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ABSTRACT

This article reports the ﬁndings from simulating the spatial diﬀusion processes of memes over social media networks by using the
approach of agent-based modeling. Diﬀerent from other studies,
this article examines how space and distance aﬀect the diﬀusion
of memes. Simulations were carried out to emulate and to allow
assessment of the diﬀerent levels of eﬃciency that memes spread
spatially and temporally. Analyzed network structures include random networks and preferential attachment networks. Simulated
spatial processes for meme diﬀusion include independent cascade
models and linear threshold models. Both simulated and realworld social networks were used in the analysis. Findings indicate
that the numbers of information sources and opinion leaders
aﬀect the processes of meme diﬀusion. In addition, geography is
still important in the processes of spatial diﬀusion of memes over
social media networks.
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1. Introduction
Location-Based Service has been increasingly and widely adopted by many industries,
with an essential component of human-created online information reﬂected in a spatial
context (Jiang and Yao 2006). Many users are willing to share their geographic positions
with others through wireless devices by switching on the Global Positioning System
trace. Beneﬁting from this, a great amount of real-time spatial data source can now be
accessed by researchers (Ratti et al. 2006). Furthermore, this revolution in tracking
human activities, behaviors, and communications in the electronic format has been
facilitating the collection and analytics of multiple attributes and status updates at the
ﬁnest scales of footprints of human dynamics (Shaw et al. 2016, Sharag-Eldin et al. 2018).
This research is inspired by the availability of abundant geo-tagged information in
social media and georeferenced communication content which form many locationbased social networks (Ye and Liu 2018) and spatial social networks (Tsou and Yang,
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2016). For instance, users can share their opinions on speciﬁc topics using a special sign
symbol such as hashtag (#) on Twitter, which is a widely used micro-blogging online
service established in 2006. On Twitter, speciﬁcally, the information diﬀusion can be
easily detected through retweet activities. Retweets allow users to spread new social
media messages (memes) from other users by simply restating original information
while keeping the source of the information in their posts. Thus, as the new meme
becomes popular, a network of retweets can be formed showing how a meme is
propagated through the social network.
This article realizes a detailed implementation of agent-based modeling (ABM) to
simulate the processes of message diﬀusion in social networks that disseminate memes
in the open source environment (for the conceptual framework, please check Ye et al.
2018, Lee and Ye 2018). The model is designed to investigate and analyze diﬀerent
conﬁgurations for meme networks with user-driven footprints. Especially, it analyzes
various structures of meme networks and simulates the diﬀusion processes of memes
based on diﬀerent theories of information diﬀusion. Unlike other simulation models, it
supports the investigation of the eﬀect of the event’s Public Attention Levels and the
spatial weights based on common diﬀusion theories. By simulating how social media
information diﬀuses through social networks of diﬀerent structures and spatial conﬁgurations, outcomes from studying such processes would provide valuable insights to
understanding what factors, including spatial factors, may aﬀect how the social media
messages spread and what impacts do these factors have during the processes.

2. Literature review
2.1. Social network and GIS
Combining spatial data with connections between individual users in a social network,
researchers would be able to explore the spatial properties of the social network
(Boessen et al. 2018). Spatial properties are critical in social networks because they
help to develop practical applications that would have great potential for beneﬁting
our societies. For example, as natural disasters occur, optimal evacuation routes can be
developed based on the information being passed on via social networks. Using such
routes, parents may then pick up their children on the way of leaving the town if the
degree of urgency of the disaster is learned from social media early enough and if all
family members are able to communicate with each other via social media.
Spatial social network is an emerging research topic focusing on spatial patterns and
geo-visualization of social networks with either real-world coordinates or simulated map
coordinates. Spatial social networks can be considered as linking people’s communications in the forms of phone calls, e-mails, telephones, and other social network services.
These networks can also link real-world events, including (but not limited to) such
activities as social gatherings for political events or music concerts (Tsou and Yang 2016).
The study of the interactions between locations and social relationships becomes
possible only in recent years due to the growth of location-based services. In the
meantime, these services generate large volumes of geospatial data that can
facilitate the analysis of social relationships (Wang and Ye 2018). A large body of
literature generated from and based on research on such characteristic is closely
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related to geography. For instance, the online activities in social networks, such as
those commenting on a particular event, are in fact closely reﬂecting activities in
the physical world. This may include, but not limited to, a Superbowl football game
or an unexpected wildﬁre. More speciﬁcally, Wang et al. (2018) conducted a largescale study that reveals social properties and spatial properties of location-based
online social networks, providing evidence of how these social connections were
shaped over space. Matsuda et al. (2014) extract various patterns of the spatiotemporal distribution from Foursquare, a location-based social networking system. In
Yin et al. (2016), space-time information of messages posted by social media users
was used to improve the accuracy of communities in social media networks so to
better understand behavioral patterns of social media users.
In analyzing the communication networks of social movements, Conover et al. (2013)
found that ‘Occupy Wall Street’ movement, an American anti-capitalist movement, though
spread widely spatially, nevertheless exhibited high levels of locality. Their ﬁndings echoed
the ﬁnding of geographic constrains on social networks by Onnela et al. (2011). Tsou et al.
(2013) used kernels to estimate densities and map algebra methods for the visualization of
the spatial patterns of the 2012 U.S. Presidential Election and the dynamics in them. In
eﬀect, the location-based function in online social networking services is a perfect locationsensor when it is considered in the ﬁeld of GIS or volunteered GIS (VGIS) in particular. As Sui
and Goodchild (2001), Sui and Goodchild (2011) suggested, geographic information systems (GISystems) were increasingly becoming social media. In the meantime, social media
were rapidly transforming into part of GISystems.
Despite many researchers using spatial properties of social media for the convenience
in life such as tourist trajectory systems (Liu et al. 2018), very few of them focused on the
spatiotemporal trends of this geotagged information while a meme spread. To the best
of our knowledge, only Wang et al. (2012), (2013) addressed the inﬂuence of diﬀerent
spatial patterns on how information on social media spread. This is important because it
helps us to understand the spatial trend of online information while it is spreading. This
understanding often reveals the trend of social behaviors and events in the context of
geography. However, the diﬀusive logistic model proposed by Wang et al. (2012) is nongraphic and it does not consider network structures, which, as we discussed before, is an
essential part of understanding the social networks. By employing agent-based modeling (ABM) approach, we anticipate a statistical and visual discovery of spatiotemporal
patterns along with various forms of meme diﬀusion processes under diﬀerent social
network structures.

2.2. Social network and meme diﬀusion
With the advent of the Internet, an enormous amount of information is being generated
online by every second, every minute, every hour, and every day. Although it seems that
the information on the Internet is disorderly and unsystematic, it is still an invaluable
resource if handled properly. Social media allows the creation and exchange of User
Generated Content (Bakshy et al. 2012, Luca 2015). With User Generated Content, Watts
(2007) and Lazer et al. (2009) indicated that a revolution of our understanding of
collective human behaviors has arrived.
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One of the essential parts of understanding the inﬂuence on social behaviors by
social media is to understanding social networks themselves. Indeed, a social network
matters in many ways. It helps us understand the macro patterns of social behaviors by
aggregating individual relations. For example, Christakis and Fowler (2007) quantitatively analyzed a social network that is densely inter-connected to reveal that links were
likely between obesity epidemic and people’s behavioral and biological traits spread
through social ties.
Social networks can also play an essential role in eﬀective management of emergencies (Wang and Ye 2017). On the one hand, information that is generated and is
disseminated through social networks is incredibly valuable for important matters in
life, such as disaster responses. On the other hand, the study of the relationships, the
behaviors, and the interactions that may exist in social networks could oﬀer important
hints for rescue eﬀorts during a disaster, such as collecting information and planning of
evacuations and sheltering. Social network perspectives provide us a keen method for
analyzing diﬀerent structures of social entities and help to examine diﬀerent theories
embedded in sociology (Wasserman and Faust 1994). Beneﬁting from the versatility of
social networks, we can then utilize them to study information diﬀusion such as diﬀusion of innovations where structures of networks may determine how quickly an
innovation is diﬀused and the timing of each individual’s adoption of the innovation
(Valente 1996). In doing so, the structure of social networks is of main importance in
studying the diﬀusion eﬃciency (Ye and Lee 2016). For example, in the ﬁeld of ecology,
Bodin and Crona (2009) testiﬁed that the structure of a social network did make
a diﬀerence in aﬀecting natural resource governance. In addition, online social networks
have evolved as a new type of social networks on the Web 2.0 environment. In such
networks, people may not know each other in person even though they are connected
to each other directly. However, they can exchange or share their opinions and interests
from their participation in online social networks.
It has been conﬁrmed that online social networks exhibit small-world properties
and are scale-free (Mislove et al. 2007). Many models have been introduced to
emulate these structures. The ﬁrst and most famous model is Barab´asi-Albert
model, also known as preferential attachment model. It generates a scale-free network
that has two simple mechanisms. One mechanism is continuously growing by adding
new nodes into the network. The second mechanism is by connecting the newly
added nodes to other existing nodes with a preference to well-connected nodes or
nodes of high-degrees (Barab´asi and Albert, 1999). Other models include copying
model (Kleinberg et al. 1999) and ranking model (Fortunato et al. 2006). These
structural properties play essential parts when we consider the information diﬀusion
into online social networks.
As online social networks are gaining popularity, networks scientists have begun to
investigate how online content spreads. Meme diﬀusion has received increasing attention in recent years (Vespignani 2009). Meme refers to an idea, behavior, topic, or style
that transfers from a person to another through social media networks. It was ﬁrst
introduced by biologist Richard Dawkins (Dawkins 1976). Traditionally, a meme can
spread via writing, speech, or gestures. In modern social media platforms, a meme
could also be a URL, an image, a video, or a ‘hashtag’ on Twitter on the Internet. All
of these are transmissible online. A large amount of research was conducted by using
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twitter memes to help business advertisement and analyze consumer opinions (Jansen
et al. 2009). Research was also carried out to analyze the outbreaks of infectious diseases
in public health (Paul and Dredze 2011). Results from such analyses contributed to
situational awareness during natural hazards events (Wang and Ye 2018).
Indeed, with its characteristics of the high frequency and enormously large volumes,
memes oﬀer researchers an ideal data source over a variety of domains in social sciences.
To analyze such large amount of irregular data sources is not an easy task, let along
predicting how the content spreads. In early years, one of the common models for meme
diﬀusion was to mimic memes as infectious diseases (Rapoport 1953, Goﬀman and Newill
1964, Bailey 1975). These studies were based on the concept that a meme can be as viral
as an epidemic and can be transmitted among people. The ‘infected’ individuals can then
spread the ‘virus’ to others, thus forming a widespread contagion. To that end,
Granovetter (1978), Centola (2010), and Romero et al. (2011) presented an extended
model to demonstrate that meme spread in more complex ways than diseases do.

2.3. Agent-based model and diﬀusion simulation
Agent-based model (ABM) is a model that can simulate how autonomous agents act and
interact in computational environment. ABM integrates concepts in game theory,
mechanisms in complex systems, concepts in computational sociology, and the operational processes in evolutionary programming. In recent years, ABM has been widely
used in biology (An et al. 2009), ecology (Karsai et al. 2016), and social sciences (Livet
et al. 2010). It attempts to reproduce and predict complex phenomena by establishing
simple behavioral rules for each agent and simulating simultaneous operations and
interactions among multiple agents. Once an agent-based model is developed, the
user can carry out suites of simulations using the model by adjusting values of the
model parameters to explore the relationships among diﬀerent model parameters and
the eﬀect of each parameter on the whole system.
Information diﬀusion is an activity in which individuals, media, and organizations
exchange information and transmit information, ideas, attitudes or feelings to other individuals or groups. Information diﬀusion includes communicators, the communication channels, and the receivers. Currently, online social networks have been argued to play a major
role in how information is spread (Sharag-Eldin et al. 2018). In this regard, a social network is
a channel through which information is disseminated. Many studies have been carried out
in attempts to understand how information diﬀuses over a social network. Some of which
are based on simulations. Neri (2004) described an agent-based tool for analyzing market
behavior under several varying rates of information diﬀusion. He and Hu (2010) analyzed the
structural characteristics of the worldwide web and users’ social network, providing an
agent-based model of information diﬀusion on the web. The model was used to establish
rules for information diﬀusion under normal situations. Gatti et al. (2013) proposed
a stochastic approach to analyzing information diﬀusion via online social networks that
use multi-agents. It aimed at predicting human behaviors such as posting a message
regarding certain topics and examining how such emerging behavior acts.
In this study, we developed an agent-based model to simulate information diﬀusion
on social networks across space and over time. Comparing to other ABM, we not only
examine the diﬀerent levels of inﬂuences by diﬀerent types of nodes, but we also
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examine the spatiotemporal processes of how memes diﬀuse over social media networks. This study aims at exploring the extent to which the structure of a network may
impact on the diﬀusion of social media messages. Such an understanding of the
diﬀusion process facilitates the mechanical process of the spreading of the information
and the relationships between network parameters and diﬀusion parameters for information diﬀusion over social networks.

3. Design of an agent-based model
3.1. Models and algorithms
Information diﬀusion on a social network starts with one or more source locations where
information is generated and starts diﬀusing. These source locations are known as seed
nodes. Information spreads outwards from these locations, gradually through the network. There are two most common models in the propagation of information through
social networks (Kempe and Kleinberg 2003): the independent cascade model
(Goldenberg et al. 2001) and the linear threshold model (Granovetter 1978).
The independent cascade model (IC) is a probabilistic model. When a node u is active,
meaning it is a source node or it has received the information being passed through it. It
attempts only once to activate its inactive neighbor node v with a probability puv. These
attempts are independent of each other. That is, the activation of u to v is not aﬀected
by the actions of u attempting to activate other nodes.
The information propagation process of the independent cascade model is described
as follows:
● Assuming that a node u is activated at the moment t, it has an opportunity to

activate its neighbors that are still inactive at time t + 1. Whether a neighbor v is
activated by node u or not depends on the probability puv, which can be randomly
assigned, based on a pre-deﬁned probability model, or speciﬁed with a userdeﬁned probability for the node u by the system.
● Higher puv, means more likely the neighbor node v would be activated by node u. If
node v has multiple adjacent nodes w that have been activated, these points would
attempt to activate node v in any order. If node v is successfully activated by node
u, it will be active at the subsequent moment, t + 1.
● At the moment t + 1, node v will aﬀect the other nodes and repeats the above
process. Node u would no longer be inﬂuential at this moment. That is, the node
has been activated at the moment t and has tried to activate its own neighbor
nodes. It may still be active at moment t + 1. However, it cannot activate any other
nodes by itself. When there are no inﬂuential active nodes in the network, the
propagation process ends.
The IC model of the processes of diﬀusing social media messages is described in Figure 1.
When a social media network is represented as a network (G) of nodes and links (V, E), each
link eij is associated with a probability pij to indicate how likely a message is passed from vi to
vj. The probability pij can be randomly generated in simulations. Alternatively, pij can be
calculated as suggested by Kempe and Kleinberg (2003): Let pij = 1/deg(vj), where deg(vj) is
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Figure 1. Independent cascade model.

the degree of node vj. As shown in Figure 1(a), when t = 0, v1 can be a seed node, which is
marked as activated so it is colored in blue. Nodes in other colors represent inactive nodes. At
t = 1, v1 activates nodes that are connected to according to calculated probability values.
In Figure 1(b), v2 was activated using a probability level of 0.5. Links in red show the
paths that memes passed through. In Figure 1(c), when t = 2, v2 activated v4. At t = 3, v4
has no more connected nodes to activate so the processes of passing messages through
nodes are terminated. With varying probability levels, the orders and the paths of
passing messages are not always the same.
Alternatively, the linear threshold model is diﬀerent from the independent cascade
model in determining whether a node is activated or not. It assigns a threshold for each
node u, which represents the diﬃculty that the node is aﬀected by other connected
nodes. If a node w, that is connected to v, inﬂuences node v with a nonnegative weight
and the sum of all neighbors like w of v is less than or equal to 1. For an inactive node v,
node v is activated only if the sum of the inﬂuence of its active neighbor node is greater
than its threshold. That is, the decision for activating an individual node in the network
depends on the decision of all its neighbor nodes. And the active neighbor node of
node v can participate in the activation of v multiple times. The process of information
diﬀusion in the linear threshold model is as the following:
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● The initial set of active nodes Sactive.
● At the moment t for node v, if the sum of the inﬂuence of all neighboring active nodes

exceeds the activation threshold, node v becomes active at the moment t + 1.
● The process is repeated until the sum of the inﬂuence of any active node that

already exists in the network cannot activate any remaining inactive neighbor
nodes. At which moment, the propagation process ends.
LT model proceeds as shown in Figure 2. In Figure 2(a), at t = 0, v1, as a seed node, is active
and colored in blue. Nodes not colored are inactive nodes. Figure 2(b) shows at t = 1, the
inﬂuence levels of v1 on v2 and v3 are both 0.5. Given that the threshold levels for v2 and v3 to
be activated are 0.6 and 0.5, only v3 is activated by v1, with v2 remained inactivated. Figure 2
(c) shows at t = 2 when both v1 and v3 have the potential for activating v2, the sum of the two
inﬂuence levels exceeds the threshold level of v2. Consequently, v2 is activated. At this point
in time, the inﬂuence level of v3 on v4 is 0.5, which is less than the threshold level of v4 (i.e.,
0.8). So v4 remains inactive. At t = 4, as shown in Figure 2(d), the combined inﬂuence from v2
and v3 on v4 is 1.0, exceeding the threshold level of v4, v4 is activated. Since all nodes are
activated, the diﬀusion process is terminated.
The process of information dissemination on a network is greatly aﬀected by the
number and locations of seed nodes (information sources). To maximize the speed or

Figure 2. Linear threshold model.
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eﬃciency of dissemination of information in a network, the most suitable person or
media organization must be the publisher or originator of the information. How to
choose seed nodes is a key issue for maximizing their inﬂuence on social networks (Ye
et al. 2018). A variety of measures of centrality can be used to evaluate the importance of
nodes in a network. For this, there exists literature on diﬀerent developed algorithms
that can be used for choosing seed nodes in a network according to diﬀerent levels of
centrality that these seed nodes need to have. In this study, we implemented ﬁve
algorithms for selecting seed nodes. In addition to a random algorithm, the other four
are centrality-based algorithms, including degree centrality, betweenness centrality, closeness centrality, and eigenvector centrality.
In a network, some nodes that are connected to more follower nodes or to ‘friends’
nodes can have strong inﬂuence on how a message is passed through the network.
These nodes are referred to as opinion leader nodes in this article. In simulating the
diﬀusion of memes, a simple way to select (from all nodes in a network) opinion leader
nodes can be: (1) ﬁrst sorting all nodes by the number of links that each node has, (2)
determine a cut-oﬀ level of the number of links that a node should have in order for it to
be selected as an opinion leader node, and (3) select nodes as opinion leader nodes
according to a predetermined number of such nodes needed. In simulating a network
with more than one community, diﬀerent communities can have diﬀerent number of
opinion leader nodes.

3.2. Agent-based model structure
An agent-based simulation model is made up of agents and the corresponding rules that
govern how the agents behave in the model. Here we deﬁned three types of agents in
our model. They are nodes, links, and observers. Each type of agent has its own set of
attributes and rules.

3.2.1. Nodes
In a social network, a node can be a user or a location such as a twitter user or a city. In order
to simulate information diﬀusion over a network, a node agent is deﬁned as the following:
Node = (ID, Coordinate, Degree, Links, Type, Status, Color).
ID is a unique identiﬁcation index which is used to identify a node: one ID per node.
Coordinate is a position that shows where a node is: deﬁned by a pair of (x,y)
coordinates.
Degree of a node is the number of links connected to the node.
Links is a set of objects that include all the links connecting the nodes. Each link
has a source node and a target node.
Type of a node identiﬁes the type of the node. Speciﬁcally, 0: Normal node; 1: Seed
node; 2: Opinion leader node.
Status of a node records whether a node is active or not. Speciﬁcally, 0 means the
node is inactive and 1 means active.
Color of a node displays the type (among diﬀerent types of nodes) of the node for
visualization purposes.
A node can be initialized with its attribute values randomly assigned to avoid
a simulation falling into any speciﬁc prescribed process. Alternatively, a node can also
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be initialized based on its role in an imported network (e.g., real-world Tweet data) of
nodes and links. Upon initiation, all nodes are set to be normal nodes and inactive.
A node may be a seed node, an opinion-leader node, or a normal node, depending on
the attributes it is assigned to have. The numbers of diﬀerent types of nodes in the
simulation are based on user-deﬁned values of model parameters and the user-selected
algorithm for generating a network.
In our implementation, the number of each type of nodes, deﬁned by a model
parameter, can be the actual number of nodes or as a proportion (percentage) of the
total number of nodes in the network. Depending on the selected algorithm and the
parametric values, Seed Nodes can be randomly selected or manually selected. Opinionleader Nodes are designated based on calculating the number of links they are
connected to. Once designated, both seed nodes and opinion-leader nodes are ﬁrst
set to their corresponding Types that are visualized with their corresponding Colors. To
simulate the process of information diﬀusion on a social network over time, each node
has a chance to be activated at any moment (time step) based on the value of its
parameter, Threshold, its active neighborhood, and the status of nodes that it is
connected to.

3.2.2. Links
A link connects two nodes. It is associated with a probability that determines the
likelihood a meme may be passed on from one of its end nodes to the other end
node. In social media networks, a link can be connecting nodes that are ‘friends’ or that
are a message disseminator and its follower. Here we deﬁne a link agent as follows:
Link = (ID, Source-node, Target node, Visible, Direction, Probability)
ID is the identiﬁcation of a link.
Source-node is the ﬁrst node of a link. If the link is directional, then the source node
of the link is the node where the link starts.
Target-node is the second node of a link. If the link is directional, then the target
node is the node where the link ends.
Visible is an attribute of a link for visualization. 0 means the link is not visible when
user visualizes the network.
Direction is a Boolean variable. If it is TURE that means two-way passage is allowed
via this link. Otherwise, False means only one-way passage is allowed.
Probability is the probability of a link allowing the passage of a meme through the link.
3.2.3. Observers
In addition to node agents, link agents, our model also considers Observers as a type of
agent. Each observer is an agent that monitors the simulated process and outputs the
results under speciﬁed values of model parameters. During the process of simulation, an
observer counts the number of iterations of simulation processes as the simulation
proceeds. An observer is also instituted for assessing and remembering the percentage
of nodes in the network that have adopted a meme. Finally, an observer is added in the
model for reporting in tabular or graphic forms the results maintained by the other
observers.
The following is the structure of an observer agent.
Observer = (ID, Enable, Function, Format)
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ID is the index to access a unique observer.
Enable is used to signify whether the observer is enabled.
Function is a ﬂag for marking the function of the observer.
I: an observer that counts and remembers the number of iterations in the ongoing
simulation.
P: an observer that assesses and remembers the percentage of nodes who have
adopted a meme or, the active nodes.
R: an observer that reports the observed I and P in REPORT form.
Format is the report category for an observer. T: text ﬁle, G: Graph.
Each observer is initialized by setting Enable = TRUE. Terminating an observer’s
activity is done by setting its Enable = FALSE. Upon setting an observer to have
Function = I, it maintains the number of iterations carried out in the ongoing simulation.
If an observer is Function = P, it assesses the percentage of all nodes adopting a meme at
each iteration. When set to Function = R, the observer reports the values of I and P in the
form of T (text ﬁle) or G (Graph).

3.2.4. Community
Community, as a concept, is introduced in our model to emulate the real-world
condition that social media outlets are used by users who read and sent messages in
the languages that they are the most familiar with or use the most frequently.
A community may be explained as a sub-structure of a network in which nodes
and links in a community form a subnetwork. Consequently, a network may be made
up of a number of subnetworks and some links may be included in multiple
communities.
Examples for communities may be tweeter users who speak or read/tweet
messages in a particular language. For example, Spanish-speaking tweeter users
or Chines-speaking tweeter users may form their own subnetworks in an overall
social network of tweets. It should be noted also that nodes within a community
are linked more tightly than the nodes between communities. Mechanically, there
would be opinion leader nodes in each community who play the critical role of
disseminating social media messages in their perspective communities. In each
community, there would also be some nodes, though not many, who are linked
to multiple communities because they read and sent messages in diﬀerent languages. These nodes function as bridges between communities. While they are not
large in numbers, they are key nodes that connect communities to a greater social
network.

3.3. Parameters and behavioral rules for information diﬀusion simulation
In our agent-based model, we deﬁned a group of parameters that are listed in Table 1
for simulating information diﬀusion. Some of them are designed for conducting experiments under diﬀerent settings of model parameters. The others are used in the algorithms for simulations running in background.
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Table 1. Simulation parameters.
Parameters
Ns
No
Probopinion
Probnormal
AdoptionN
Setnodes
Setseed
Setopinion
Setnormal
Setactive
Setinactive
Setlastactive

Description
The
The
The
The
The
The
The
The
The
The
The
The

number of seed nodes (count or percentage)
number of opinion leader nodes (count or percentage)
probability of propagating a meme of an opinion leader node
probability of propagating a meme of a normal node
number of the active nodes (count or percentage)
set of nodes
set of seed nodes
set of opinion leader nodes
set of normal nodes
set of active nodes
set of inactive nodes
set of nodes that was set to be active at latest time step

Type
User & System
User & System
User & System
User & System
System
System
System
System
System
System
System
System

Formally, the simulation algorithm is as below:
Initialization
(1) Set up Ns, No, Probopinion, Probnormal, StopN
Select Ns seed nodes and put them into Setseed,
Select No opinion leader nodes and put them into Setopinion,
Set Setnormal = Setnodes - Setseed - Setopinion.
Set Setactive = ∅, Setlastactive = ∅, put all nodes into Setinactive
Conduct community detection. Initialize observer agent.
(2) Node Classiﬁcation
Seed nodes, opinion leader nodes, bridge nodes.
(3) Community Detection
CommunityC, Number of communities
CommunityCN, number of nodes in each community
CommunityCOE, number of opinion leader nodes in each community
CommunityB, number of bridge nodes between communities, a
bridge node is a node that connects two or more communities.
Behavioral Rules for information diﬀusion:
(1) At the ﬁrst-time step, for each v ∈ Setseed:
Setactive = Setactive ∪ {v}
Setinactive = Setinactive – {v}
Setlastactive = Setlastactive∪ {v}.
(2) At any regular time step, for each node u ∈ Setlastactive, check all the inactive
nodes that node v connected to. Supposed the link is (u,v), generate a random
number r between 0 and 1.
if u ∈ Setopinion and Probopinion < r,
Setactive = Setactive ∪ {v}
Setinactive = Setinactive – {v}
Setlastactive = Setlastactive∪ {v}
if u ∈ Setnormal and Probnormal < r,
Setactive = Setactive ∪ {v}
Setinactive = Setinactive – {v}
Setlastactive = Setlastactive∪ {v}
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if v ∈ Setinactive and Probout < r,
Setactive = Setactive ∪ {v}
Setinactive = Setinactive – {v}
Setlastactive = Setlastactive∪ {v}
if v ∈ Setactive, AdoptionN += 1,
Setlastactive = Setlastactive – {U}
(3) Update observer agents:
Diﬀusion Process (Visualization process)
Propagate proportion (graph)
if AdoptionN= AdoptionN-1, stop the process of diﬀusion.
Otherwise execute the step (2) iteratively.
The level of inﬂuence of an event is related not only to the structure of a network
where information propagates, where and how many seed nodes and opinion leaders
there are in the network, but also the level of public attention to the event. For example,
a ﬁre in a small town can be seen as a local event because the ﬁre may aﬀect only local
communities. Most people who are concerned with it may only be those living in the
vicinity close to the ﬁre. While a wildﬁre in a national forest can draw nationwide
attention. Thus, such an event is at a higher level of public attention. We deﬁne and
use a public attention value to emulate the diﬀerent levels of public attention (or,
signiﬁcance) of any given event.
We assume that events have diﬀerent geographical inﬂuences at diﬀerent localities.
With that, we assume, for a particular event that has a local theme, the interests in that
event by people in diﬀerent locations would be diﬀerent, depending on how far the
locations are from the event. Furthermore, we assume such variation of interests at
diﬀerent locations can be expressed as inversely proportional to the distances that
locations have to the location of the event.
To simulate such eﬀects, we added in our simulation model a function that users can
specify diﬀerent spatial weights to the rate of spreading memes at diﬀerent locations (or
regions). Here we deﬁned a distance-decaying spatial trend that is with diﬀerent weights
assigned to regions that are of diﬀerent distances to the event being modeled. For
simulating meme diﬀusion at the city level, we also deﬁned a decaying ratio based on
the distance between two cities to represent diﬀerent levels of the decaying trend of the
interests in the event. By allowing both spatial weights to and ratios of decaying interests
of diﬀerent cities, we were able to model the diﬀerent patterns of the spatial diﬀusion of
memes related to events of local interests spread over social media networks.
Public attention value and spatial weight are two model parameters that we added to the
simulation model to emulate how real-world events are concerned by people at diﬀerent
locations. In the simulation model, nodes are deﬁned with Probopinion or Probnormal, depending on the functional roles of the nodes in the network. With the introduction of public
attention value, both Probopinion and Probnormal would be aﬀected. Nodes assigned with
higher levels of public attention values would have higher Probopinion and Probnormal than
those with lower levels of public attention value. Similarly, after the model is structured with
spatial weights assigned to diﬀerent locations, nodes further away from a concerned event

1558

L. DANG ET AL.

would have lower Probopinion or Probnormal than those closer to the event. Such changes in
Probopinion and Probnormal are determined by the ratio of distance decay as speciﬁed by users.

4. A simulator for information diﬀusion
To explore the spatial process of information diﬀusion on a social network over time, we
need to prepare a simulated network and analyze the characteristics of the network so
that we can observe how information diﬀusion functions in diﬀerent types of networks.
To do this, we designed a toolkit that includes four components: Network Generator,
Network Analysis, Community Detection, and Information Diﬀusion.

4.1. Network generator
Social network is the platform where information diﬀuses. Each type of networks has
a unique structure and corresponding characteristics. For example, nodes in a network
can be diﬀerent degrees; a network can be controlled to have diﬀerent average degrees
of all nodes or to have diﬀerent modularities or diﬀerent average shortest paths in the
network, and so on. This module generates diﬀerent network models to allow investigations of the diﬀerences among diﬀerent network structures. This module also allows
users to explore how diﬀerent structures of a network may aﬀect the extent and the
speed of spreading information. Additional network structures may be added to this
module if needs arise in the future because the module is highly customizable using
Python language.

4.2. Network analysis
In preparation for processing and analyzing real-world social media networks, this
module provides a group of analytic methods for exploring the structure of a network.
On one hand, it has some metrics to examine a network in its entirety, such as the
number of nodes, number of edges, average the degree, modularity and the diameter in
or of a network (Scott 2011). Using measures described in Newman (2008), the toolkit
we developed can also be used to assess nodes in networks for diﬀerent centrality
measures, including betweenness, closeness, and eigenvector. In addition, nodes can
also be evaluated for their degrees, out-degrees and in-degrees to identify their relative
importance in a network.

4.3 Information diﬀusion
This module is the core function in the toolkit that simulates how information is
disseminated through nodes (e.g., twitter users) in a social network among nodes over
time. It implements the agents, rules, information diﬀusion models, and algorithms for
selecting seed nodes or opinion leader nodes. It supports users to do the simulations
under diﬀerent conditions through deﬁning diﬀerent values for the set of model parameters. In the process of a simulation, the output agents would output the result in the
form of graphs or txt ﬁles. This helps us to ﬁnd out how the network structure, seed
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nodes, and the chosen model for the diﬀusion of information may aﬀect how the
dissemination of information proceeds in a social media network.

5. Simulations and results
To explore the impacts of diﬀerent network structures on information diﬀusion and
to analyze the inﬂuence of spatial distances on a network’s ability in propagating
messages on social network, we use our toolkit to simulate three types of networks:
small world networks, random networks, and preferential attachment networks. In
order to facilitate comparisons among these network types, we use the same number
of nodes and average degrees when generating the simulated networks. This is so
that the simulation analysis is carried out in the same scale and in the same network
environment.
Seed nodes are where meme diﬀusion starts. Selecting suitable seed nodes not only
better reﬂects how memes diﬀuse in real world but also aﬀects the speed and extent of
meme diﬀusion. In the simulation model, we oﬀer ﬁve diﬀerent algorithms to simulate
meme diﬀusion. With the exception of using randomly generated seed nodes, the other
four algorithms are based on the centrality of nodes in the network, including Degree,
Betweenness, Closeness, and Eigenvector. These algorithms ﬁrst order nodes by their
centrality values. Next, seed nodes are then selected in the order of high-to-low centrality
values. In sections 5.1 to 5.3 where we analyze how diﬀerent model parameters aﬀect
meme diﬀusion, we compare the results of using ﬁve algorithms for selecting seed nodes.

5.1. The relationship between inﬂuence size and the number of seed nodes
In the agent-based simulator, an automatic program is set up to display the relationship
between the levels of inﬂuence and the number of seed nodes. The result is shown in
Figure 3.

Figure 3. The relationships between levels of inﬂuence (number of activated nodes in the network)
and diﬀerent numbers of seed nodes on three types of networks with four centralities. (The total
number of nodes is N = 400; Propagation probabilities for opinion leader nodes and normal nodes
are pop = 0.3, pn = 0.2; the proportion of opinion leader nodes is 10%).
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Table 2. The characteristics of the three networks.
Network Model
Small World
Random
PrefAttached

#Nodes

# Edges

Average Degree

400
400
400

798
800
797

4
4
4

Figure 4. The distribution of degree of node for the three networks.

As can be seen in Figure 3, the level of inﬂuence increases gradually with the increase
of the number of seed nodes. To facilitate direct comparisons, three types of networks
were generated with the same number of nodes and links, and the same average degree
as shown in Table 2.
Figure 4 shows the distribution of diﬀerent degrees of nodes in these networks. It
is obvious that the distribution of the degrees of a preferential attachment network
was extremely uneven. In fact, the distribution of this type of network is consistent
with a power law distribution. That is the reason why on a preferential attachment
network, the diﬀusion scale increases rapidly when the number of seed nodes
increases in the early stages and the growth curve becomes very ﬂat in later stages.

Figure 5. The relationship between levels of inﬂuence and the proportion of opinion leader nodes
on three types of networks (The total number of nodes is N = 800; Propagation probabilities for
opinion leader nodes and normal nodes are pop = 0.3, pn = 0.2; the number of seed nodes is 15).
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5.2. The relationship between inﬂuence size and the proportion of opinion
leaders
Figure 5 demonstrates the relationship between levels of inﬂuence (i.e., inﬂuence size)
and the percentages of opinion leader nodes. Because opinion leader nodes have
a higher probability of propagating memes as compared to normal nodes, the level of
inﬂuence increases gradually with the increase of the percentage of opinion leader
nodes in the network. Note that there may exist a situation where the percentage of
opinion leaders were too high, causing the level of inﬂuence also increases abnormally.
In extreme cases, if every individual becomes an opinion leader, then the eﬀects of
opinion leader nodes would not exist. In real-world, we found that opinion leaders are
usually around 10% of total population.

5.3. Diﬀerent probability pairs for opinion leaders and normal users
Other important parameters that determine the eﬃciency of information diﬀusion are the
probabilities of opinion leaders and normal users. Figure 6 shows the relationships between
levels of inﬂuence and the numbers of seed nodes under diﬀerent propagating probabilities
for opinion leader nodes and normal nodes. It can be seen from the ﬁgures that, with the
same numbers of seed nodes, when the propagation probability increases, the level of
inﬂuence ascends accordingly. A higher propagation probability for both opinion leader
nodes and normal nodes makes a quicker diﬀusion to the maximum diﬀusion size, which
can be seen in the Random network in Figure 6.

5.4. Eﬀect of the levels of public attention on information diﬀusion
The Public Attention Values as we deﬁned are meant to reﬂect the intensity of the diﬀerent
levels of concerns by the general public. To a great extent, such varying attention does
inﬂuence how memes related to the event spread. For example, any news or other media
reports of the event may increase public’s attention to the event thereby speed up the
diﬀusion of related memes. It should be noted also that such public attention values may
change over time and may change with the intensity of reports by news or other media.
In the model, we allow a ﬁxed public attention value to be set for an event at each time
step or diﬀerent public attention values for diﬀerent time steps. Such function allows users to
ﬁnd the eﬀects of diﬀerent public attention values on the eﬃciency of information diﬀusion.
By introducing varying public attention values, we are able to simulate diﬀerent diﬀusion
processes of diﬀerent topics that have diﬀerent levels of local versus nationwide concerns.
To explore the eﬀect of public attention values of an event and also their spatial
eﬀects (to be discussed in the next section), we used city networks instead of individual
networks. Figure 7 shows the results that the higher an urgency value is, the more
quickly the information spreads. In addition, varying urgency values would change the
processes of meme propagation in diﬀerent ways.
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Figure 6. Information diﬀusion on three types of networks with four centralities under diﬀerent
probability pairs for opinion leader nodes and normal nodes (The total number of nodes is N = 2000;
Pop: Probability of opinion leaders disseminating messages to connected nodes; Pn: Probability of
normal nodes disseminating messages to connected nodes.).

5.5 Eﬀect of spatial weights on information diﬀusion
We structured the simulation model such that spatial weights can be ﬁxed (i.e., the same for all
locations) or decaying (i.e., inversely proportional by distance to the concerned event). Note
that, when using the decaying spatial weights, two parameters are needed for specifying the
decaying distances and decaying ratios. These two parameters determine the intensity of
meme diﬀusion at diﬀerent locations based on their distances to the concerned event.
Figures 8 and 9 show the diﬀerent diﬀusion processes of memes over major cities in the
US. They demonstrate the eﬀects of varying spatial weights during information propagation. In time, information started to diﬀuse from source city or cities that had already
adopted the message to other cities. The red nodes denote the cities that have received
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Figure 7. Eﬀects of the public attention values on information diﬀusion; blue lines in each chart
show the relationship between the number of inﬂuenced cities (y axis) and time steps of diﬀusion
process (x axis); red charts on the right show the accumulated percentage of inﬂuenced cities and
time steps (y axis).

Figure 8. Eﬀects of spatial weights on information diﬀusion (public attention value: 0.3; spatial
weight: ﬁxed).

the message. The red lines represent current diﬀusion process and the blue lines represent
diﬀusion edges in previous time-steps. Without the spatial eﬀect (Figure 8), it is easy to
notice that the diﬀusion links are easy to be formed between cities even if they are distant to
each other geographically. However, as the spatial eﬀect comes into play (Figure 9),
diﬀusion links are preferably formed among nearby cities, as it becomes more diﬃcult for
messages to propagate to distant cities, which is when the decaying distance increased.
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Figure 9. Eﬀects of spatial weights on information diﬀusion (Fixed public attention value = 0.3,
Spatial weight: decaying, decaying radius = 200 miles, Decaying ratio = 5%).
Table 3. Average diﬀusion distances by decaying rates and time steps.
Time step
Decaying radius/mile
100
100
200
200

Decaying ratio

1

2

3

4

5%
10%
10%
15%

1092
854
1092
854

771
845
760
790

757
462
897
637

764
764
492
507

To better emulate the eﬀects that diﬀerent spatial weights have on information diﬀusion,
we experimented with diﬀerent parametric values of decaying ratio at each time step. Table
3 shows the average diﬀusion distances at diﬀerent time steps by diﬀerent decaying rates.
As can be seen in Table 3, the information diﬀusion started with one seed node to
represent a single information source. The resulting information diﬀusion was slower
when the decaying ratio was set to be greater and the spatial extents of the information
diﬀusion were smaller, too. Please note that, after information diﬀusion continued over
some time steps and even with more nodes to further diﬀuse the information, the
extents of the diﬀusion were not greatly expanded.

6. Conclusions
In this article, we developed a toolkit for establishing ABMs for spatial diﬀusion of
memes. By using the toolkit, we investigated the factors that would impact the inﬂuence
of diﬀusion over social networks. The structure of a network is conﬁrmed to be the
factor aﬀecting the eﬃciency and inﬂuence size of a diﬀusion process. The same was
found for factors such as seed nodes and opinion leaders in the networks. The locations
of seed nodes and opinion leaders are critical to the inﬂuence size of meme diﬀusion. It
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is also important to notice that the propagation probabilities for normal nodes and
opinion leaders, respectively, would also aﬀect the diﬀusion process.
Based on classic diﬀusion models such as linear threshold (LT) and independent cascade (IC)
model, we used ABM to investigate spatial meme diﬀusion by introducing two more factors,
urgency values and spatial weights. These factors allow us to explore spatial meme diﬀusion by
considering the eﬀects of event’s own hierarchy and spatial decaying. We believe such ABM is
more aligned with real spatial meme diﬀusion over real-world social networks, where the
hierarchy of an event and physical geography also play the roles in online social networks.
In our ABM, we use discrete time-steps to simulate the diﬀusion process as it is more
realistic for us to track the inﬂuence order during the diﬀusion process. In reality, diﬀusion
should be continuous in time, not discrete. However, in contiguous time, the diﬀusion process
can occur in more complex order and modeling such process becomes more diﬃcult. To this
end, one of our future works would be to integrate contiguous time into our ABM so we can
simulate the diﬀusion process in a way that approximates reality more closely than using the
discrete time steps.
Outcomes from simulated nature normally can be best assessed by comparing
them to what happened in reality to validate if the simulated processes are indeed
describing how the simulated phenomena progress. However, in our case, the focus
was on ﬁnding out the relationships between values of model parameters and the
eﬃciency, both in the context of spatial and temporal spread of memes, of the
diﬀusion processes over social networks. In this regard, we acknowledge that the
ABM developed and presented here cannot be validated but for the purpose of
understanding how diﬀerent model parameters aﬀect diﬀusion of memes, we
believe the ﬁndings help us better understand the roles of network structures
and the characteristics/functions of nodes in a network when disseminating memes.
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