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NATERGM: A Model for Examining the Role
of Nodal Attributes in Dynamic Social Media
Networks
Shan Jiang, and Hsinchun Chen, Fellow, IEEE
Abstract—Social media networks are dynamic. As such, the order in which network ties develop is an important aspect of the
network dynamics. This study proposes a novel dynamic network model, the Nodal Attribute-based Temporal Exponential
Random Graph Model (NATERGM) for dynamic network analysis. The proposed model focuses on how the nodal attributes of a
network affect the order in which the network ties develop. Temporal patterns in social media networks are modeled based on
the nodal attributes of individuals and the time information of network ties. Using social media data collected from a knowledge
sharing community, empirical tests were conducted to evaluate the performance of the NATERGM on identifying the temporal
patterns and predicting the characteristics of the future networks. Results showed that the NATERGM demonstrated an
enhanced pattern testing capability and an increased prediction accuracy of network characteristics compared to benchmark
models. The proposed NATERGM model helps explain the roles of nodal attributes in the formation process of dynamic
networks.
Index Terms—Social networking, graphs and networks, web mining, knowledge sharing
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1 INTRODUCTION

S

ocial media networks are emerging online networks where highly active individuals are prioritized over others
that virtually connect individuals. These networks con- when developing relationships, while the pattern B illussist of nodes that represent individual social media users trates the opposite tendency. If the order in which the netand ties that represent various relationships between the work ties develop is ignored, we are unable to differentiate
users. Examples of social media networks include online between these two patterns and understand how highly
friendship networks [1], [2], following-follower networks active individuals participate in the dynamic process of
[3], and content sharing networks [4], [5]. The relationships network formation.
between the online users are often public information,
1
1
which provides opportunities for using social network
Pattern A
analysis (SNA) to better understand how and why individuals establish social connections online [6]. As a result, a
2
growing number of studies have used SNA to examine so2
cial media networks [7], [4], [8], [5], [9].
1
Pattern B
Social media networks have two important characteristics. First, they are dynamic in nature. Network ties de1
1
velop in an order, but not simultaneously. As such, relationships between individuals may change over time. SecHighly active individuals
individuals
ond, social media users differ in various attributes, such as
gender, functional role in online communities, and reputation. As a result, social media networks are multimode net- Fig. 1. Different Processes Leading to the Same Network Pattern
works [10], [11] and different node types exist in the network. A consequence of these two characteristics is that the
Differentiating between various temporal patterns is
seemingly same network patterns can result from different thus critical to understand the formation mechanisms of
network formation processes, depending on the order in social media networks. However, current social network
which the network ties develop. For example, Fig. 1 illus- research usually adopts a static view of networks based on
trates two processes in forming a two-star pattern. Here, the assumption that all network ties have developed conwe assume that the black nodes represent highly active in- currently upon observation. This assumption, while condividuals (e.g., individuals who frequently come online tributing to simplicity and being useful for identifying
and leave messages) in online communities and the num- static patterns of networks, leads to reduced representabers next to network ties indicate the order in which the tion of real social media networks. As a result, the ability
relationships develop. The Pattern A illustrates a process of social network analysis to identify network patterns
may be negatively affected. The problem can further re————————————————
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duce the practical value of social network analysis to understand various network phenomena in social media contexts.
In this study, we propose a novel dynamic network
model, the Nodal Attribute-based Temporal Exponential
Random Graph Model (NATERGM), for dynamic network
analysis. NATERGM is an extension of TERGM [12] and
focuses on how nodal attributes of networks affect the order in which network ties develop. The proposed model
extracts nodal attributes of individuals and time information of network ties from social media networks, based
on which various temporal patterns are modeled and their
likelihoods of occurrence are estimated. Extending prior
work [13], with empirical data we demonstrate that NATERGM provides an enhanced pattern testing capability
compared to TERGM. Moreover, NATERGM is able to predict the characteristics of social media networks in future
and we show that our approach outperforms TERGMbased prediction models. The major objective of this study
is to provide a framework to explore, analyze, and explain
the formation mechanisms of social media networks.
The remainder of the paper is organized as follows.
Section 2 reviews relevant social network literature to provide the background for this research and address the need
for analyzing temporal patterns in social media networks.
Relevant dynamic network models are also briefly introduced and research gaps are summarized. Section 3 presents our NATERGM model. Empirical tests that demonstrate the pattern testing and network prediction performance of the model are outlined in Section 4. Results are
shown and implications are discussed in Section 5. Finally,
we conclude the paper in Section 6.

2 RELATED WORK
In this section we first review recent studies examining social media networks. Then, we review emerging network
models for dynamic network analysis.

2.1 Social Media Networks
Based on a theoretical conceptualization of network ties
[14], four types of social media network ties have been
summarized in prior research [6]. Proximity ties represent
that two individuals belong to the same sub-communities
(e.g., Facebook Group) or locational areas. Social relation
ties represent social connections between individuals, such
as virtual friendships and subscription relationships in micro-blogging sites [15], [16]. Interaction ties represent interactive behaviors between individuals, such as information
exchanges via message replies [17]. Flow ties represent the
movement of goods or information between network
nodes, such as retweets.
Some researchers have argued that these types of ties
are not necessarily decoupled, bur represent a continuum
[18]. For example, proximity may further lead to social relations; interactions and flows of knowledge may occur at
the same time.
Social media networks have been studied for different

purposes. In general, the research objectives of these studies can be classified into three categories. The first stream
of research focuses on explaining network mechanisms.
This type of research aims at understanding in what conditions individuals are more likely to establish social connections online. For example, demographic homophily
was found to exist in online friendship networks [19]. Students of the same gender, major, and residence area were
more likely to establish social connections in Facebook
friendship networks. Prior research has also found that direct reciprocity, indirect reciprocity, and preferential attachment occur very frequently in online web forums [20].
The second stream of research examines how the structure
of a social media network affects the outcomes of individuals in the network. This type of research is referred to as
structural capital studies [21]. For example, an examination
of friendship networks in an online micro-lending platform led to discoveries that the chances of successful funding were significantly affected by the number of friendship
ties and by the types of friendship [2]. Research has found
that individuals in a connected network are able to predict
outcomes of a given problem more accurately, compared
to the cases when they are isolated [22]. Another popular
research area is to partition the network into sub-graphs
and detect sub-communities. These studies usually aim at
identifying key groups or players in the network and understanding the characteristics of these sub-communities.
For example, based on centrality and coreness measures,
core groups and key members in the core group who were
most active were identified in a clinical discussion forum
[17]. Another study identified Twitter user clusters from
following-follower networks in Twitter.com, and examined the influence of intra-group ties, inter-group ties, and
intermediary ties on retweeting behaviors [3].
Previous studies focusing on community detection
mainly use clustering or modularity optimization algorithms [23]. In structural capital studies, regression analysis has been frequently used to examine the relationships
between network structures and individual outcomes. Dependent variables are the outcomes of network nodes, such
as funding success [2] and online users’ activity levels [16].
Independent variables can be various network metrics of
the nodes, such as degree centrality, betweenness centrality [24], and structural holes [25]. To explain the mechanisms of network formation, network models can be used,
such as the Latent Space Model [26], p1 models [27], and
the Exponential Random Graph Model [28]. In social media network research, ERGM has received increased attention recently [20], [19], [29]. ERGMs are statistical models
that test whether observed networks show theoretically
hypothesized structural tendencies [30], [28]. These structural tendencies, or configurations, are subsets of nodes
and ties in the network, reflecting certain types of network
sub-structures. Examples of typical configurations can be
“triangle” and “k-star” [31], [32]. In addition, nodal attributes can be incorporated in a configuration. Equation (1)
specifies the expression of ERGM, where 𝑌𝑌 is a matrix of
random variables representing network ties and 𝑦𝑦 is its realization; 𝜂𝜂𝐴𝐴 is a parameter corresponding to configuration
A, positively related to the likelihood of configuration A to
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occur; 𝑔𝑔𝐴𝐴 (𝑦𝑦) is network statistics corresponding to A; 𝜅𝜅 is a
normalizing constant ensuring that Pr(𝑌𝑌) is a probabilistic
distribution.
1
Pr(𝑌𝑌 = 𝑦𝑦) = � � exp �� 𝜂𝜂𝐴𝐴 𝑔𝑔𝐴𝐴 (𝑦𝑦)�
(1)
𝜅𝜅
𝐴𝐴

Given an observed network, the primary task of ERGM
is to examine which configurations appeared statistically
more than by chance. If a parameter 𝜂𝜂𝐴𝐴 is estimated to be
significant, it will suggest that the corresponding configuration has better chances to occur in the network, which
further suggests that the corresponding effect plays an important role in the formation process of the network.
Although various analytical methods have been used to
study social media networks, studies that address the dynamics of social media networks are still scarce. Only a few
studies have taken into account the time information relating to when network ties are developed. For instance,
Shriver et al. [16] considered the number of friendship ties
at previous time points in their time series regressions. Another study analyzed the order in which retweeting links
were activated in micro-blogging sites, and found that the
extent to which an individual could reach other parts of the
network positively affected the popularity of the content
posted by that individual [33]. Overall, the dynamics of social media networks have been addressed in few prior
studies. Nevertheless, dynamic network analysis is an
emerging area of network research, and relevant studies
have been conducted in biology, neural science, healthcare,
and social science domains. We review existing dynamic
network analysis approaches next.

2.2 Dynamic Network Analysis
Generally, two different approaches can be used for dynamic network analysis. Cross-sectional approaches analyze network data where time information is embedded
within the network. Longitudinal approaches observe networks at multiple time points and track the evolution of
networks based on comparisons [10]. Previous research
has proposed various dynamic network models, including
both types of approaches, for studying the dynamic process of network formation, evolution, and dissolution. We
review selected dynamic network models next.
Temporal Exponential Random Graph Model (TERGM)
is an extension of the ERGM for dynamic networks [34],
[12], [35]. A simple TERGM model under the first-order
Markov dependency can be written as:

=�

Pr(𝑌𝑌 𝑡𝑡 = 𝑦𝑦 𝑡𝑡 |𝑌𝑌 𝑡𝑡−1 = 𝑦𝑦 𝑡𝑡−1 )

1
� exp �� 𝜂𝜂𝐴𝐴 𝑔𝑔𝐴𝐴 (𝑦𝑦 𝑡𝑡 , 𝑦𝑦 𝑡𝑡−1 )�
𝜅𝜅(𝑦𝑦 𝑡𝑡−1 )
𝐴𝐴

(2)

Note that the major difference between (1) and (2) is the
specification of network statistics for each temporal pattern A, which is now determined by network realizations
in multiple observational time points (observed at t and t1 in this case). Given multiple observations, TERGM can be
used to test whether a certain temporal pattern is more
likely to occur than by chance. For example, as illustrated
in Fig. 2, three different temporal patterns can be derived

3

from a transitivity pattern, depending on the order in
which the three ties develop. Compared to the conventional ERGM where only a tendency for transitivity can be
tested, TERGM differentiates between three different dynamic patterns of network ties formation which all finally
lead to the same transitivity structure in (a). TERGM can
further test the likelihood of each temporal pattern to occur.
(a) ERGM: Static Networks

(b) TERGM: Dynamic Networks
(1)Temporal-transitivity
B

A
Transitivity
B

A

C

(1)Temporal-transitivity
B
C

Ties activated at t-1
Ties activated at t

A

C

(1)Temporal-transitivity
B

A

C

Fig. 2. Three Different Temporal Patterns Derived From Transitivity

In addition to the transitivity in this example, TERGM
can also include network configurations of many other
types such as temporal stability and temporal reciprocity
[12], [36]. TERGM can also be applied to cross-sectional
data if time duration information for network ties is provided. However, none of the TERGM research has considered how nodal attributes can affect the order in which network ties develop.
Separable Temporal Exponential Random Graph Model
(STERGM) separates TERGM into a formation model and
a dissolution model, thereby modeling not only the temporal patterns of network formation, but also the temporal
patterns of network dissolution [37], [38], [36]. STERGM
addresses the concern that some existing network ties
might disappear over time, such as a broken friendship, for
example. STERGM identifies new connections and dissolved ties by comparing networks at multiple time points.
A variant of STERGM for cross-sectional data is also proposed for the case when longitudinal data is unavailable
[38].
Hidden Temporal Exponential Random Graph Model
(HTERGM) is a model that combines TERGM with hidden
Markov models [34]. It assumes that (1) network structure
at time t, Yt, is dependent on the structure of the network
in the previous time point Yt-1, and (2) nodal attributes of
the network, xt, are dependent on the network structure Yt.
It further assumes that only nodal attributes are observable, while network structures are hidden states. The major
aim of HTERGM is to estimate the transition probabilities
P(Yt|Yt-1) and emission matrices Λ = P(xt|Yt) so that hidden network structures can be inferred given time series of
nodal attributes x1, x2, …, xt. However, HTERGM does not
explain how nodal attributes affect the formation process
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of networks.
Temporally Randomized Reference Models (TRRM) investigates the dynamic characteristics of networks by comparing observed networks with an ensemble of temporally
randomized networks [39], [40], [41]. Temporal randomization generates new networks by rewiring ties in the original networks or changing time information associated
with the ties. Typical randomization methods include randomized edges, randomly permutated times, random
times, edge randomization, and time reversal [40]. Fig. 3
shows examples of randomized edges and randomly permutated times. By comparing original networks with temporally randomized networks, key dynamic characteristics
of original networks can be understood. For example,
Holme [39] compared e-mail networks with their temporally randomized samples and found that in general the
average time it took to pass information between network
nodes is longer in the original email networks.
1

2
3

1

4

3

2

(a)

4

4

1

3

2

(b)

(c)

Fig. 3. Network Temporal Randomization with (a) an original network
with numbers indicating the order of tie activation; (b) a randomized network by iteratively rewiring network ties among four selected nodes; and
(c) another randomized network by permuting the time associated with
ties.

Latent space models [26] assume that each node in a network is associated with a latent position in a low dimensional space. The probabilities of tie occurrences are determined by the distances between nodes in the latent space.
The latent space model estimates the parameters associated with latent positions based on the observed networks.
The estimated model can be used to visualize a spatial representation of network relationships [26], [42]. Dynamic
Latent Space Model (DLSM) is an extension of the latent
space model and allows the latent positions to change over
time [43], [44].

mechanisms studies focused on identifying static network
patterns, but did not explain how these patterns developed
dynamically. Second, emerging network research has
given rise to various approaches for examining temporal
networks and has suggested that the order of network ties
is an important aspect of network dynamics [12], [40], [33].
Recent TERGM models examine different dynamic patterns of network tie formation in dyadic and triadic relationships when all the nodes are considered to be of the
same type. STERGM additionally examines the order in
which network ties dissolve. However, none of the existing
models explain even more complex patterns created by the
interactions of network tie order and nodal attributes. We
need a model to carefully examine such interactions in order to understand how nodal attributes affect the order in
which network ties develop. In addition, network prediction has been an under-studied research area [45]. Although prior research has helped identify dynamic network
patterns, little has been done to predict future networks
based on the identified patterns.

3 NODAL ATTRIBUTE-BASED TEMPORAL
EXPONENTIAL RANDOM GRAPH MODEL
The proposed NATERGM focuses on how nodal attributes
of networks affect the order in which network ties develop.
Because the order of network ties needs to be tracked accurately, NATERGM examines cross-sectional network
data with time information for network ties. Figure 4 presents the framework of NATERGM. The major components include network extraction, temporal pattern analysis, and network prediction. In the network extraction step,
social connections are identified between individuals in social media, along with the timestamps of these relationships and nodal attributes of the individuals. Temporal
patterns of the networks are modeled, and the likelihood
of each pattern is estimated in the temporal pattern analysis step. Based on the estimated model, new networks are
simulated and compared to the original network to evaluate how effectively the model can predict future networks.
We explain each component in the following subsections.

2.3 Research Gaps
Based on the prior literature, several research gaps can be
identified. First, social media networks are dynamic in nature. However, little research has explained the mechanisms of network formation with a dynamic perspective.
Dynamic network analysis has been frequently used to detect communities from networks [10], [11], but not to explain the mechanisms of network formation. Most network
Network Extraction

Social
Media

Network Tie
Identification

Timestamp
Modeling

Nodal Attributes
Evaluation

Network Extraction

Network Extraction

Temporal Pattern
Modeling

Network Generation

NATERGM Model Fitting

Network Comparison

Fig. 4. NATERGM Framework
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3.1 Network Extraction
First, network ties are extracted from social media based
on relationships between online users. Among the various
types of social media network ties summarized by Kane et
al. [6], the interaction/flow and social relation ties are the
ones that are the most dynamically established (i.e., these
ties are often associated with timestamps). Different types
of network ties can be identified depending on specific social media contexts. For example, directed interaction/flow ties can be established if an individual sends
greetings to another individual; undirected social relation
ties can be established if two individuals become friends
by using friending functions provided in social media platforms. After identifying network ties between all possible
pairs of individuals, a network with N nodes is represented by a matrix Y=[Yij], (i, j =1, 2,…N). For undirected
networks, Yij=1 if a tie exists between nodes (i.e., individuals) i and j, and Yij=0 otherwise. For directed networks,
Yij=1 if a tie starts from i and ends at j, and Yij=0 otherwise.
For timestamp modeling, we use Tij to represent the
time when each network tie (i, j) is established. A matrix
T=[Tij], (i, j =1,2,…N) records the timestamps for all network ties and can be used to model the order of network
ties. For example, if T12<T21, it would represent a process
where node 1 sent out a tie to node 2 first, and then received a tie from the node 2 in return.
Nodal attributes of individuals can be evaluated using
different approaches. Prior studies have characterized individual social media users based on three types of features. Platform-based features refer to individual attributes that are directly provided by social media platforms.
For example, registered users are often associated with
usernames while an unregistered user is represented by a
"visitor" tag or an IP address in the name space. Some social media platforms also assign functional roles to users
such as members or administrators. This type of information can be directly used as nodal attributes of individuals. Textual features refer to attributes that are inferred by
texts posted by the individuals. Social media users typically leave many textual traces, such as private messages
and message postings. Various characteristics of social media users can be evaluated based on these texts, such as
general opinions, writing proficiency, and topics of interests. Social network features refer to individual attributes
that are inferred by their connections or positions in the
network. Social relations between individuals in part reflect their personality, status, and roles. For example, an individual who is linked with many others is expected to
have a high level of popularity compared to others who
have fewer connections. Such information can thus be used
as nodal attributes of individuals. After evaluating the
nodal attributes of individuals, they are represented by a
vector X=(x1, x2, ..., xN).
3.2 Temporal Pattern Analysis
To model temporal patterns, the nodal attributes and
timestamps of network ties are used to represent various
temporal patterns regarding the dynamics of network formation. By taking into account the order in which network

5

ties develop, common static network patterns such as reciprocity, k-star, transitivity, and cyclicity can have different
temporal variations. Tables 1 to 5 list examples of temporal
patterns for directed networks. White nodes represent individuals in general and black nodes represent individuals
with key nodal attributes (e.g., highly active individuals).
Dashed arrows represent network ties that developed after
solid ones.
TABLE 1.
NATERGM Temporal Patterns for Directed Networks:
Reciprocity
Legend:

Nodes with
key attributes

General nodes

Illustration

Ties activated
at T1

Ties activated
at T2 (T1< T2)

Static
Pattern

Temporal
Pattern

Hypothesis

reciprocity

feedback

Nodes with some attribute have a high
tendency to receive feedback.

response

Nodes with some attribute have a high
tendency to respond to incoming ties.

TABLE 2.
NATERGM Temporal Patterns for Directed Networks:
Transitivity
Legend:
General nodes
Static
Pattern
transitivity

Nodes with
key attributes

Temporal
Pattern

Illustration

Ties activated
at T1

Ties activated
at T2 (T1< T2)

Hypothesis

bridge

Nodes with some attribute have a high
tendency to bridge new relationships between others.

co-supporting

If two nodes are supporting a common
node with some attribute, they have a
high tendency to build a new relationship.

co-supported

If two nodes are supported by a common
node with some attribute, they have a
high tendency to build a new relationship.

remarked-supporter

A node with some attribute has a high
tendency to receive attention from another node, if both co-support a common
node.

remarked-supported

A node with some attribute has a high
tendency to receive attention from another node, if they are supported by a
common node.

remarkingsupporter

A node with some attribute has a high
tendency to pay attention to another
node, if they co-support a common node.

remarkingsupported

A node with some attribute has a high
tendency to pay attention to another
node, if they are supported by a common
node.

follow-up

A node with some attribute has a high
tendency to pay attention to another
node, if a third node bridges their relationship.

reference

A node with some attribute has a high
tendency to receive attention from another node, if a third node bridges their
relationship.

As can be seen from the table, the temporal patterns
modeled by NATERGM provide an extended hypotheses
testing capability about network formation compared to
static patterns. In particular, these temporal patterns can
be used to examine the roles of nodal attributes in determining the order of network ties. For example, assuming
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TABLE 3.
NATERGM Temporal Patterns for Directed Networks:
K-out-star
Legend:

Nodes with
key attributes

General nodes
Static
Pat-

Temporal
Pattern

k-outstar

Illustration

Ties activated
at T1

Ties activated
at T2 (T1< T2)

Hypothesis

prioritization

Nodes with some attribute have a
high tendency to be prioritized when
forming relationships.

de-prioritization

Nodes with some attribute have a
high tendency to be de-prioritized
when forming relationships.

TABLE 4.
NATERGM Temporal Patterns for Directed Networks:
K-in-star
Legend:

Nodes with
key attributes

General nodes

Illustration

Ties activated
at T1

Ties activated
at T2 (T1< T2)

Static
Pat-

Temporal
Pattern

Hypothesis

k-in-star

initiative

Nodes with some attribute have a
high tendency to take the initiative
in multi-actor relationships.

laziness

Nodes with some attribute have a
high tendency to hold off in multiactor relationships.

TABLE 5.
NATERGM Temporal Patterns for Directed Networks:
Cyclicity
Nodes with
key attributes

General nodes

cyclicity

𝑎𝑎𝑎𝑎𝑎𝑎

In (3), A is a set of temporal patterns to be tested, 𝜼𝜼 =
[𝜂𝜂 a] is a vector of parameters representing the strength of
each temporal pattern’s effect in network formation, and 𝜅𝜅
is a scaling parameter to ensure (3) is a probability distribution. 𝑔𝑔𝑎𝑎 (•) is the network statistic of temporal pattern a,
evaluated with network 𝑦𝑦, timestamp matrix 𝑇𝑇, and vector
of nodal attributes X. Table 6 provides definition of 𝑔𝑔𝑎𝑎 (•)
for each temporal pattern listed in Tables 2 to 5, with the
assumption that nodal attributes are binary or categorical.
I() is an indication function that takes the value 1 if and
only if the expression inside results in TRUE values. For
categorical attributes, I(Xj) takes the value 1 if node i belongs to the desired category in X. For cases when nodal
attributes are continuous variables, I(Xi) is replaced by the
value of Xi.
TABLE 6.
Specification of NATERGM Terms
(Directed Network, Binary or Categorical Attributes)
NATERGM Term

Temporal
Pattern

Illustration

Ties activated
at T1

Ties activated
at T2 (T1< T2)

Hypothesis

reversedrefenrence
reversed-follow-up

A node with some attribute has a
high tendency to pay attention to another node, if a third node bridges
their relationship reversely.

reversedbridge

response
2-out-star
prioritization

A node with some attribute has a
high tendency to receive attention
from another node, if a third node

Nodes with some attribute have a
high tendency to reversely bridge
new relationships between others.

deprioritization
2-in-star
initiative
laziness
transitivity
bridge
cosupporting

that we are interested in the role of highly active individuals in developing message flows in social media, the static
reciprocity pattern would only model a tendency for two
individuals (at least one of them being highly active) to exchange messages. In comparison, if we observed many
”feedback” patterns in the network, it would suggest a tendency for highly active individuals to receive returning
messages after they sent out messages first; if we observed
many "response" patterns, it would suggest a tendency for
highly active individuals to respond to others' incoming
messages. Although both "feedback" and "response" patterns finally lead to the same "reciprocity" pattern, they
model two distinct dynamic processes. In a similar way,
NATERGM extends other static patterns (i.e., k-star, transitivity, and cyclicity) to their temporal variations by considering the possible order of network ties, which provides
richer insight about the dynamic process of network formation.
Given the list of temporal patterns in Tables 1 to 5, the

Network Statistic

reciprocity
feedback

Legend:
Static
Pat-

major objective of NATERGM is to test which of these temporal patterns are more likely to be observed than to occur
by chance in a network. The NATERGM model can be
written as:
1
(3)
Pr(𝑌𝑌 = 𝑦𝑦|𝜼𝜼) = � � exp �� 𝜂𝜂𝑎𝑎 𝑔𝑔𝑎𝑎 (𝑦𝑦, 𝑻𝑻, 𝑿𝑿)�
𝜅𝜅

cosupported
remarked-supporter
remarked-supported
remarking-supporter
remarking-supported
follow-up
reference
cyclicity
reversed_reference
reversed_followup
reversed_bridge

𝑔𝑔𝐹𝐹 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗

𝑔𝑔𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 < 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 > 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑔𝑔𝑃𝑃 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐷𝐷 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑘𝑘𝑘𝑘 ∙ 𝑦𝑦𝑘𝑘𝑘𝑘 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑘𝑘𝑘𝑘 < 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐼𝐼 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐿𝐿 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 < 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐵𝐵 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 > 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐶𝐶𝐶𝐶 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑘𝑘𝑘𝑘 ∙ 𝑦𝑦𝑘𝑘𝑘𝑘 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑘𝑘𝑘𝑘 > 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑗𝑗𝑗𝑗 , 𝑇𝑇𝑖𝑖𝑖𝑖 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐶𝐶𝐶𝐶𝐶𝐶 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑗𝑗𝑗𝑗 , 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝑅𝑅𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑖𝑖𝑖𝑖 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝑅𝑅𝑀𝑀𝑀𝑀𝑀𝑀 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑘𝑘𝑘𝑘 , 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝐹𝐹𝐹𝐹 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝑅𝑅𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑗𝑗𝑗𝑗 , 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑔𝑔𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �
𝑔𝑔𝑅𝑅𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 > 𝑇𝑇𝑘𝑘𝑘𝑘 , 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 > 𝑇𝑇𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑘𝑘𝑘𝑘 )

𝑖𝑖≠𝑗𝑗≠𝑘𝑘

𝑔𝑔𝑅𝑅𝑅𝑅 (𝑦𝑦, 𝑇𝑇, 𝑋𝑋) = �

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 > 𝑇𝑇𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑘𝑘𝑘𝑘 > 𝑇𝑇𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑖𝑖𝑖𝑖 > 𝑇𝑇𝑘𝑘𝑘𝑘 , 𝑇𝑇𝑗𝑗𝑗𝑗 )

𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑖𝑖𝑖𝑖 ∙ 𝑦𝑦𝑗𝑗𝑗𝑗 ∙ 𝐼𝐼(𝑋𝑋𝑖𝑖 ) ∙ 𝐼𝐼(𝑇𝑇𝑗𝑗𝑗𝑗 > 𝑇𝑇𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑘𝑘𝑘𝑘 )

The likelihood of occurrence for each temporal pattern
can be assessed by estimating the parameters 𝜼𝜼. If a parameter is positive and significant, it indicates that the corresponding temporal pattern appears more frequently than
by chance in the network. For parameter estimation, the
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Markov Chain Monte Carlo (MCMC) method is used, following prior ERGM literature [46]. The procedure is modified to adapt to temporal settings. The overall procedure
is illustrated in Figure 5.
(1) Algorithm 1: Random
Network Generation
actual network
{η}

(2) Algorithm 2:
Parameter Updating

Fig. 5. NATERGM Parameter Estimation Procedure

In general, the model fitting procedure iteratively generates random networks based on the given set of parameters and updates the parameters based on the difference
between the generated networks and the observed network. For a given set of parameters 𝜼𝜼 = [𝜂𝜂𝑎𝑎 ], Algorithm 1
is used to generate random networks on a given set of
nodes.
Algorithm 1. NATERGM Random Network Generation
Initialize network as 𝑌𝑌 = 𝑌𝑌 (𝑡𝑡=0)
repeat until maximum rounds of iterations are made
for each element 𝑌𝑌𝑖𝑖𝑖𝑖 in 𝑌𝑌 (𝑡𝑡) :
change the value of 𝑌𝑌𝑖𝑖𝑖𝑖 based on the
conditional distribution defined by
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙{Pr(𝑌𝑌𝑖𝑖𝑖𝑖 = 1|𝑌𝑌𝑘𝑘𝑘𝑘 = 𝑦𝑦𝑘𝑘𝑘𝑘 𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 (𝑘𝑘, 𝑙𝑙) ≠ (𝑖𝑖, 𝑗𝑗))}
= 𝜼𝜼𝑇𝑇 �𝒈𝒈�𝑦𝑦 (𝑖𝑖𝑖𝑖1) , 𝑇𝑇𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 , 𝑋𝑋� − 𝒈𝒈�𝑦𝑦 (𝑖𝑖𝑖𝑖0) , 𝑇𝑇𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 , 𝑋𝑋��
end for
t←t+1
return Y(t)
𝑦𝑦 (𝑖𝑖𝑖𝑖1) and 𝑦𝑦 (𝑖𝑖𝑖𝑖0) are matrices that only differ in element
𝑌𝑌𝑖𝑖𝑖𝑖 , taking 1 or 0 respectively, 𝒈𝒈 = {𝑔𝑔𝑎𝑎1 , 𝑔𝑔𝑎𝑎1 , 𝑔𝑔𝑎𝑎1 , … 𝑔𝑔𝑎𝑎𝑎𝑎 , }
and definitions for 𝒈𝒈(•) can be found in Table 6. TGibbs is a
timestamp matrix where Tij>Tkl for all (k,l)≠ (i,j). It assumes that the stochastic process Y(t) develops over time.
Based on the logit value calculated (say, q), the probability
that a network tie changes its value to 1 can be calculated
as p=exp(q)/(1+exp(q)), based on which we use Monte
Carlo method to draw a new value for 𝑌𝑌𝑖𝑖𝑖𝑖 .
Given the random network generation procedure, Algorithm 2 is used to estimate parameter values. It calculates the differences for a set of network statistics between
generated networks and the actual network, and use the
differences to adjust the parameters used to generate the
networks.
Algorithm 2. NATERGM Parameter Updating
initialize 𝜼𝜼 = 𝜼𝜼(𝟎𝟎)
repeat from n=0:
generate K networks (y1, y2 …yK) independently
based on 𝜼𝜼(𝒏𝒏) and Algorithm 1
define
𝐾𝐾

1
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
� = � � �[𝑝𝑝𝑘𝑘 𝒈𝒈(1 − 𝑦𝑦𝑘𝑘 ) + �1 − 𝑝𝑝𝑘𝑘 �𝒈𝒈�𝑦𝑦𝑘𝑘 � − 𝒈𝒈𝟎𝟎 ]
𝒈𝒈
𝐾𝐾

and

𝑘𝑘=1

7

𝐾𝐾

1
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
𝑫𝑫𝟎𝟎 = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑{� � �[𝑝𝑝𝑘𝑘 𝒈𝒈𝑻𝑻 (1 − 𝑦𝑦𝑘𝑘 )𝒈𝒈(1 − 𝑦𝑦𝑘𝑘 )
𝐾𝐾
𝑘𝑘=1

(𝑛𝑛)

(𝑛𝑛)

(𝑛𝑛)

� 𝑻𝑻 𝒈𝒈
�]}
+ �1 − 𝑝𝑝𝑘𝑘 �𝒈𝒈𝑻𝑻 �𝑦𝑦𝑘𝑘 �𝒈𝒈�𝑦𝑦𝑘𝑘 � − 𝒈𝒈

calculate
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
𝒁𝒁(𝒏𝒏) = (𝑍𝑍 1 , 𝑍𝑍 2 , … , 𝑍𝑍𝐾𝐾 ),
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
(𝑛𝑛)
𝑍𝑍𝐾𝐾 = 𝑝𝑝𝑘𝑘 (𝑦𝑦)(1 − 𝑦𝑦𝑘𝑘 ) + �1 − 𝑝𝑝𝑘𝑘 (𝑦𝑦)�𝒈𝒈�𝑦𝑦𝑘𝑘 � − 𝒈𝒈𝟎𝟎 ]
where
exp(𝜼𝜼𝑻𝑻(𝒏𝒏) 𝒈𝒈(1 − 𝑦𝑦𝑘𝑘 ))
(𝑛𝑛)
𝑝𝑝𝑘𝑘 (𝑦𝑦) =
𝑻𝑻(𝒏𝒏)
exp(𝜼𝜼 𝒈𝒈(1 − 𝑦𝑦𝑘𝑘 ) + exp(𝜼𝜼𝑻𝑻(𝒏𝒏) 𝒈𝒈(𝑦𝑦𝑘𝑘 )

update 𝜼𝜼(𝒏𝒏+𝟏𝟏) using Robins-Monro Algorithm
𝜼𝜼(𝒏𝒏+𝟏𝟏) = 𝜼𝜼(𝒏𝒏+𝟏𝟏) − 𝑠𝑠𝑛𝑛 𝑫𝑫𝟎𝟎−𝟏𝟏 𝒁𝒁(𝒏𝒏) , n←n+1
until convergence criterion is met
sn is a sequence of positive numbers converging to 0. In
this study we used sn=2exp(n)/10 , as suggested in prior
research [46]. For convergence criterion, we also used the
t-ratio methods in [46].

3.3 Network Prediction
After estimating the parameters in NATERGM, the fitted
model can be used to predict the characteristics of future
networks with the following procedures.
Based on the actual network observed at time point t-1,
NATERGM parameters 𝜼𝜼𝒕𝒕−𝟏𝟏 are estimated. A number (=K)
of networks at time point t are then simulated based on the
parameters 𝜼𝜼𝒕𝒕−𝟏𝟏 using Algorithm 1. However, network at
the time point t-1 is used as the initial network, instead of
a randomly initialized network.
Each generated network at time point t does not necessarily look exactly like the actual network at time point t.
However, global network statistics averaged over K generated networks should resemble those of the actual network. An assumption made here is that global network
property does not change dramatically in a short term [55],
and thus a network model estimated at time t-1 should be
able to generate networks that are also similar to networks
in time t in terms of global network statistics. Moreover,
the parameters 𝜼𝜼𝒕𝒕−𝟏𝟏 used for network generation in the
proposed model are related to the tendency of corresponding temporal patterns, which should be reflected gradually
over time in networks. Therefore, we use the similarity between generated networks with the actual network in the
next time period to evaluate the prediction performance.
In order to evaluate how close the generated networks
are to the actual network in the next period, we calculate
the absolute difference (AD) for each network statistic a’Є
A’ at prediction period t:
1
𝑡𝑡
𝐴𝐴𝐴𝐴𝑎𝑎′
= |𝑔𝑔𝑎𝑎′ (𝑦𝑦0𝑡𝑡 ) − � � ∑𝐾𝐾𝑘𝑘=1 𝑔𝑔𝑎𝑎′ (𝑦𝑦𝑘𝑘𝑡𝑡 ) |
(4)
𝐾𝐾
𝑡𝑡
𝑡𝑡
where 𝑦𝑦0 is the observed network at t, and 𝑦𝑦𝑘𝑘 (k=1,2,…, K)
is the k-th generated network based on the fitted model at
t. Small difference would indicate that the estimated model
predicts the network well.

4 RESEARCH DESIGN
In order to evaluate the performance of NATERGM, we
conducted two empirical tests. The first test focused on the
pattern testing capability of NATERGM. The second test
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focused on how accurately our model can predict the characteristics of future networks. This section describes the research test-bed used for empirical study and outlines the
two experiments.

4.1 Research Test-bed
Social media data were collected from WikiAnswer.com,
which is a large online knowledge sharing community.
Community members can ask questions about any topics,
and answer others’ questions as well. Open questions go
through the hands of many contributors, some of whom
directly provide answers, while others edit the posted answers in terms of content, language, or format. Finally, the
questions and answers are organized into Q&A entries that
can be accessed by all community members including the
questioners. It is a good test-bed for testing NATERGM because its wiki-based “answer history” system allows us to
see how members in this community develop social connections when seeking help and answering questions. We
established a directed tie from member A to member B if
A answered a question from B. Therefore, network ties represent knowledge flows in this community and as a result,
knowledge diffusion networks were extracted from social
media. The test-bed also allows for identifying timestamps
associated with these network ties.
Since many questions require contributors to have relatively deep knowledge in a field to answer, members in
WikiAnswer.com form specialized sub-communities to
handle questions that belong to similar topics. In this
study, we focused on three sub-communities: diabetes,
online shopping, and real estate, based on the popularity
of these topics and the number of relevant Q&A entries in
the community. Furthermore, we observed that a great
number of members were inactive and only participated in
knowledge sharing activities very limitedly (e.g., only
made a change to capitalization once). Since we were interested in the most representative members in the community, we restricted analysis within members who asked
questions, provided the first answers, or made significant
content change (this type of contribution is separately classified in WikiAnswer.com) to answers more than once. The
data collection statistics are shown in Table 7. In the resulting networks from WikiAnswer.com, each user made connections with others (by providing or receiving answers)
1.8 times on average. The network density ranged from
0.06% to 0.2% for the three sub-community networks, suggesting that these networks are quite sparse. Overall, the
degree (number of connections) of individual users followed the power law distribution, with the highest degree
as 14.
TABLE 7.
Data Collection from WikiAnswer.com
Community

# of Q & A

Total # of

# of Members

Entries

Members

for Analysis

Time Span

Diabetes

27,349

70,164

2,499

2008-2013

Online Shopping

14,111

39,631

1,058

2008-2013

Real Estate

10,725

36,517

963

2008-2013

4.2 Pattern Testing
In order to show the enhanced pattern testing capability of
NATERGM, we compared it with TERGM and used both
models to explain network formation. TERGM was chosen
as the baseline model because it is also capable of modeling
the order in which network ties develop. However, it does
not explain what roles nodal attributes play in determining
the order of network ties.
NATERGM and TERGM used for pattern testing included different sets of model terms. Baseline model terms
included arc, reciprocity, 2-out-star, 2-in-star, transitivity,
and cyclicity. For all the significant terms in the baseline
model, they were further extended into corresponding
temporal patterns in Tables 1 to 5 and tested using NATERGM. For terms that were not significant in the baseline
model, their extensions need not be tested because the extended temporal patterns are subset of their corresponding
root patterns by additionally considering nodal attributes.
Therefore, if a root pattern does not frequently appear in
the network, its extension would not become significant either. We evaluated three types of nodal attributes for pattern testing with NATERGM.
For platform-based features, we identified registered
members and unregistered visitors (attr=reg). Although
WikiAnswer.com does not mandate a new user to register
for posting or answering questions, registered members
can accumulate “trust points” and obtain honor badges
based on their contributions over time. We expected that
registered members might have more commitment to the
community and more willingness to contribute than unregistered anonymous visitors, thereby showing different
behaviors from unregistered visitors when developing network ties. The attribute was measured as a binary variable,
where reg = 1 if the member was registered, and reg=0 otherwise.
For textual features, we evaluated writing proficiencies
(attr=pro) for community members. Writing proficiency
reflects an individual’s level of literacy, expertise, and educational background [47, 48]. We expected that members
with high levels of writing proficiency would contribute
significantly to the online knowledge sharing communities. Hence, we were interested in understanding what
roles these members would play in the formation process
of the dynamic knowledge diffusion networks. Prior linguistic studies have suggested that writing proficiency can
be assessed based on various factors [49], [50]. We employed text mining techniques to evaluate the following
five metrics of each member in WikiAnswer.com. First, the
average length of a member’s answers was evaluated because it reflects the depth of the member’s knowledge
about the problem [51]. Second, T-unit (a single main
clause + other subordinate clauses) is an index of syntactic
complexity [52] and reflects the member’s effectiveness in
organizing words in sentences. We used the number of
words per T-unit to evaluate this metric. Third, lexical richness measures the extent to which different words are used
in texts. We used Hapax Legomena and Hapax Dislegomenna to evaluate lexical richness, following prior studies [48], [47]. Fourth, objectivity reflects whether answers
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are provided without biases. Objectivity of a member was
evaluated based on the percentage of sentences that are
classified as “objective” by the Opinion Finder (OF) System
[53], [54] of all sentences posted by that member. Fifth, we
used one minus percentage of misspellings (i.e., percentage of correct spellings) to measure the readability of texts
for each member. Finally, these metrics were normalized
to [0, 1] and averaged to represent the member’s writing
proficiency.
For social network features, we evaluated out-degree
centrality (attr=odc) of each member. The out-degree centrality of a member in this knowledge sharing community
reflects how actively the member helps answering others’
questions. Individuals with high out-degree centrality
should play a critical role in the community, and thus we
were interested in understanding how they would impact
network formation dynamically. The out-degree centrality
of a member was measured based on the number of outgoing ties associated with him or her, and was also normalized to [0, 1], so that the range of attribute values are consistent across all three types of nodal attributes.

greater than that of the NATERGM, and Ri is the rank of
the pair.
The 𝑍𝑍 statistic was calculated as 𝑍𝑍 = (|𝑊𝑊 + − 𝜇𝜇𝑊𝑊 | −
where
𝜇𝜇𝑊𝑊 = 𝑛𝑛(𝑛𝑛 + 1)/4,
and
𝜎𝜎𝑊𝑊 =
0.5)/𝜎𝜎𝑊𝑊 ,
�𝑛𝑛(𝑛𝑛 + 1)(2𝑛𝑛 + 1)/24, High Z values would indicate that
the differences of prediction errors between the two models were statistically significant.

5 RESULTS AND DISCUSSIONS
5.1 Pattern Testing Results
For each of the selected nodal attributes including registration status (reg), writing proficiency (pro), and out-degreecentrality (odc), we tested how the attribute affected the
dynamic process of network formation by fitting the NATERGM model to networks extracted from each of the
three sub-communities in our test-bed. Table 8 shows the
estimated parameters for the baseline model and NATERGM.
TABLE 8. Parameter Estimates
Model

Model Terms

Estimates (S.E.)
Diabetes

4.3 Network Prediction
To evaluate the performance on network prediction, we
compared the prediction results of NATERGM and
TERGM. For NATERGM, the prediction procedure followed the procedure described in Section 3.3. For TERGM,
the model was trained using the previous two time points
t-2 and t-1 in order to predict network at time point t. As
for network statistics to be compared, we focused on comparing the degree distribution of simulated networks and
the actual network following previous studies [13, 29], and
the set of network statistics A’ included standard deviation
and skewness of in-degree and out-degree distributions of
nodes. The major reason why we selected them for comparison is that we believe in social media networks, the degree distribution best reflects how people are connected
and participate in social interactions. Especially in
WikiAnswer.com, the existence and distribution of highly
active users and less active users is a key characteristics in
the network. Prediction was conducted for each month
during 2008-2013. Absolute difference vectors (ADa1, ADa2
,…, ADa72) were obtained for both the baseline model and
NATERGM.
The Wilcoxon signed rank test was used to validate that
the prediction errors of the NATERGM were statistically
lower than that of the baseline model. The procedure first
calculated the differences of absolute prediction errors between the two models (“TERGM” minus “NATERGM”),
and ranked the pairs according to the absolute values of
the differences (from lower to higher). It then calculated
the sum of the ranks where the differences were positive,
as shown below.
+

𝑇𝑇

𝑊𝑊 = � 𝐼𝐼(𝐴𝐴𝐴𝐴𝑡𝑡 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 − 𝐴𝐴𝐴𝐴𝑡𝑡 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 > 0) ∙ 𝑅𝑅𝑡𝑡
𝑡𝑡=1

(5)

T is the total number of periods for comparison, I() is an
indication function that the prediction error of baseline is

9

TERGM

Online Shopping

Real Estates

arc

-5.11*** (0.72)

-4.85*** (0.78)

-5.07*** (0.63)

reciprocity

0.59

0.41

0.59

2-out-star

2.51*** (0.40)

2.34*** (0.44)

2.74*** (0.38)

2-in-star

2.56*

(0.85)

2.45*

(0.79)

2.63**

transitivity

1.31

(1.05)

1.16

(0.72)

1.28

(1.10)

cyclicity

-0.09

(0.72)

0.41

(0.46)

-0.17

(0.24)

NATERGM

arc

-5.26*** (0.81)

-5.16*** (0.62)

-5.33*** (0.59)

(NA=reg)

2-out-star extended
[reg]-prioritization

2.66*** (0.37)

2.35*** (0.45)

2.78**

(0.63)

[reg]-deprioritization

2.23*

2.39*

(0.89)

2.26*

(0.94)

(1.01)

(1.01)

(1.23)

(0.97)

(0.73)

2-in-star extended
[reg]-initiative

3.43**

(0.97)

3.70**

(1.01)

2.83*

(0.95)

[reg]-laziness

1.51

(1.01)

1.23

(1.12)

1.58

(1.57)

NATERGM

arc

(NA=pro)

2-in-star extended
[pro]-laziness

NATERGM

arc

(NA=odc)

2-in-star extended
[odc]-initiative

-4.72*** (0.73)

-5.05*** (0.67)

-5.27*** (0.81)

2.68*** (0.58)

2.99** (0.70)

3.22**

-5.94***(1.01)

-5.41*** (0.79)

-5.72*** (0.93)

3.87*** (0.61)

3.46*** (0.53)

3.81*** (0.73)

(0.73)

NOTE: *: p<0.05, **: p<0.01, ***: p<0.001. Significant variables are marked in boldface.
NA=Nodal Attribute.

The estimated parameter values are log-odds of the ties
of corresponding patterns forming in the network. These
values are positively related to the probabilities that corresponding patterns would occur. For example, the value of
estimated parameter for the configuration “2-out-star” in
Table 5 is positive (2.51). Then the conditional log-odds of
a directed tie adding a “2-out-star” pattern is -5.11 + 2.51 =
-2.60 (because the tie automatically adds an “arc” as well).
The probability that such a tie would develop in the network is exp(-2.60)/(1 + exp(- 2.60)) = 0.065, which is greater
than the probability that a directed tie would develop between any pair of nodes, which is exp(-5.11)/(1 + exp(5.11)) = 0.006.
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For the nodal attribute of registration status, similar results were observed in all three sub-communities. In the
baseline model, we observed that “2-out-star”and “2-instar" terms were significant. It indicates that members in
the community were likely to help more than one peer over
time by providing answers to their questions, and questioners were also likely to receive answers from multiple
contributors over time. When these patterns were further
extended to their corresponding temporal terms in NATERGM, additional insights could be obtained. For example, when temporal 2-out-star patterns were considered,
we found that both “[reg]-prioritization” and “[reg]-deprioritization” terms were positive and significant. This suggests that when a member helped others, he or she did not
prioritize registered members over unregistered visitors in
terms of time. In other words, everyone in the community
was treated equally in terms of receiving answers. However, for temporal 2-in-star patterns, only the “[reg]-initiative” term was significant. It suggests that when a member
receives answers from multiple contributors, the answers
were likely to come from registered members first. An explanation is that registered members may have more commitment and want to establish a good image in the community. As a result, registered members may try to help
others as soon as possible. Using NATERGM terms, we
saw that the proposed model ws able to reveal how registered members affect the dynamic process of knowledge
diffusion.
When writing proficiency was considered, none of the
extended 2-in-star terms were significant. However, when
extending the 2-out-star terms, we found that only the term
“[pro]-laziness” was positive and significant. This suggests
that when a member receives answers from multiple contributors, answers from members with good writing proficiency tended to arrive later. A possible reason is that
members with good writing proficiency try to provide
well-constructed, unbiased, and helpful answers to questioners. They may take some time to do research before
providing answers, which delays the time when they delivered answers to questioners. Similar results were observed in all-three sub-communities. Using NATERGM
terms, we saw that the proposed model was able to reveal
how the writing proficiency of members affect the dynamic process of knowledge diffusion.
As for out-degree centrality, none of the extended 2-outstar terms were significant. However, when temporal 2-instar patterns were considered, we found that only the
“[odc]-initiative” term was positive and significant. It suggests that when a member receives answers from multiple
contributors, answers from members with high out-degree-centrality were likely to arrive early. High out-degree
centrality of a member indicates that he or she frequently
helps others, reflecting the member’s high level of activity
and willingness to help. Consequently, members with high
out-degree centrality tried to help others as early as possible. Again, using NATERGM terms, we saw that the proposed model was able to reveal how the out-degree centralities of members affect the dynamic process of
knowledge diffusion.
In sum, by comparing the pattern testing results of

TERGM and NATERGM, we could always obtain additional insights about how nodal attributes of social media
users affect the dynamic process of network formation.
Therefore, NATERGM has an enhanced pattern testing capability compared to the benchmark network model.

5.2 Network Prediction Results
Table 9 shows the results of Wilcoxon signed rank tests for
the prediction errors of NATERGM and TERGM. The
numbers are Z-statistics and the asterisks indicate the level
of significance. Results show that the prediction errors obtained by NATERGM were statistically lower than that of
TERGM for all of the four selected network statistics.
Therefore, NATERGM was able to predict the characteristics of networks more accurately than TERGM in terms of
the networks’ degree distribution in our setting. This provides a positive case that NATERGM has the potential to
make better prediction than TERGM. However, since other
factors such as the length of prediction periods were not
controlled for both models, additional test cases are
needed to make this statement more convincing.
TABLE 9.
Wilcoxon Signed Rank Tests for Prediction Errors
Test statistics
Community

std.

in-

degree

std. out-

skewness

skewness

degree

in-degree

out-degree

Diabetes

6.26***

5.73***

4.44**

4.92***

Online Shopping

5.12***

4.86 ***

4.49**

4.77**

Real Estate

5.79***

5.11***

5.44***

4.92***

NOTE:**: p<0.01, ***: p<0.001.

6 CONCLUSION
Dynamic interaction between various types of individuals
in social media is a complex process and the order of network ties is an important aspect of social media network
dynamics. We represented various temporal patterns of
network formation based on nodal attributes and the order
of network ties development and developed NATERGM
model for dynamic network analysis. We conducted empirical tests to evaluate the performance of NATERGM and
results showed that NATERGM has an enhanced pattern
testing capability and potentially better prediction accuracy of network characteristics compared to previous dynamic network models. Compared to existing TERGMbased models, our proposed model can test more complex
dynamic patterns resulting from the interaction between
network tie formation and nodal attributes, thereby discovering how various nodal attributes are affecting the formation process of a dynamic network. In practice, the proposed model can be used to evaluate the impact of individuals’ attributes in the formation process of dynamic social
media networks. By examining these attributes, social media designers can understand what factors are critical to
the social network evolution and determine what functionalities to add or promote in their platforms.
The contributions of this study are manifold. First, this
study provides an extended ERGM-based network model
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