization of
these dynamics [11]. By matching trails, we provide a general similarity
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measure for spatiotemporal patterns, called stigmergic similarity. The
similarity between trails is obtained by using the Jaccard similarity [31,
10], i.e. the ratio between the volume of the intersection and the union
of the stigmergic trails (Fig.1.1).
The stigmergic similarity of the spatiotemporal trajectories of refugees
TR and locals TL (Eq. 1.5) is defined between 0 (completely different
trajectories) and 1 (identical trajectories).

MSR,L =
|TR ∩ TL|
|TR ∪ TL|

(1.5)

Fig. 1.1 Phases of the mobility similarity computation. We represent the trails obtained
from the deposit of 4 consecutive samples (A1, A2, A3, A4 and B1, B2, B3, B4) of the tra-

jectories (A and B), their intersection and their union, which are used to compute their

similarity

1.3 Experimental Setup

Since our investigation includes an analysis of mobility, call behavior, and
district characterization it is necessary to focus our research in areas that
ensure (i) an high calling activity made by refugees. Indeed, in order to have
representative behavioral models we have to avoid areas characterized by
sparse data; and (ii) a good spatial resolution, which means an high density
of antennas, since the granularity of the trajectories will be determined by
this; in fact, with few antennas in the area under investigation, all trajectories
will be roughly similar; and (iii) high number and diversification of districts
per area; indeed, the district-based metrics can explain the settlement choice
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of each refugee. This effect is especially noticeable in the presence of many
different districts close to each other since this allows refugees to move from
one district to another according to their socio-economic integration level and
its change in time. Therefore, our first survey aim at finding the areas with
these characteristics. Thus, we analyze the density of antennas (Fig. 1.2) and
the total amount of calls (in seconds) made by refugees (Fig. 1.3) with a
spatial discretization of 10 km per squared areas over the whole Turkey by
exploiting the ATD dataset.

Fig. 1.2 Number of Antennas per squared area of 10x10 km.

Fig. 1.3 Total amount of calls (duration) per squared area of 10x10 km. The metropolitan
areas of Istanbul, Izmir and Ankara are the areas with the largest amount of calls.

As shown by our results, the cities of Istanbul, Ankara and Izmir are the
most promising areas to conduct our analysis since they have the larger den-
sity of antennas and the larger calling activity made by refugees. This result is
also comforted by other external data sources [6] and by the results provided
in the first chapter of this book. Due to these reasons, those 3 cities are ideal
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areas to analyze both mobility and interaction with the locals. In addition,
Istanbul’s metropolitan area alone consists of 69 districts with a variety of
different characteristics (e.g., different housing costs or job opportunities).
For this reason, our analyses on districts will be focused on Istanbul.

1.4 Results and Discussion

In this section, we describe the process and discuss the findings of our anal-
ysis.

1.4.1 Districts Attractiveness and Residential Inclusion

We analyze the relationship between the District Attractiveness and the Res-
idential Inclusion of the refugees in each district of Istanbul. In order to do
so, we compute the correlation between each district’s yearly (i.e. averaged
over 2017) Residential Inclusion (RI) and the District Attractiveness (DA).
Figure 1.4 shows the correlation matrix obtained with the yearly RI and DA
per district.

Fig. 1.4 Correlation matrix obtained with the yearly RI and DA per district. On the
diagonal the distribution of the average RI and DA respectively, whereas the others are
the bivariate scatter plots with a fitted line.

With a correlation coefficient equal to 0.494 and a p-value of 0.0016 we
can consider RI and DA significantly and positively correlated. This means
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that refugees are more likely to move and stay in districts with a greater the
refugees’ number.

To understand the order of magnitude of the amounts we are talking about
we show the distribution of RI by month and district (Figure 1.5).

Fig. 1.5 Histogram of the distribution of RI per each district in Istanbul and each month.

In Figure 1.5 it is evident that many districts have a low RI, thus depicting
a scenario of minor coexistence of refugees and locals in most of the districts.
Moreover, in the few districts (and months) with higher RI, the RI value
never exceeds 50% (which would depict a ghetto-like scenario). Thus, the
more evenly distributed the residents (locals and refugees in an area) are, the
greater the attractiveness of the district.

1.4.2 Mobility and Interaction with locals

Another fundamental driver of integration can be the sharing of urban spaces
with the locals [29]. However, its positive contribution in the integration
dynamics it is not obvious. Indeed, it can allow the progressive integration
in the social structure of the hosting city. However, on the other hand the
shared urban areas may not be easily defined and perceived as a safe space
[28] thus leading to the occurrence of social tension in those areas.

In order to understand the contribution of sharing the same urban space
with the locals, we analyze the relationship between the Mobility Similarity
and the Interaction Level on a daily bases. Specifically, we create the cumu-
lative trajectories of the group of refugees with a given Interaction Level,
i.e. the stigmergic trails obtained with all the samples of the people in that
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group. Then, we compute the Mobility Similarity with the cumulative tra-
jectories obtained with an equally sized group of locals. Regarding the size
of these groups, it is worth highlight that the Mobility Similarity measure is
sensitive to the number of users employed in the creation of the cumulative
trajectories, i.e. the more the users the higher the likely to have more simi-
lar cumulative trajectories. In addition to this, the size of the groups with a
given Interaction Level varies significantly according to it (Fig. 1.6).

Fig. 1.6 Number of refugees in Istanbul according to their Interaction Level (FGMD).
The smallest group is made up of 8184 people. The figure is in Log scale.

Thus, in order to have a fair comparison between the similarities computed
with different groups, we set the size of each group as the minimum size among
all the groups. Finally, we collect the Pearson correlation coefficients between
the Interaction Level of each group and the resulting Mobility Similarity. We
repeat this procedure multiple times by randomly subsampling the people
for each group larger than the smallest one. The 95% confidence interval of
the correlation coefficients results as 0.91 ± 0.01 in Istambul, 0.83 ± 0.06 in
Ankara, and 0.92 ± 0.04 in Izmir. On the basis of the obtained results, it is
possible to claim that the more the refugees have interactions with locals,
the more they share urban spaces with the locals. This allows us to say that
sharing of urban spaces is a positive factor in the dynamics of integration of
refugees. Thus, the policies designed to improve refugees’ integration should
take into account Mobility Similarity to assess their impact.
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1.4.3 Integration and Social Tension

Since the Mobility Similarity and Interaction Level are able to capture the
integration of refugees, we now attempt to use them to study the effects of
the events that are certainly caused or can cause the disruption of refugees’
integration: the occurrence of social tension. In order to look for the features
that characterize a social tension, it is necessary to start with few examples
of publicly known social tensions. Specifically, we collect a set of such events
and we compare the Mobility Similarity and Interaction Level in 2 weeks
before and after each event. We have found a number of occurrence of such
events by searching for them over the internet [5] [3] and exploiting a publicly
available news collector, i.e. the GDELT Project [2]. The GDELT Project
monitors the world’s broadcast, print, and web news from all over the world
and makes it possible to query them according to locations, subjects involved,
and emotions. By querying for events involving refugees in Turkey, we were
able to obtain a pool of potential events that we checked manually to select
only the ones related to actual social tensions and police interventions. The
final pool of events taken into consideration is displayed in Table 1.1.

Date Location Source

March 6 Izmir [1]

April 12 Istanbul [4]
May 15 Istanbul [5]

May 16 Istanbul [3]

Table 1.1 Dates and locations of the social tension events taken into account.

Once these events have been identified, we study the impact of these social
tension by calculating the Mobility Similarity (with repeated trials according
to the methodology described in the last section) and the percentage of calls
made toward the locals, according to the Interaction Level of the refugees.
These measures will be derived with data from different periods (FGMD
dataset). In order to make them comparable and highlight the fluctuations
with respect their average across different periods, a normalization with (i.e.
divided by) their average per period is performed. Finally, we present the
ratio between MS and the percentage of calls in the two weeks before and
after each event. If this ratio is greater than 1, it indicates that after the
event, the integration measure taken into consideration has decreased. As an
example, in the Figure 1.7 we show the results obtained with the event of
May 16 in Istanbul.

It is apparent that the social tension affects the behavior of the refugees
by reducing the amount of shared urban space with the locals (i.e. lowering
the Mobility Similarity after the event). Moreover, in terms of calls made
toward locals, the social tension event affects the group of refugees with lower
level of interaction with locals way more than the more integrated groups.
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Fig. 1.7 Mobility Similarity (left) and the percentage of calls made toward refugees

(right): ratio between the values two weeks before and two weeks after the 16th of May
in Istanbul. A ratio greater than 1 indicates that, after the event, the integration measure

taken into consideration has decreased. The ratios are separated for different ILs of the

group of refugees.

Indeed, on average, they exhibit a lower percentage of calls made toward
locals and a greater variability. Moreover, this trend is confirmed on every
event we are taking into account, as shown in the the aggregate results in
Figure 1.8. Indeed, the quartiles of the percentage of calls made toward locals
are arranged as [0.55, 1.05, 1.41] with the refugees with the lower Interaction
Level, whereas are [0.98, 0.99, 1] with the refugees with the greater Interaction
Level. Here, even the MS results more affected in the group of refugees with
lower Interaction Level, who tend to be more segregated after the social
tension event. Indeed, the median of the distribution of the ratios obtained
with the Mobility Similarity with the lower and greater Interaction Level
are respectively 5.31 and 3, which means that the Mobility Similarity of the
refugees with lower Interaction Level decreased 77% more with respect to
the refugees with greater Interaction Level. Based on the obtained results,
the proposed metrics result able to capture the effect of a social tension and
should be taken into account when addressing application such as attempting
to identify or measure the impact of social tension events.

1.5 Conclusion

In this work, we have proposed a set of metrics to assess the integration of Syr-
ian refugees in Turkey. Each refugee-related measure takes into account their
behavioral and spatio-temporal patterns with different approaches. Specifi-
cally, (i) the Interaction Level assesses the social integration of a refugee by
employing the amount of calls made toward locals; (ii) the Mobility Sim-
ilarity exploits the daily mobility of refugees is analyzed by means of the
stigmergic similarity, a biologically-inspired computational method that al-
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Fig. 1.8 Mobility Similarity (left) and the percentage of calls made toward refugees

(right): ratio between the values two weeks before and two weeks after each social ten-

sion. A ratio greater than 1 indicates that, after the event, the integration measure taken
into consideration has decreased. The ratios are separated for different ILs of the group of

refugees.

lows to compare spatio-temporal patterns (i.e. the spatio-temporal trajecto-
ries of refugees and locals), whereas (iii) the District Attractiveness and the
Residential Inclusion are two districts-wise descriptive metrics aimed at eval-
uating the attractiveness of a district and the amount of refugees living in it.
According to our results, (i) the Mobility Similarity is positively and signif-
icantly correlated with the Interaction Level of refugees, which means that
sharing urban space with locals actually improves the integration chances; (ii)
the integration can be fostered by the simultaneous presence of refugees and
locals who reside in the same area in a fair amounts; and (iv) both Mobility
Similarity and the amount of calls made toward the locals are affected by
events such as social friction involving refugees, which means that such event
can be even identified by using MS and IL; moreover, the behavior of the less
integrated refugees is significantly more affected by this kind of events. Given
the promising results obtained with these metrics, their application should
be further explored on different scenarios in the future works. For example,
by retrieving more data about other cities we can gain more insights and
employ a different spatial resolution for the geospatial analysis.
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[23] Hübl F, Cvetojevic S, Hochmair H, Paulus G (2017) Analyzing refugee
migration patterns using geo-tagged tweets. ISPRS International Journal
of Geo-Information 6(10):302
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