IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 15, NO. 5, OCTOBER 2014

2111

Growing Spatially Embedded Social Networks for
Activity-Travel Analysis Based on Artificial
Transportation Systems
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Abstract—Social activity-travel has gained more and more attention as it is a growing percentage of the whole travel. To study
its generation mechanism and behavioral characteristics, social
network data are usually essential. However, due to individual
privacy, it is rather difficult for traditional methods such as questionnaires to collect abundant reliable data. Therefore, we propose
a novel method to grow realistic social networks based on artificial
transportation systems (ATS). By incorporating the activity-travel
simulation provided by ATS and a new agent-based model for
social interaction, the method takes into account human mobility
to generate spatially embedded social networks. Human mobility
shapes and impacts social networks dynamically but is usually
ignored by related studies. A case study based on computational
experiments is carried out to verify the method. The results indicate that the method can generate social networks with similar
topological and spatial characteristics to real social networks.
Index Terms—Activity-based traffic simulation, agent, artificial
transportation systems (ATS), reinforcement learning, spatially
embedded social networks.

I. I NTRODUCTION

S

OCIAL activity-travel can be generally understood as
travel for activities referring to social networks. With the
improvement in people’s living standards, more time is available for social life, and social activity-travel is becoming a
growing percentage of the whole travel. In developed countries
such as the United States and Germany, social activities are
the reported purpose for a large number of trips, ranging from
26.5% to 39.5% [1]. The rate in some large cities of developing
countries is also increasing quickly. For instance, the rate in
Beijing reached 19.07% in 2011, with a 26.8% increase from
2010 [2], [3]. Social activity-travel has attracted researchers’
attention. Kowald et al. [4] reported that recent research into the
influence of social networks on travel behavior can be divided
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into two lines. One emphasizes the influence of people’s social
networks on their travel decisions by information and opinion
exchange. The other focuses on direct effects of social networks
on activity generation.
It can be found that both kinds of research require social
network data as a basis. Traditional methods, such as questionnaire, telephone survey, and interview, have been applied
to gather social network data and other related information
such as joint activity-travel and social activity-travel generation.
Carrasco et al. carried out surveys of a random sample of
350 people from the East York area in Toronto, but only
87 people finished the interview [5]. Similarly, Frei randomly
selected 4000 people in Zurich, Germany, but only 307 (11.3%)
persons completed the questionnaire [6]. More cases can be
seen in [7] and [8]. Given the challenges on time, cost, and individual privacy [1], it is rather difficult for traditional methods
to get abundant reliable data.
The problem, i.e., how people’s social networks are formed,
motivates research on social network generation. Many attempts have been made to generate realistic social networks
with computer simulation. However, most of them just focus on
several interesting topological characteristics, such as the high
clustering and the small world effect [9], and ignore that social
networks are also spatial [10]. Spatial characteristics of social
networks affect geographical distribution of social activities;
thus, they are critical for social activity-travel behavior and
traffic flow research. Illenberger et al. analyzed social travel
distance data of 140 people in Switzerland and found that
the probability to accept a social contact at a certain distance
follows a power-law distribution with exponent −1.6 [11].
Carrasco et al. analyzed spatial distribution of social activitytravel with survey data from the Connected Lives Study and
found that home locations have a significant influence on the
choice of locations for social activities [12].
As far as we know, there still is a lack of study on generating spatially embedded social networks for social activitytravel behavior research. Some related work only considers
the influence of static spatial distance of people (e.g., distance
of home locations) but ignore human mobility, which affects
the generation and evolution of social networks [13]. To fill
the gap and provide a new perspective, we propose a novel
method based on artificial transportation systems (ATS) [14] to
grow spatially embedded social networks. There are three main
contributions of this paper: 1) propose an interaction-based
social relation model to describe dynamic social networks;
2) design a reinforcement learning method to model agents’
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social interaction ability; and 3) take human mobility into
account by incorporating activity-travel simulation and social
interaction simulation.
This paper is organized as follows. Section II introduces related studies on social network generation and basic concepts of
ATS. Section III describes our method and its implementation.
Section IV demonstrates a case study based on computational
experiments to verify the method. Section V presents a further
discussion of this research with remarks on future work. Finally,
Section VI concludes this paper.
II. R ELATED W ORK
A. Social Network Generation
Perhaps the simplest and most useful model for generating
a network is the one proposed by Erdös and Rényi in 1959
[15]. The model takes N (N ≥ 2) vertices and connects each
pair with probability p ∈ (0, 1). Social networks that the model
generates display the small world effect but lose the high
clustering observed in real ones. Nevertheless, the simple model
has inspired many researchers to generate social networks using
stochastic methods. Barabási and Albert proposed a preferential
attachment model to generate scale-free networks that have a
power-law degree distribution [16]. Watts and Strogatz proposed that rewiring connections in regular lattices can generate small world networks [17]. However, the Watts–Strogatz
model cannot generate power-law degree distribution and the
Barabási–Albert model cannot capture the high clustering or
the small world effect [18], [19]. Newman gave an excellent
review of such stochastic models in [9].
Another kind of model uses agent-based modeling and simulation to grow social networks from the bottom up. Singer et al.
made agents meet randomly to form social ties [20]. The
probability for two agents to build a connection is decided by
the cumulative times of their meeting. Differently, Jin et al. used
the number of two agents’ common friends to define the probability for them to meet and make friends [21]. Davidsen et al.
simulated the process by which two agents are introduced to
each other by a shared friend to grow social networks [22].
Compared with stochastic models, agent-based models usually use the assumptions arising from intuition. Both kinds of
models face the problems of verification and calibration. Given
that it is very difficult to get full-scale social network data
exactly, most studies force on generating similar topological
characteristics to those observed in sampling surveys.
While stochastic and agent-based models are used to capture
observed topological characteristics of social networks, there
have been relatively few attempts to build explicitly spatial
models to study the empirical relationship between geographical distance and social ties. Several studies are notable exceptions and reviewed as follows.
Based on the Erdös–Rényi model, Wong et al. redefined
the edge probability between any two actors to depend on
their Euclidean distance and sensitivity to geographical space
on establishing social ties [23]. The results of Monte Carlo
simulation demonstrated that the model can capture some
generic properties of social networks, such as low density, high
clustering, and small world effect.

Butts introduced so-called “spatial interaction function” to
describe the relationship between tie probability and the distance between actors [24]. With such a function and through
a series of independent Bernoulli trials, a spatially embedded
social network can be constructed. The author argued that
the model captures some structural characteristics of social
networks, such as a high degree of clustering and the formation
of locally dense clusters. Following Butts, Daraganova et al.
extended the exponential random graph and developed a hierarchical set of nested models to take individuals’ geographical
characteristics into account [25].
Illenberger et al. proposed a data-based stochastic model
to generate spatially embedded social networks [11]. First,
they identified the probability pacc (d) that a connection is
accepted between two actors who are distance d apart with
real data. Then, by connecting each possible pair of vertices
with the probability pacc (d), the proposed model reproduced
the observed characteristics on a synthetic population in which
the spatial distribution of individuals had been defined.
Arentze et al. proposed an agent-based random-utilitymaximization model to generate social networks explicitly in
geographical space [26], [27]. The model assumed that every
agent encounters every other agent once. In every encounter,
whether a friendship will be formed is based on a utility
function that takes the agents’ geographic distance into account,
so that geographical characteristics can be embedded within
social networks. The authors emphasized that the encounters
are virtual and do not represent actual meetings in geographical
space. An application to a synthetic population of Switzerland
indicated that the model can reproduce several characteristics of
social networks that are generally important in spatial modeling
of human behavior, including geographical proximity, degree
distribution, and clustering of networks.
Two common features can be summarized for these studies:
1) spatial distance between two actors is fixed after model
initialization and 2) spatial characteristics are embedded within
social networks by affecting the probability of social tie formation explicitly. For some reason, none take human mobility
into account. Activity-travel is one of the fundamental human
needs, and human mobility shapes and impacts social networks
dynamically [13]. Therefore, we think it is necessary to provide
insights into the impact of human mobility on emergent formation patterns of social networks, and this paper is an attempt to
fill the gap in studies on generating spatially embedded social
networks with dynamic spatial distance.
B. ATS
ATS derive from artificial societies and advocate studying
complex transportation systems from the bottom up [28], [29].
The core of ATS includes three parts. First, agent-based methods are used to model each person in the real traffic system as
artificial agents with properties such as age, gender, home location, and so on. All these artificial agents make up artificial population [30]. Second, an activity-based travel decision model is
employed to arrange reasonable daily activity-travel for each
agent. An activity-travel involves six elements: purpose of
activity, departure time, travel mode, travel route, destination,
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Fig. 1.

Agent’s activity chains of two work days in TransWorld.

and duration of activity. With these elements, finally, activitytravel of each agent is simulated, including microscopic driving
behavior, such as car following, lane changing, and traffic light
waiting. Consequently, traffic flow and scenes are emerged and
displayed.
A microscope transportation simulation platform called
TransWorld has been developed to implement the preceding
process in our previous work [31]. Fig. 1 illustrates an agent’s
activity chain of two work days in TransWorld. The multiday
trips of agents are limited in a certain scope, and they may have
some regular daily trips such as from home to office or school.
This is in agreement with the conclusion of human mobility
research that people tend to move within a confined area of
daily activities and visit some locations more often than others
[32], [33]. Therefore, activity-travel of artificial population can
be treated as the simulation of human mobility. Until now,
TransWorld has been successfully applied in traditional urban
traffic control, large sport events, and other major projects [34],
[35]. Based on TransWorld, we model agents’ ability to build
social networks when carrying out activities in locations. This
way, spatial characteristics of agents’ mobility are naturally
embedded.
III. M ODEL D ESCRIPTION AND I MPLEMENTATION
This section presents our method to generate spatially embedded social networks, along with its implementation and
integration in TransWorld. The method consists of two interdependent parts: 1) an interaction-based social relation model
to describe dynamic social networks and 2) a social interaction
model for agents to interact with each other. In egocentric
network studies, specific actors are called as egos, and those
who have direct relations with them as alters [5]. We use these
two terminologies in the rest of this paper.
A. Social Relation Model
We define the social network of artificial population as a
weighted undirected graph G = (V, E, W ), where V is the set
of vertices denoted by 1, 2, . . . , |V |, respectively, and E is the
set of edges connecting vertices. Each vertex represents an
agent whose properties can be presented as an H-dimension
vector hi = (h1i , h2i , . . . , hH
i ), and each edge represents a social tie. Let W = W (V, E) = {wi,j ∈ [0, 1]|i, j ∈ V } be a
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weighted matrix, which parameterizes the weight agent i gives
to the social tie with agent j. If there is not a social tie between
agent i and j, both wi,j and wj,i are equal to 0. We emphasize
that W is not symmetrical, i.e., wi,j may not be equal to wj,i ,
as is usually the case in reality. For a social tie i, j, we define
its strength as the smaller of wi,j and wj,i .
In real life, people get necessary social support and build
social networks by interacting with each other. Similarly, we
enable agents to grow social networks by their interactions.
Social ties change according to three rules as follows. Without
loss of generality, we take agent i as an example and only
describe from its perspective since interaction is mutual.
1) If ego i starts the first interaction with agent j at time t,
then weight wi,j is updated as
wi,j (t) = f (di,j )e−αki

(1)

where ki is the number of alters of ego i, and function
f (di,j ) represents a baseline weight calculated with
1
1 + dϕ
 i,j
H
 
2
=
ωl hli − hlj

f (di,j ) =
di,j

(2)
(3)

l=1

where di,j is the social distance
 of two agents, ωl is the
weight of each property, and ωl = 1. Function f (di,j )
follows the phenomenon of homophily, which states that
the more similar two individuals are, the more likely
they will become friends [36]. Therefore, two agents with
small social distance are more likely to have a strong
social tie. The exponent ϕ(ϕ > 1) controls the degree of
this effect. Similar assumption can be seen in many studies on social network generation, such as [37] and [38].
Meanwhile, considering the law of diminishing
marginal utility, we assume that wi,j (t) decreases with
the increase in ki under the same baseline weight. The
speed is controlled by parameter α (α > 0). The law of
diminishing marginal utility states that the satisfaction
gained from a good to a consumer declines with each
additional unit consumed [39]. Similarly, we assume that
an ego with enough social ties will gain less utility from
a new one.
2) If ego i interacts with its alter j at time t, then weight wi,j
is updated as
wi,j (t) = wi,j (t − 1) + f (di,j )e−βwi,j (t−1)

(4)

where β is a positive coefficient. For two agents, interaction again will improve the weights that they give to each
other. However, as we know, it is relatively difficult to improve a strong social tie. Therefore, we also assume that
the improvement is constrained by the law of diminishing
marginal utility. The effect is controlled by coefficient β.
If the improved wi,j (t) is more than 1, it is set to 1.
3) If ego i does not interact with its alter j at time t, then
weight wi,j is updated as
wi,j (t) = wi,j (t − 1)e−κ

(5)
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where κ is the decaying coefficient. wi,j (t) and wj,i (t)
will decrease over time until agents i and j interact again.
When both wi,j (t) and wj,i (t) are less than a certain
threshold wd , the social tie between agent i and j will
be deleted.
Updating social ties by interactions is not a new idea. Arentze
and Timmermans adopted a similar division and defined different rules for link-strength updating [40]. It is notable that they
quantified the individual satisfaction of social and information
needs from interactions and used it to update link strength.
B. Social Interaction Model
A core assumption in our method is that agents build social networks by face-to-face interactions when they carry out
activities in locations, so that agents’ social interactions can
be incorporated with their activity-travel to generate spatially
embedded social networks. Thus, we design four interaction
actions for agents to execute. Without loss of generality, we
describe them from the perspective of agent i as follows.
1) a0 : do not interact with other agents.
2) a1 : interact with one other agent randomly.
3) a2 : interact with an alter j, who is selected with the
probability proportional to the value of wi,j .
4) a3 : choose an alter j with the same method as a2 , and
then, choose unknown agents from j’s alters to interact.
The probability for an unknown agent k to be chosen is
proportional to the value of wj,k .
We use the reinforcement learning method [41] to model
agents’ preference for these actions. Let Qit (ak , Ait ) be ego i’s
perception of the action ak at time t, where ak ∈ Ait , and Ait ⊆
{a0 , a1 , a2 , a3 } is the set of available actions. The face-to-face
limitation implies that not all actions are always available. For
example, an agent cannot select action a2 if all its alters are in
other locations. It is assumed that an agent can observe all other
agents in the same place to judge whether an action is available.
If ego i starts the ni th interaction at time t, the probability
for ak to be chosen is denoted by pit (ak , Ait ), which can be
calculated with the following Boltzmann distribution:
 




exp Qit ak , Ait /τni


 i
pit ak , Ait = 
(6)
exp Qt ak , Ait /τni
ak ∈Ait

τni = γ ni + ε

(7)

where τni is called rationality parameter, γ ∈ (0, 1) is a constant, and ε is a small positive number to avoid serious divide
error, which occurs when τni is too small as ni → ∞. As
τni → ε, ego i will choose the available action with the highest
Q-value more and more often. Many studies have reported that
the selection method, which is known as softmax selection, can
balance exploration (of uncharted territory) and exploitation (of
current knowledge) in reinforcement learning effectively [42].
If ego i takes the action ak(k=0) on agent j, it will get a
reward Rti (ak , j), which is defined by
Rti (ak , j) = wi,j (t) − c

(8)

where c is the cost to build or maintain a social tie, and wi,j (t)
is calculated with the social relation model. In particular, we
define that the reward of a0 is zero. Using the reward, ego i
updates the corresponding Q-value with




Qit+1 ak , Ait = (1 − rni )Qit ak , Ait + rni Rti (ak , j) (9)
1 − rmin
rni =
+ rmin
(10)
1 + ni
where rni is the learning rate. As ni → ∞, rni → rmin (rmin ≤
0.1). This means that agents will learn less from actions but
relies more on historical experiences over time.
The frequency distribution of these four actions determines
the growing of the social network of artificial population. If
most agents choose a1 or a3 , the social network will grow
quickly. If most agents choose a0 , the social network will
decay by degrees. If most agents choose a2 , the social network
will converge to a stable status gradually. In different period,
the dominated action may be different. Whether there is an
equilibrium size for the social network finally depends on
the competition of these actions. Reinforcement learning is
also used to grow social networks in [43]. However, there are
several significant differences with ours: 1) they designed a
different action set composed of adding and deleting relations;
2) relations in their model are unweighted, and the reward
function is different; 3) they did not consider social or spatial
distance of agents.
C. Implementation and Integration in TransWorld
To incorporate social interaction simulation and activitytravel simulation, we still have to implement and integrate
the two aforementioned models in ATS. TransWorld provides
the expected agent-based activity-travel simulation; thus, we
just need to simulate agents’ interactions after they reach
destinations for activities. Fig. 2 demonstrates the procedure
of an agent’s social interactions. As a kind of simplification,
we ignore the duration of interactions and assume that time
Twi between agent i’s two consecutive interactions follows a
negative-exponential distribution with parameter 1/λi (λi >
0). The cumulative distribution function of Twi is
F (t; i) = P Twi ≤ t; i = 1 − e−λi t .

(11)

Therefore, the cumulative times X i (t) of agent i’s social
interactions can be treated as a Poisson process with parameter
λi [44], and the probability for agent i to start the kth social
interaction at time t actively is defined by
P X i (t) = k =

e−λi t (λi t)k
.
k!

(12)


It has been proven that the expectation E[X i (t)] = ∞
k=0
kP {X i (t) = k} = λi t. Thus, by adjusting λi , we can manipulate the frequency of agents’ interactions to accelerate or
decelerate the growing of social networks indirectly.
A benefit from the scalable object-oriented architecture of
TransWorld is that it is easy to register a new event for each
agent respectively. The event of an agent will be triggered when
the agent arrives at an activity destination. Then, the event will
notice TransWorld to run the social interaction procedure of
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Fig. 3. Road network modeled for computational experiments. Tags represent
locations, black solid lines represent roads, and the places where roads cross
are intersections.

Fig. 2. Procedure of an agent’s social interactions after it reaches the
destination.

the agent, as shown in Fig. 2. TransWorld supports multiday
continuous simulation of agents’ activity-travel. From day to
day, in addition to mandatory activities, an agent may carry out
diverse activities in different locations like a real person. During
this process, agents shape their social interaction preference
with the reinforcement learning method continuously while
interacting with each other to build social ties. This way, a
spatially embedded social network will grow from the bottom
up gradually.
IV. E XPERIMENTS AND VALIDATION
It is usually a challenging task to analyze the dynamics of
a multiagent interaction model. In simple cases, the meanfield method can be used to estimate macroscopic behaviors
of models [45], [46]. However, the method requires that the
effect of all the other individuals on any given individual can
be approximated as a single effective effect [47]. In our model,
unfortunately, agents’ interactions are local rather than global;
thus, it is very difficult or even impossible to approximate each
agent as required by the mean-field method.
Under such background, we carried out a case study on the
effectiveness of our model in the Zhongguancun district of
Beijing city, which is a prosperous business district and known
as “China’s Silicon Valley.” The selected area includes 164 roads,
15 intersections, and 73 sites, which affect activity-travel generation distinctly, namely, 11 residential communities, 27 office
buildings, 4 schools, 4 restaurants and hotels, 2 hospitals,
15 shopping malls, 5 recreational parks, and 5 sports facilities
(see Fig. 3). A specified ATS has been established for the area,
and computational experiments [31] will be conducted based
on it to explore the behaviors of our model.
A. Parameter Settings
From a large-scale snowball sampling, Illenberger et al.
found that the attribute that induces the strongest degree of
homophily is age, and gender is in the second place [48]. Thus,

Fig. 4. Urban age structure from the sixth nationwide population census of
China in 2010.

we take age and gender as agents’ social properties and set
2/3 and 1/3 as their respective weights in the social distance
calculation. Agents’ age and gender are set according to the
urban population’s age structure (see Fig. 4) from the sixth
nationwide population census of China in 2010 [49]. The total
number of artificial population is set to 20 000. Primary model
parameters are set as follows:
1) α: 0.05, the marginal utility parameter in (1);
2) ϕ: 2.0, the social distance parameter in (2);
3) β: 0.5, the marginal utility parameter in (4);
4) κ: 0.01/(24 × 3600), the decaying parameter in (5);
5) wd : 0.05, the threshold to delete a relation;
6) γ: 0.9, the constant in (7);
7) c: 0.5, the cost to maintain or build a relation in (8);
8) rmin : 0.1, the minimal learning rate in (10).
The initial Q-values of each action for every agent are set
to zero. Since every simulation step in TransWorld represents
1 s, we assume that, ∀i, λi = λ = 0.15/3600; thus, each agent
starts average 3.6 times interactions actively every day. To
observe how the social network grows up, we make TransWorld
simulate agents’ activity-travel of 62 days (two months) continuously and store related process data for posterior analysis from
the following three aspects.
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TABLE I
VARIATION C OEFFICIENT (CV) OF F REQUENCY OF ACTIONS

Fig. 5. Frequency of actions a0 , a1 , a2 , and a3 as a function of time.

B. Agents’ Action Analysis
First of all, we analyze the dynamics of agents’ actions that
motivate the formation of social networks. Since TransWorld
records all agents’ actions, we can count the frequency of each
action by day. Fig. 5 demonstrates how the frequency of each
action changes with time.
In the beginning, all agents do not know each other; thus,
only actions a0 (i.e., do not interact with other agents) and a1
(i.e., interact with one other agent randomly) are available. This
explains why these two actions have a high frequency in the
beginning. Although a0 does not bring actual interactions, it is
an important and useful constraint. If there is no a0 , when only
a1 is available to an agent, the agent will be made to choose it.
This will result in a lot of unrealistic blind interactions. Among
the four actions, a0 is the only one that is always available, and
its reward remains nonnegative. This implies that the frequency
of a0 will not decrease quickly with time in most cases. For
action a1 , according to (8), only if the weight of the new social
tie is bigger than the cost c (c = 0.5), the reward would be positive. Given the randomness, the probability for a1 to add such
a strong social tie is low; thus, its frequency declines quickly.
On the contrary, action a2 (in short, interact with an alter selectively) that only strengthens existing social ties is more likely
to have a positive reward; thus, its frequency increases from a
low level and holds on the highest level finally. This is similar
to the fact that people usually interact with acquaintances.
Compared with action a1 , the benefit from the transitivity of
proximity principle is that it is more likely for action a3 (in
short, interact with an alter’s alters selectively) to choose agents
having small social distance. However, as time goes on, the case
that two close alters of an ego do not know each other becomes
less; thus, the probability for a3 to have a positive reward
decreases. This explains why the frequency of a3 increases in
the beginning and then decreases.
Furthermore, to observe the stability of the model, we make
TransWorld run ten times with the same parameter settings and
then calculate the coefficient of variation (CV) of each action’s
frequency by day, respectively. CV is defined as the ratio of
the standard deviation to the mean, and it is usually used to
measure the dispersion of a probability distribution. Table I

T
T
T
Fig. 6. Tie density of social networks GT
0.05 , G0.25 , G0.50 , and G0.75 as a
function of time.

lists the minimal, maximal, and average CV of each action’s
frequency. Small CV indicates that the model is stable and that
simulation results can be reproduced.
C. Social Network Analysis
TransWorld records the social network of artificial population by day. We denote the social network of the T th day as
GT , where T ∈ {1, 2, . . . , 62}. For a multilevel analysis, four
sub social networks are extracted from each GT by filtering out
social ties with strength less than 0.05, 0.25, 0.50, and 0.75,
respectively. We denote them as GT0.05 , GT0.25 , GT0.50 , and GT0.75
in turn. To verify whether these social networks have similar
topological characteristics with real ones, five topological characteristics, which are the common concerns of studies on social
network generation [50], are checked as follows.
Tie Density: The degree of a vertex in a network is the
number of edges connected to that vertex. Let e be the number
of edges and N be the number of vertices in the network; thus,
the average degree of each vertex is
k =

2e
.
N

(13)

The tie density of the whole network is
ρ=

k
2e
=
.
N (N − 1)
N −1

(14)

Thus, tie density and average degree are linear dependent. The
tie density of a fully connected network is equal to 1.
Fig. 6 shows the tie density changes of four social networks.
It can be observed that they tend toward stability gradually. The
reason is that agents choose action a2 more and more often, as
explained in the previous section, and the action does not result
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T
T
Fig. 7. Clustering coefficient of social networks GT
0.05 , G0.25 , G0.50 , and
as
a
function
of
time.
GT
0.75

T
T
Fig. 8. Average shortest distance of social networks GT
0.05 , G0.25 , G0.50 ,
T
and G0.75 as a function of time.

in new social ties. As the marker in Fig. 6 shows, G62
0.05 has
the biggest density of about 8.911 × 10−4 , which is, however,
still very small and far less than the full connected case. It is
consistent with the fact that the tie density of real large social
networks is low [23].
Clustering Coefficient: In the real world, the friend of your
friend is likely also to be your friend. Researchers use the
clustering coefficient to describe this phenomenon. First, define
a local value

l to be the mean shortest distance between vertex pairs in a
network, i.e.,

2
li,j
(16)
l =
Nc (Nc − 1) i>j

Ci =

2mi
ki (ki −1)

0

if ki > 1
otherwise

(15)

where ki is the degree of vertex i, and mi is the number of
triangles connected to vertex i. The clustering coefficient of the
whole network is the average of all Ci .
Fig. 7 shows the clustering coefficient changes of four social
networks. As time goes on, the clustering coefficient of GT0.05
converges to the minimum 0.143, and the clustering coefficient
of GT0.75 converges to the maximum 0.202. This reflects the
real-world phenomenon that close friends are better connected.
A random social network with the same tie density as G62
0.05 ,
which is generated by the Erdös-Rényi model, has a rather small
clustering coefficient of about 8.879 × 10−4 . The clustering
coefficient of a number of published real social networks ranges
from 0.13 to 0.88 [9]. Therefore, it can be concluded that
our social networks also have the high clustering coefficient.
Among the aforementioned four actions, action a3 (in short,
interact with an alter’s alters selectively) plays an important role
in improving the clustering coefficient of social networks.
Small World Effect: The small world effect means that most
pairs of vertices in most networks seem to be connected by a
short path. The “six degrees of separation” experiment conducted by Travers and Milgram [51] is one of the famous
demonstrations of the small world effect. The experiment found
that letters passed from person to person could reach a designated targeted individual in only a small number of steps (the
mean number of intermediate links was 5.2). However, it must
be noted that still 78.38% (232 of the 296) of letters never
reached the destination.
Average shortest distance of all pairs that have connecting
paths is used to measure the small world effect. Let us define

where Nc is the number of vertex pairs that have connecting
paths, and li,j is the number of edges that comprise the shortest
path from vertex i to j. Fig. 8 shows the changes of average
shortest distance of four social networks. In the first few days,
connection in the network is sparse, and the tie density is low;
thus, it is likely for l to have a bigger value for some pairs
with long paths. It can be expected that l will decrease as the
tie density increases. Fig. 8 shows this process, and the average
shortest distance of four social networks remains around 5.0 at
last. The stable results indicate that generated social networks
have the small world effect.
Degree Correlation: An interesting observation, but still
without convincing interpretation, is that almost all social networks measured appear to be assortative, but other types of
network (e.g., the Internet) appears to be disassortative [9].
In assortative social networks, people who have a high degree
associate preferentially with others who have a high degree, too.
In [52], Newman gave a simple measurement by calculating the
Pearson correlation coefficient of the degrees at either ends of
an edge. The result should be positive for assortative networks
and negative for disassortative ones. Let ji and ki be the degrees
of two vertices of the edge ei ∈ E; thus, the degree correlation
of a network is


M −1

ei ∈E

r=
M −1


ei ∈E

ji ki − M −1

1 2
2 (ji

2


ei ∈E

+ ki2 ) − M −1

1
2 (ji


ei ∈E

+ ki )
2.

1
2 (ji

(17)

+ ki )

Fig. 9 shows the degree correlation changes of four social
networks. It can be observed that the degree correlation at each
sampling point remains positive. This means that all of them are
assortative as real social networks.
Degree Distribution: We choose the social networks of the
62
62
62
last day, i.e., G62
0.05 , G0.25 , G0.50 , and G0.75 , to check the degree
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Fig. 9. Pearson correlation coefficient of the degrees of social networks
T
T
T
GT
0.05 , G0.25 , G0.50 , and G0.75 as a function of time.

Fig. 11. Distribution of tie distance of G62
0.05 . (Inset) Distribution of the tie
distance of G62
0.05 in a log–log graph and fitting to the power-law distribution.

D. Spatial Characteristics Analysis

62
62
Fig. 10. Degree distribution of social networks G62
0.05 , G0.25 , G0.50 ,
.
and G62
0.75

distribution, since their characteristics are already relatively
stable. Fig. 10 shows their respective degree distributions with
a normal axis on the left and a log–log axis on the right,
correspondingly, where pk is the fraction of vertices in the
network that have degree k. It can be observed that their degree
distributions are noticeably right skewed rather than power law,
since a power-law distribution resembles a straight line on a
log–log plot.
Although some studies have reported that a number of real
networks have a power-law degree distribution, Jin et al. argued
that possible power-law degree distributions are seen in networks in which there is no or little cost to increase one’s degree
(e.g., online social networks), and degree distribution of many
acquaintance networks appears to be strongly peaked around a
certain mean degree [21]. Our result supports their finding, and
there is indeed a cost (c = 0.5) to add a new social tie in our
model. This also suggests that we should be cautious to use online social network data as actual population’s social networks.

To analyze the spatial characteristics of social networks, we
add a spatial property named tie distance for each social tie.
The tie distance of a social tie is defined by the home distance
of two agents it connects. Fig. 11 shows the distribution of tie
distance of G62
0.05 . The distribution indicates that the probability
for two agents to build a social tie decreases as the distance of
their home locations increases.
With the Freedman–Diaconis rule [53], all data samples are
divided into 75 distance bins. We treat each bin as a data
sample and plot them in a log–log graph, as shown in the inset
in Fig. 11. Samples with distance less than 6 km appear to
follow a power-low distribution with exponent β = −0.83 and
R2 = 0.85. R2 is the ratio of the regression sum of squares to
the total sum of squares, and it is usually used to measure how
well observed samples are replicated by the fitting. The value
of R2 close to 1 indicates that the power-law fit has a high
goodness. Similar finding is reported in a real survey conducted
in the metropolitan area of Zurich, where tie distance observed
within 10 km follows a power-low distribution with exponent
−0.5 [48].
In our model, all interactions occur in agents’ activity location; thus, how an agent selects an activity place is very important. As described in our previous work [31], an agent uses the
maximum entropy model to select an activity place, i.e.,
exp(θ1 Dij + θ2 log10 Cj + η)
Pj|i = 
r exp(θ1 Dir + θ2 log10 Cr + η)

(18)

where Pj|i is the possibility of selecting place j for the next
activity when the current place is i. Dij is the distance from
place i to j, Cj is the capacity of place j, θ1 and θ2 are
coefficients, and η is a constant term.
According to the model, when an agent chooses an activity
place, it is more likely for the place near to the agent to be selected. In TransWorld, an agent’s home location is fixed, and its
activity chain of one day usually starts from home and ends with
home; thus, most of its activity places will distribute around
its home location. Consequently, agents whose home locations
are near are more probable to meet each other and build social
ties. This explains the geographical proximity implied in our
method.
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V. D ISCUSSION
Our findings suggest that incorporating activity-travel simulation and social interaction simulation can generate social
networks with similar topological and spatial characteristics
to real ones. Since the required feature referring to travel
simulation is common, many agent-based microscopic transportation simulation models can use our method to generate
spatially embedded social networks. Based on generated social
networks, social activity and associated travel can be modeled
and simulated to further support the activity-based analysis of
demand generation in urban traffic networks [54]. The work
also makes ATS take a step forward toward social computing
[55], [56]. Social phenomena such as travel-related fashion and
information spreading can be studied on ATS.
In the model, agents’ face-to-face interactions are accidental
rather than appointed. We admit that it is not the real case,
although accidental interactions frequently happen in some
locations, e.g., school and office. Appointed interactions are
based on social networks and adversely affect social networks.
To model such interactions, we must first address the modeling
problem of social activity-travel, which involves from simple
one-to-one social visits to complicated joint activity-travel. Although there are some related attempts, Sharmeen et al. argued
that most of them remain fairly simple in the review [57]. From
easy to difficult, we divide the plan to simulate social activitytravel into two stages. The first stage is to generate justifiable
social networks for artificial population. The second stage is
to model agents’ social activity and associated travel based
on social networks and, meanwhile, to evolve agents’ social
networks. The first stage work is as described throughout this
paper. It aims to provide a plausible basic social network for the
second stage, which will continue to evolve the social network.
Some work like the social relation model will continue to perform a useful role, and the social interaction model can be extended to include appointed interactions, such as [58] and [59].
One problem that remains to be addressed is how to estimate the parameters of the proposed model. The baseline
weight function f (di,j ) adopts the idea of homophily to impact
strength of social ties. This suggests that related parameters,
including ϕ, and selected social properties and their weights
can be calibrated through data from homophily investigations
[60] with methods such as maximum-likelihood estimation.
The decay coefficient κ and the tie-deleting threshold wd affect
the equilibrium size of ego networks. As suggested in [40],
these two parameters could be calibrated based on data relating
to ego network sizes. It is a challenge to estimate the remaining
parameters, including coefficient α, β, γ, rmin , and λ. Although
their roles have been interpreted in the earlier sections, to generate desired social networks still requires a large number of trials
of their values. An assistant method we find is using sensitivity
analysis to disclose the qualitative rules of their influences,
which can guide the search for appropriate values efficiently.
VI. C ONCLUSION
This paper has proposed a novel method to generate spatially
embedded social networks. To take individual’s spatial mobility
into account, the method incorporates activity-travel simula-
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tion and social interaction simulation. The required activitytravel simulation is provided by ATS, and to simulate social
interactions, an interaction-based social relation model and a
social interaction model based on reinforcement learning are
established and integrated in ATS. Results of a case study
based on computational experiments indicate that the method
can generate social networks that have similar topological and
spatial characteristics to real social networks.
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