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IZVLECEK

Upostevanje odnosa med vzorci cloveskega gibanja in

telekomunikacijami v prostoru in kibernetskem prostoru
nam pomaga bolje razumeti te vzorce gibanja. V Studiji
smo razgiskovali razmerje med vzorci cloveskega gibanja in
telekomunikacijami z uporabo strukture grafov. Parametri
ustvarjenih grafov, vkljucno z vozliséem, robom, odstotkom
skupnih utezi zanke, utezenim lokalnim grucenjem
in utezenim globalnim koeficientom grucenja, so bili
izracunani in primerjani s korelacijsko matriko. Nato
so bili preuceni ucinki oddaljenosti in Stevila edinstvenih
telekomunikacijskib parinerjev. Implementacija predlagane
metode na podatkih Mobile Data Challenge (MDC) je
pokazala, da veé kot je gibanja med dvema specificnima
regijama, vec je izmenjave telekomunikacijskib podatkov.
Poleg tega se razmerje med Stevilom klicev in Stevilom
premikov nekoliko poveia z vecanjem razdalje med izvorom
in ciljem. Vec kot ima posameznik telekomunikacijskih
partnerjev, vedje je Stevilo selitev in vecje Stevilo regij obisce.
Oseba z manj telekomunikacij z bliznjimi obmodji ima
tudi manj gibanja v bliznjih regijah. Nazadnje, struktura
gibanja in telekomunikacijski grafi posameznika so podobni
— vedja kot je interakcija in vec kot je povezav med vozlisti
enega, vec je povezav med vozlisci drugega.
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ABSTRACT

Considering the relationship between human movement
patterns and telecommunications in space and cyberspace
helps us better understand these movement patterns.

This study investigated the relationship between human
movement patterns and telecommunications using a graph
structure. The parameters of the created graphs, including the
node, edge, percentage of the loop total weights, weighted
local clustering, and weighted global clustering coefficient
were calculated and compared by a correlation matrix.
Then, the effects of distance and the number of unique
telecom partners were examined. Implementation of the
proposed method on Mobile Data Challenge (MDC) data
showed that the more the movement between two specific
regions, the more the telecommunication exchanged.
Furthermore, the ratio of the number of calls to the
number of displacements increases slightly with increasing
the distance between the origin and destination. The more
telecom partners an individual has, the greater the number
of displacements and the greater the number of regions
that he visits. A person with less telecommunication with
nearby areas also has less movement within nearby regions.
Finally, the structure of movement and telecom graphs
of an individual are similar—ithe higher the interaction
and connections between nodes of the one, the more the
connections between the nodes of the other.
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1 INTRODUCTION

In recent years, access to tracking tools such as the Global Positioning System (GPS) and smartphones
has led to the advancement of movement data in terms of volume and accuracy, resulting in cheaper,
more frequent, and global-scale studies of human movement (Becker et al., 2013). The development
of information and communication technologies (ICT), such as mobile phones and the Internet, has
also increased communications. Thus, in addition to spatial information, a vast amount of information
related to human communication and interaction has been produced (Toole, Herrera-Yaqiie, Schneider,
& Gonzdlez, 2015). These interactions and telecommunications can affect face-to-face meetings and
travel. As a result, it will affect people’s behavior and movement patterns (Aderibigbe, 2021; Baym,
Zhang, & Lin, 2004; Turkle, 2012; van den Berg, Arentze, & Timmermans, 2013). Considering the
relationship between human movement patterns and telecommunications in space and cyberspace
helps better understand these movement patterns (Gao, Liu, Wang, & Ma, 2013; P. Mokhtarian &
Salomon, 2002; Senbil & Kitamura, 2003). Moreover, awareness of this relationship can be used in
various fields such as placing infrastructures, urban policies and planning, and traffic reduction (Toole
et al., 2015). These analyses can also be used in location-based services to send the user advertising
messages related to the upcoming location by analyzing people’s movement path (Monclar, Tecla,
Oliveira, & de Souza, 2009).

In general, human movement is influenced by various internal and external factors. Their interaction
creates spatiotemporal patterns in their movement, which indicates how they move (Ceder, 2021; Nathan
et al., 2008). Various approaches such as activity space, trajectory, and graph-based methods have been
adopted to study and measure movement patterns. The activity space approach has been used to study
the geometric parameters of human movement, which indicates the scattering of places in which the
person has been present (Wang, Kwan, & Chai, 2018; Zhang, Yang, Zhen, Lobsang, & Li, 2021). For
example, Yuan et al. used the three parameters of radius, eccentricity, and entropy of ellipse to investigate
the relationship between the frequency of telephone calls and movement (Yuan, Raubal, & Liu, 2012).
In addition, spatial data can be traced from GPS points such as car movements that are accurate to about
10 meters. To analyze spatial data, we face various challenges such as the large volume of data, which
may include millions of points (Guo, Zhu, Jin, Gao, & Andris, 2012). Besides, in some applications, the
main route and trajectory are not essential and are ignored; only the origin and destination are crucial.
For example, from the point of view of taxi passengers, only the origin and destination are essential, and
the route is not vital. Immigration data, air travel, phone calls, and emails are other origin and destina-
tion data (Demissie & Kattan, 2022; Guo et al., 2012; Kim & Cho, 2021). In these cases, origin and
destination data analysis is examined as a graph, and the movement is displayed as a set of nodes and
edges (Lim, Kim, & Heo, 2019; Saberi, Mahmassani, Brockmann, & Hosseini, 2017).

The idea of movement modeling using graphs or trees is not new (Saberi et al., 2017). However, it has
recently been shown that a better understanding of the relationships between places and people and their
dependencies can be obtained through network or graph analysis (Batty, 2013; Lim et al., 2019). Using
the graph structure, we find out which part of the network influences the other with criteria such as
centrality measures (Asgari, Gauthier, & Becker, 2013). Quantitative measures called centrality measures,
such as input degree and output degree, are used to evaluate and analyze the spatial structure in graph
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analysis (Newman, 2008). Saberi et al. compared people’s movement patterns in Melbourne and Chicago
using the centrality measures of graph analysis of mobile data (Saberi et al., 2017). They concluded that
despite the differences in urban structure, human movement patterns in these cities are similar. In another
study in Shenzhen, China, an Origin-Destination (OD) graph was created by clustering GPS points
of taxis. Then, using parameters such as inflow and outflow, the researchers studied movement patterns
and communities in the OD graph (Guo et al., 2012). Another study used clustering-based patterns,
centrality graph parameters, and the Marco clustering algorithm to discover the most visited areas and
busy tourist routes (Hu, Li, Yang, & Jiang, 2019). Gao et al. formed communities within movement
and telecommunication graphs and concluded that people communicate in a spatially adjacent com-
munity (Gao et al., 2013).

Despite the importance of studying movement from a graph perspective, the relationship between move-
ment and telecommunication has been scarcely studied from a graph perspective, except in limited cases
(Cao et al., 2021; Gao et al., 2013; Saberi et al., 2017). In previous studies, the impact of ICTs such as
phone calls, text messages, and Internet usage was considered on mobility indicators such as the number
of trips, personal miles traveled (PMT), vehicle miles traveled (VMT), vehicle kilometers traveled (VKT),
and the number of commuting trips (Andreev, Salomon, & Pliskin, 2010; Jamal, Habib, & Khan, 2017;
Kong, Moody, & Zhao, 2020; Senbil & Kitamura, 2003). The four states in which communication
technologies can affect people’s movement are substitution, complementarity, neutrality, and modifica-
tion (Andreev et al., 2010; Mokhtarian, 1990). Depending on the type of activity and the duration of
the study, each of the conditions mentioned above may be obtained. For example, Senbil and Kitamura
concluded the effect of phone calls on work activities is a substitution, neutral to short-term activities,

and complementary to voluntary activities (Senbil & Kitamura, 2003).

In this research, a graph structure was used to investigate the relationship between the movement of
individuals in space and their telecommunication in cyberspace. The difference in the strength of the
interaction links between pairs of nodes and the parameters showing the graph’s structure locally and
globally is essential for mobility analysis. Therefore, graph parameters such as flux and clustering coef-
ficient were used in the study. Furthermore, since telecommunication can represent social relations
between people, the number of people with whom a person has made telecommunication can define
a person’s social network (Alessandretti, Lehmann, & Baronchelli, 2018). Therefore, the impact of the
number of users with whom one has telecom interactions on the movement graph parameters was also
assessed. The Swiss MDC data were used to implement the proposed method. The assessments carried

out in this research are as follows:

— Investigating the relationship between the parameters of the graph of human movement in space
and the graph of telecommunication in cyberspace

— Comparing the effect of distance on the parameters of movement and telecommunication graphs

— Examining the impact of the number of unique telecom partners of a person on the parameters of

the movement graph
The structure of the paper is as follows: Section 2 discusses the data and the study area. The proposed
method is presented in Section 3, and its implementation is described in Section 4. Finally, Section 5
presents the discussion and conclusion.
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2 DATA AND STUDY AREA

This paper used the MDC dataset related to the Lausanne data collection campaign that was collected in
Switzerland around Lake Geneva, from October 2009 to late 2011 (Laurila et al., 2012). The participant
were volunteers in the Lake Geneva region who agreed to take part in the project and share their data,
mainly driven by selfless interest. The data were collected using Nokia N95 phones, and most of the
participants remained in the study for over a year (Laurila et al., 2012). The population included various
demographic attributes which were self-reported by the users: gender: (62% male, 38% female), age
group (a. 16-21, b. 22-27, c. 28-33, d. 33-38, e. 39-44, f. 45-50, g. more than 50), job type (working
full-time, working part-time, not currently working, scudying full-time, studying part-time, housewife).
The MDC dataset was collected in 31 tables, of which the following three tables have been used:

— gps: locations of each user for about every 5 seconds (GPS)
— calllog: data about phone calls and text messages, including the time of the call or text message and
the phone number of the call partner

— records: used to join the other tables by having a unique db-key column

Since this study aimed to investigate the relationship between human movements and telecommunica-
tion, each user’s stops and displacements were specified. Among the users, 62, with a reasonable spread of
phone calls/texts across the study period, were selected to implement the proposed method. The number
of calls and messages of the selected users was 5267, and their displacements were 28230.

3 THE METHOD

The graph-based method of examining the relationship between people’s movement and telecommunica-
tion consists of three parts (Fig. 1). In the first part, the study area is divided into sections. Then, the loca-
tion of stopping points and the origin and destination coordinates of each person’s telecommunication are
determined. The movement and telecommunication graphs are created in the next step. In the last step, the
parameters of the created graphs are calculated and compared by a correlation matrix. The effect of distance

and the number of people the participants have telecommunication with during the project are also examined.

3.1 Preprocessing

First, the study area should be divided into several sections. In this study, urban divisions' were used to separate
the study area. The stop points and the origin and destination of calls and text messages (defined in Section
3.1.1) were located in 326 areas, so each area was assigned a unique code. Afterward, the area code in which the

stop points, the origin, and the destination of each person’s telecommunication were located was given to them.

3.1.1 Stop point detection and determining the origin and destination coordinates of
telecommunications

In this step, the center coordinates of each person’s stop regions are determined to create a movement graph
in the next section. A stop region refers to a cluster of GPS points representing a geographic region where
the user has stopped for a specific period. Each person’s stopping regions are determined by the method

presented by (Montoliu & Gatica-Perez, 2010). By clustering each user’s GPS points, the points 200 meters
! HOHEITSGEBIET: a German word meaning territory; it is one of the administrative division levels in Switzerland.
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apart ata time distance of 20 min are considered a stop region. Afterward, the center coordinate of each stop

w
(W)
= region, called the stop point, is determined by averaging the point coordinates in each stop region (Fig. 2).
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Figure 1: The method.
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Figure 2:  Stop region and stop point detection.

In this step, the origin and destination coordinates of telecommunications, including telephone calls and
short messages of individuals, must also be specified to create the next step’s telecommunication graph.
In other words, it should be determined from which region the phone call or short message was made
to which region. The time of each phone call or text message and from which user to which this call

=

[

was is specified in the dataset. Moreover, each user’s position in 5-second intervals is in the GPS part of
the dataset. Therefore, with the telecommunication time and the users’ location on both sides, telecom-

munication coordinates are determined separately at the communication time (Fig. 3).
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Figure 3: Determining the origin and destination coordinates of telecommunications.

3.2 Constructing the graph

In the previous section, the study area was divided into sections, and the stop point coordinates and the
coordinates of the users on both sides of the telecommunications were determined. Therefore, a move-

ment graph was created for each user with the area code of each stop point and the sequence of the stop
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points in 24-hour intervals. Moreover, having the origin and destination areas, the telecommunication
graph was created separately for 62 users.

Graph G'is a set of nodes (vertex) and edges (edge) and is thus displayed as G = (V] E) (Hu et al., 2019).
Edges indicate the connection between the nodes; the edge that connects a node to itself is called a loop.
The proximity matrix is used to represent the graph structure. If there is a connection between the two
nodes or the same edge, it receives 1; otherwise, it receives 0. In a weighted graph, each edge has a weight
calculated according to the type of the graph.

The first step is to make the nodes and the edges between them and determine their weight to cre-
ate a graph. The nodes are the urban regions where the stops are made in the movement graph, and
the edges are the displacements between the nodes. The weights of the edges are also the number of
displacements between the nodes. If the displacement occurs within an urban region, two consecu-
tive nodes are the same and form a loop. The number of displacements within each region is also
considered the loop’s weight.

Each person’s telecommunication graph was constructed similarly to the previous method by knowing
each telecommunication’s origin and destination coordinates. Urban regions in which origins and desti-
nations were located are considered nodes. The edges are the telecommunications between the regions.
The weights of the edges are the number of telecommunications between the nodes. If the origin and
destination of a call are within the same area, it forms a loop. The number of calls within the region for

each region is also considered the loop’s weight.

3.3 Calculating graph parameters and the correlation matrix

After creating a weighted graph of each person’s movement and telecommunication, the graphs” parameters
are calculated. A correlation matrix examines the relationship between the parameters of movement and
telecommunication graphs. The Pearson correlation coefficient (r) is used to explore the relationship, the
value of which indicates the linear relationship between the two parameters (Taylor, 1990).

The graph parameters that made sense for both the movement and telecommunication graph were selected:

— Nodes: In the movement graph, it is equal to the number of unique areas in which the stops occurred.
The number of nodes in the telecommunication graph is similar to the number of separate regions
where the origin or destination of the calls occurred.

— Node flux or node strength: The strength of node 7 is the sum of the weights of all the edges to
which the node is attached (Eq. (1)) (Barrat, Barthelemy, Pastor-Satorras, & Vespignani, 2004):

N
5; :Zaijwij, (1)
=

where w, is the edge’s weight between nodes 7 and j. 4, is the element of the adjacency matrix, which is
equal to 1 if there are edges between nodes 7 and j; otherwise, it is 0. The node flux in a movement graph
equals the number of displacements made from or to that point. It also equals the number of telecom-
munications from each point and others in the telecommunication graph. This parameter compares each
node’s strength in two graphs to determine whether there is a relationship between the movements made

from an area and the contacts exchanged with it. This parameter is at the scale of a node.
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— Total weight of the graph edges: The sum of the total weight of the edges in the graph (§) is:
N
§=>.5, )
i=1

where S, is the flux of the ith node. § in the movement graph is equal to the total number of transfers,
and in the telecommunication graph, it is similar to the total number of calls and text messages.
— Percentage of loops’ total weight: As mentioned earlier, a loop is an edge that connects a graph node
to itself. The total weight of the loops (L) and the percentage of the loops™ total weight (£%) are:

L= Z aw, (3)

L
L% =Ex100 (4)

The weight of each loop in the movement graph equals the number of displacements within an area. L

in the telecommunication graph equals the number of calls whose origin and destination are located in

an urban area. L% represents the percentage of the total intra-region displacements in the movement

graph and the percentage of the total intra-area telecommunications in the telecommunications graph.

— Weighted local clustering coefficient (Lc): This index indicates how locally the graph nodes tend
to cluster and denotes the formation of groups in the network (Saberi et al., 2017).

N i
Le==3" &)
where N, is the number of connected pairs of neighbors of node . /V, is the number of pairs of neigh-

bors of node 7.

— Weighted global clustering coefficient (Gc,): The global clustering coefficient parameter indi-
cates the degree of clustering tendency and group and community formation throughout the graph
(Saberi et al., 2017). The lower the value of this parameter, the more the spatial distribution of the
graph points and the less the connectivity between them. The global clustering parameter is based
on transitivity and is calculated as the ratio of triplets on the graph’s total number of triplets. The
triplet is formed by three nodes connected by two edges (open triplet) or three edges (closed triplet).
A triangle consists of three triplets, and each is centered on one of the nodes of the triangle. Since
the graphs created for this study are weighted, a generalized version of this parameter called the
weighted global clustering coefficient is used (Opsahl & Panzarasa, 2009):

Z ®

Ge, = (6)
Z ®

where @ is the triplet value and is obtained from the arithmetic mean of the weights of the edges that

constitute the triplet. Za) is the sum of the values of closed triplets and Za) is the sum of the values
of the triplets, whetherX open or closed.

In addition to creating the movement and telecommunication graph for each user and comparing their
structures, a telecommunication graph and a movement graph were formed using the entire telecom-
munication and movement data of the users. The parameter of Buffer Overlap Area (BOA) was used to
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compare the degree of geometric similarity of the two graphs:

— Buffer Overlap Area (BOA): The area of the overlapping region created by the buffer of the objects
is a parameter denoting the degree of geometric similarity between the two objects (Eq. 7) (Fan,
Yang, Zipf, & Rousell, 2016; Fan, Zipf, Fu, & Neis, 2014). The closer the value of this parameter
to 1, the higher the spatial similarity of the objects.

2A
BOA(PL, PL) =— 2 %
Aqu + Aplq
where APL is the buffer area of the first object, APL is the buffer area of the second object, and A, is the
2

common ﬁ)uffer area.

4 EXPERIMENTAL RESULTS

First, the movement graph and telecommunication graph obtained from the total data of users are ex-
amined. Then, the movement and telecommunication graph are formed for each user, and a correlation
matrix examines the relationship between their parameters.

4.1 Comparing the movement and telecommunication graphs obtained by the data of all
individuals

The movement and the telecommunication graph consisting of all individuals’ data are depicted in Fig. 4a. As

shown in this figure, the range of people’s physical space movement overlaps with their telecommunications in

cyberspace. Furthermore, to determine the degree of similarity and overlap of the two graphs, the 1-km buffer

for both graphs was created, and the BOA degree was calculated (Fig. 4b). The BOA degree of 0.7051 shows the

similarity between the two graphs and proves the claim that movement and telecommunication are connected.
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Figure 4: a) Overlapping movement graph and telecommunication graph, b) Movement graph and telecommunication graph

with the 1-km buffer, TelecomBufferArea=3254.08km?, MovementBufferArea=5162.03 km?, OverlapArea=2967.11
km? BOA=0.7051.

600N

Users have moved and made phone calls between 167 pairs of different origins and destinations. The
relationship between the number of displacements and telecommunications between each unique source
and destination is presented in Fig. 5a. For example, the red dot represents the origin with code 80 to the
destination with code 110. It indicates that 254 calls and 377 displacements have been exchanged between
these two regions. The graph shows that, to some extent, the more movement between two specific regions,
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the more the exchanged telecommunications . Besides, the ratio of the number of calls to the number of
displacements increases slightly with increasing the distance between the origin and destination (Fig. 5b).
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Figure 5: a) Correlation of the number of displacements and telecommunications between each unique source and desti-
nation — each dot represents a specific source and destination; for example, the red dot represents the origin with
code 80 to the destination with code 110 b) the correlation of the ratio of the number of calls to the number of
displacements and the distance of the origin and destination.

4.2 Comparing the movement and telecommunication graph formed for each user

Table 1:  Correlation matrix of movement and telecommunication graph parameters. Absolute values equal to or greater
than 0.5 show significant relationships. Positive relationships are in blue, and negative ones are in red.
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After creating the graphs of movement and telecommunication for each person, the parameters of the graph

expressed in Section 3.3 were calculated for each graph. Afterward, the correlation matrix was formed (Table 1).

The absolute r values equal to or greater than 0.5 show highlighted strong relationships. Based on the
r-value, there are 10 significant relationships, three of which are between the movement graph parame-
ters that are depicted in Fig. 6. The other seven significant relationships are between the movement and
telecom graph, which generally show the correlation between the structure of the movement graph and

the users’ telecom graph, depicted in Fig. 8, Fig. 9, and Fig. 10, and explained more in Section 4.2.1.
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Figure 6: a) Correlation between the movement graph nodes and total weights of the movement graph edges, b) correlation
between the total weights of the movement graph edges and the mean local clustering coefficient of the movement
graph, c). correlation between the percentage of inner movement and the weighted global clustering coefficient
of the movement graph.

The number of movement graph nodes is directly related to the weighted sum of its edges (Fig. 6a). In
other words, the more movements people have, the more unique area(s) they move. This can depend
on people’s careers. For example, someone who is a full-time employee may only travel between home

and work during the day and have less displacement compared to a person who is a bike-delivery, moves
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between various places, and makes more moves. The greater the weighted sum of the edges of people’s
movement graph, the higher the average local clustering coefficient of the movement graph nodes (Fig.
6b). In other words, the more movements people have, the more locally connected the nodes of the
movement graph are. Inner region movements are inversely related to the weighted global clustering
coeflicient of the movement graph (Fig. 6¢). This means that the higher the percentage of displacements
within regions, the less clustered and connected the nodes of the movement graph. For example, a person
who lives in the city center or in a place where most of his daily needs are met by local centers may need

less travel to other areas, and most of his/her movements are within his/her residence region.

4.2.1 Comparing the structure of the graphs

The graphs’ structures were compared by the parameters mentioned in Section 3.3. Moreover, the impact
of the number of unique telecom partners of a person on the nodes and edges of the movement graph

was also determined.

First, the graphs’ average flux in every 326 unique regions was calculated to compare the average move-
ments and telecommunications in different areas (Fig. 7). The average flux of the movement and the
average flux of individuals’ telecommunications for each region are directly related. Therefore, the higher
the average flux of movement in a region, the more the average flux of telecommunication. In other

words, the more the movement from one area, the more the established telecommunications.
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Figure 7: Correlation between the mean flux of the movement graph and the telecommunication graph of each of the 326
regions.

There is a direct relationship between the number of nodes of the movement graph and the individu-
als’ telecommunication graph (Fig. 8a). In other words, a person who has geographical connections to
more areas also has telecommunications to more areas. The value of this correlation is not very large due
to the multifactorial nature of human behavior. However, this relationship also demonstrates that the

geographical scope of human telecommunication and mobility are related.

As well as, Fig. 8b shows there is a direct relationship between the sum of the edges’ weights of each

person’s movement and telecommunication graphs. In other words, as the number of spatial movements
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increases, the number of telecommunications also rises. People with more calls, text messages, and cy-

berspace activity are expected to have more spatial transfers.

Furthermore, intra-area displacements and intra-area telecom are directly related (Fig. 8c). Even, regions’

movements, which are generally related to daily needs such as shopping, are affected by telecommunica-

tions between people and their neighbors. In other words, a person with less telecommunication with

nearby areas also has less movement within nearby regions. Therefore, as much as communication can

affect long-term shifts, it also affects short-term shift movements.
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Figure 8: a) Correlation between the telecommunication graph nodes and the movement graph nodes, b) Correlation betwe-

en the total weight of the telecommunication graph edges and the total weight of the movement graph edge, c)
Correlation between the percentage of the inner movement and the percentage of the inner telecommunication
of each user.

The mean weighted local clustering parameters of the movement and telecommunication graphs have a

somewhat positive relationship, suggesting that the more the nodes are locally connected and forming

groups in one, the more they are locally connected and forming groups or communities in the other

(Fig. 9a).
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Weighted global clustering of the movement and telecommunication graphs have a positive relationship
(Fig. 9b). This metric generally shows the general structure of both graphs. The limited telecommunica-
tion network indicates the limitation of individual movement. In other words, the scatter of one’s nodes

means the spread of the other’s nodes.
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Figure 9: a) Correlation between the mean weighted local clustering of the movement and the telecommunication graph. b)
Correlation between the generalized global clustering coefficient of the telecommunication and the movement graph.
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Figure 10: a) Correlation between the unique telecom partner of a user and the movement graph nodes, b) correlation between
the unique telecom partner of a user, and the sum of the weighted edges of the movement graph.

The effect of the number of unique people that a user has telecommunication interactions with on the
movement was examined. The number of nodes and the total weight of the edges of the movement
graph are directly related to the number of unique telecom partners of a person (Fig. 10a, Fig. 10b).
As a result, the more people an individual is connected with, the greater the number of displacements
and the greater the number of regions visited. Since telecommunication can be a representative of social
interactions, a person who telecommunicates with more people can somehow be considered an extrovert
(Lucas, Diener, Grob, Suh, & Shao, 2000). Therefore, this result can be in line with the results of other
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research noting that extroverted people who are more connected with people tend to explore diverse and

more places (Alessandretti et al., 2018).

4.2.2 The effect of geographical distance on the movement communication and
telecommunication

The average movement distance of each person and the average distance of the origin and destination

of each person’s telecommunication were calculated (Fig. 11a). The value of 7 equal to 0.52 indicates

a direct relationship between these two parameters; as the distance between movements increases, the

average telecommunication distance rises. This result and the relationship between the number of node

graphs (Fig. 8a) show that the degree of dispersion of the range of movement is related to the geographi-

cal extent of individuals’ telecommunication interactions.
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Figure 11: a) The average distance of consecutive movements and the average distance of telecom interactions of each user,
b) CDF of movements and telecommunication interaction, ¢) the PDF of movements within the space, and the PDF
of telecommunication interactions across cyberspace.

Cumulative Distribution Functions (CDF) of movements and telecommunication interaction are de-
picted in Fig. 11b. Nearly 90% of telecommunication interactions occur across distances of less than

20 km. Almost 90% of movements occur within distances of less than 6 km (Fig. 11b). In Fig. 11c, the
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Probability Distribution Function (PDF) of movements within space is compared with their telecom-
munication interactions across cyberspace. The distributions’ shape shows that distance’s effect on move-
ments is more significant than telecommunication interactions. Furthermore, there is a distance decay

effect on both space and cyberspace. Hence, people tend to move and communicate in spatial proximity.

5 DISCUSSION AND CONCLUSION

This article proposed a graph-based method to investigate the relationship between the ICT structure in
cyberspace and mobility in the physical world. The proposed method was implemented on the MDC
data of Switzerland. First, the movement graph and telecommunication graph obtained from the total
data of users were created. A comparison of the two graphs showed that the more the movement between
two specific regions, the more the exchanged telecommunications. Besides, the ratio of the number of
calls to the number of displacements increases slightly with increasing the distance between the origin

and destination. This suggests that for long distances, people prefer phone calls to face-to-face meetings.

Second, the movement and telecommunication graphs were created for each user. The structure of these
graphs was compared, and the effect of geographical distance on these graphs was investigated. Therefore,
the parameters of the created graphs were calculated, including the node, edge, percentage of the loop’s
total weights, weighted local clustering, and weighted global clustering coeflicient. Afterward, the cor-
relation matrix was formed for the mentioned parameters and the number of unique telecom partners.
According to the r-value, in addition to the relationships between movement and telecom graphs, there
were three significant relationships between movement graph parameters. The more movements people
have, the more unique areas they move, and the more locally connected the nodes of the movement
graph are. Furthermore, the higher the percentage of displacements within regions, the less clustered

and connected the nodes of the movement graph.

The results showed the correlation between the structure of the movement graph and the users’ telecom
graph. The average flux of movement and telecommunications for each region indicated that the more
movement is made from or to an area, the more telecommunications are to or from it. People with more
displacements and visited areas also have more calls and text messages. The global interactions between
the nodes in the movement and telecommunication graphs are also the same. Hence, the individual
with more groups in the movement graph tends to form more groups or communities in the telecom-
munication graph. Moreover, the number of nodes and the total weight of a user movement graph edges
are directly related to the number of unique telecom partners. As a result, the more telecom partners a

user has, the greater the number of displacements and visited regions will be.

The effect of geographical distance on movement and telecommunication was examined. The degree of
dispersion of the movement range turned out to be related to the geographical extent of the individuals’
telecommunications. The farther people move, the more distant telecommunications they have. Moreo-
ver, there was a positive relationship between inner-area movement and telecommunications. Hence,
the person with more telecommunication interactions with people within the area also has more inner
movements. Third, the mean weighted local clustering coefficient indicated that the nodes’ tendency to
form local groups is nearly identical in both graphs.
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Opverall, people’s spatial mobility and their telecommunication with regions were well shown in this study
using graphs. It was also possible to study the relationship between different areas in space and cyberspace
locally and globally. Since the data in this study were related to more than one year, the relationship
between movement and telecommunication in the long term is complementary, and increasing one
increases the other. Since this study did not separate displacements based on their purpose and mode,
these issues can be considered in future research. In addition, some other parameters comprising time,
e.g., different times of the day or week, in creating the telecom and movement graph can help improve
the result for urban planning. Furthermore, considering the users’ demographic attributes such as age
and gender in creating the graphs can yield results that can be used in location-based advertisement
systems. Finally, even though the amount of data used in this study is acceptable for the period (about

1.5 years), the number of users is small compared to big data. Thus, using the data of more users can

improve the results.
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