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One of the most important structures in social networks is communities. Communities in social networks evolve over time. Under-
standing the evolution of communities is useful in many applications, such as building successful communities, maintaining the
success of communities, etc. There have been some works on studying online communities such as understanding the life cycle of users
and understanding the loyalty of members in a community. An aspect of online community studies that have not been sufficiently
studied is the evolution of communities over time. In this work, we investigate factors that significantly differentiate the different
parts of the evolution of communities. Firstly, we identify the different patterns that can exist in the evolution of communities. Next,
we examine how different features differentiate parts of the patterns identified. Experimental results showed that the linguistic style
of users who make posts and the interaction dynamics of members in a community are related to different parts of communities’

evolution with respect to the number of active users.
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1 INTRODUCTION

In the study of social networks, a great deal of attention has been paid to characterizing, detecting, and analyzing
community structure [8]. Communities exist in many aspects of social interactions. For example, in a friendship network,
a community might represent a group of individuals with some shared interest. Understanding the structure of such
groups can assist in various applications, such as suggesting future friends to other users [2]; additionally, by studying
these groups, researchers gain insight into the nature of human interactions. Similarly, in the network of purchases
made by customers from online retail stores, a community could represent a group of customers with similar purchase
trends. Identifying such groups of customers helps set up efficient recommendation systems [12], and characterizing
the structure of these groups gives deeper understanding of purchasing habits.

The majority of work on network communities has focused on characterizing static community structure and
extracting such communities from networks [8]. However, in many applications, understanding the various evolution
patterns of a community aid in building and maintaining successful communities [11, 21]. For instance, if there exist a
community with an understanding of the factors related to their growth, the moderators of this community can modify
the design or operation of this community to ensure successful growth. Similarly, in the above example of a purchasing
network, understanding how customers’ preference change over time can aid in providing real time recommendations.

There has been some work on identifying communities in dynamic settings [14, 19] and examining the evolution of
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online communities [6, 7). However, these studies have generally not explored the patterns, or categories, of evolving
communities.

In this work, we perform an investigation on the Reddit social media platform, with the goal of identifying and
characterizing the various patterns of community evolution. Reddit is an ideal platform for our study, as users self-
organize into topic-specific subreddits, such as Science, Gaming, or Funny. In our study, we treat these subreddits as
communities, and investigate the factors that characterize the evolution of a subreddit with respect to the number of
active users (i.e., the number of users who either makes a submission or comment on another user’s submission or
comment during a specific time period).

We first identify the various patterns that exist in the evolution of communities. Next, to identify factors that
characterize these patterns, we rely on a previous study of the ChangeMyView subreddit [15], which demonstrated that
the linguistic and interaction style of members was significantly related to whether those members were willing to
change their opinions. The ChangeMyView subreddit provides a platform for users to seek opinion change from members
of the community. If a user’s opinion is changed, that user issues a so-called ‘A point’, along with an explanation of
why her opinion changed. The ChangeMyView subreddit has attracted a great deal of attention in online community
studies because of its ability to provide a clear user intent and a clear signal when a message is perceived as persuasive
[16]. We explore how the user behaviors observed from the earlier study relate to patterns of community evolution. We
learn that the linguistic and interactions style of members in a community can significantly differentiate the different
parts of the evolution of a community with respect to the number of active users.

Our investigation reveals three community evolution patterns (beginning at some point in time): (1) Communities
that start to increase in number of active users, (2) Communities that start to decrease in number of active users, and (3)
Communities that switch between increasing and decreasing the number of active users. Experiments showed that
a community’s ability to attract more users at the middle part of conversations in that community is related to the
number of active users over time. Additionally, we observed that conversations about leisure and those with higher

demonstration of positive emotions do not attract people.

2 RELATED WORK

Communities in social networks have been of great interest. For example, Blondel et al. [3] demonstrated how a
community detection algorithm could identify different groups of users in a phone network. The users studied in this
work were customers of a Belgian phone company and the calls between members of this company. Every customer
spoke at least one of the following languages: French, Dutch, English or German. From this network, it was interesting
to find that the groups corresponded to customers who spoke a particular single language. Communities in a network
can also help identify the patterns of communication in an organization. In [22], authors used an email network to
identify the communities of practice based on communication between email addresses. Communities of practice are
the informal networks of collaboration that organically grow within organizations. Communities in social networks
have also been demonstrated to be useful in uncovering different hierarchical structures [4, 5, 13, 18]

Another interesting aspect of communities that has gained popularity in the literature is the evolution of communities
over time. There have been numerous studies related to the evolution of communities. Tan proposed a framework
for building genealogy graphs [21]. The authors investigate the relationship between the origin of a community and
its future growth. It was found that strong parent connections are associated with future community growth. Also,
the authors study the individual behavior of early members of communities. It was found that the early members of

communities tend to have a diverse portfolio.
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The authors in [7] proposed a framework for tracking linguistic changes and how users react to evolving norms of a
community. It was observed that users follow a two-stage lifecycle regarding their susceptibility to linguistic change:
the learning phase and the conservative phase. In the learning phase, users become receptive to the norms of the
community up to about one third of their eventual lifespan. In the conservative phase, users cease to respond to the
norms of the community.

In [6], the authors propose different community success measures such as growth in number of members, retention
of members, long term survival of the community and volume of activities within the community. The authors in
[10] investigated how two types of growth affect the formation of online groups. The types of growth examined were
diffusion growth, where groups attract new members through ties to existing members and non-diffusion growth where
individuals with no ties to groups become members themselves. The authors found that even though group clustering
increases the diffusion growth of a group, groups that grow primarily through diffusion growth reach smaller sizes.

Despite the numerous works on communities and their evolution, none of these works (and do not claim to) identify

patterns of community evolution.

3 METHODOLOGY

Our goal in this study is to understand the factors that

characterize the different parts of a community’s evolu-
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inactive at some point in their evolution. Additonally, there are some communities that have very few members within
a year of its creation. We consider such communities as uninteresting. To exclude such unexciting communities, we
only consider communities that attracted at least 100 members within three months.

After this preprocessing, we are left with 2430 communities. These communities had, in total, 1,172,662 submissions
with 8,686,646 comments from 969,120 unique users. Figure 1(a) shows the distribution of submissions for each
community and Figure 1(b) shows the distribution of comments for each community.

In this work, we study the evolution of each of the 2,430 communities over 12 month-long timesteps. In order to
ensure fairness in the comparison of evolutions of different communities, we normalize the number of active users at
each timestep to a value between 0 and 1. For a given community C’, the normalized value V,*°"™(C") of the number of

unique users active at timestep t is given by

Vi(CH) — min(H(CY))
max(H(C?)) — min(H(C?))’

where V;(C) is the number of unique users active at timestep ¢t and H(C?) is a list of active users for the 12 timesteps

thorm(ci) —

for community C'.

o
=}

3.2 Identifying evolution patterns

=)
~
a

To characterize the different evolution patterns of commu-

nities, we need to first identify these patterns. We identify

# of active users
14
&
o

o
)
@

the patterns by computing the similarity between the evo-

o
=3
=]

lution of different communities. This similarity matrix is
T2345678010112

then clustered to determine the evolution patterns that fime

exist.

=3
=

The similarity of the evolution of two communities is

o
3
a

computed using a popular time series similarity technique
referred to as Dynamic Time-Warping (DTW) [20]. DTW

was selected because of its ability to capture similarities

# of active users
s o
N @
o o

between two evolution patterns regardless of the speed

o
Q
=)

. . . 123456789101112
of evolution. The DTW between community C; at time time

k and community C; at time [ is defined as
Fig. 2. DTW similarity between two growing communities.
DTW(CF,C}) = min(DTW[CF'][C]], DTW[CE][C], DTWICI[CE]) + d(CF, Ch),

where Cf.‘ is the number of active users of community C; at time k and d(m, n) is the absolute difference between m
and n. The sum of all similarities between the timesteps represent the similarity between community C; and C;. Figure
2 shows the mapping of two community based on the similarity between their timesteps computed using DTW.

After identifying the similarities between communities’ evolutions, we then group these communities based on their
similarities. We use hierarchical agglomerative clustering to group the evolutions [23]. Hierarchical agglomerative
clustering is a technique used to group data points into clusters. The process begins with each point considered as a
cluster. At each step, a cluster is formed by combining the two closest points. The process is repeated until one single
cluster is formed. Dendrograms provide a means to visualize the groupings to make decision on the optimal cluster size.

4
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Fig. 3. Clusters obtained by grouping the evolution patterns of communities on Reddit. Three clusters were selected as the optimal
number of clusters. We interpret the three clusters as communities that increase in the number of active users (purple); communities
that decrease in the number of active users (green); and communities that switch between increasing and decreasing in number of

active users (blue).

Figure 3 shows the similarities between the evolution of communities studied in this work, and the resulting
dendrogram obtained by clustering their similarities and sample community evolutions for each of the identified groups.
Three clusters were selected as the optimal number of clusters. This is because this value has the largest vertical
distance that does not intersect any of the other clusters. We interpret the three clusters as communities that start to
increase in the number of active users from some point forward during the evolution (growing communities), those
that start to decrease in the number active users from some point forward during the evolution (failing communities)

and communities that switch between increasing and decreasing the number of active users (unstable communities).

3.3 Characterizing the evolution of communities

After identifying the patterns that exist in the evolution of communities, we investigate the factors that can significantly

distinguish the different parts of the evolution. In order to examine these parts, we first divide the patterns into different

parts and investigate how the interaction style of members and the language usage can distinguish these different parts.
For the three evolution patterns identified (growing, failing and unstable communities), we focus on growing

communities (G0) and failing communities (G1). We focus on these two groups because the third group is a combination

of the failing and growing pattern. Each evolution pattern is divided into 4 parts:
5
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Fig. 4. Parts of an evolution pattern for growing community (Left) and failing community (Right). Each evolution is divided into 4
parts: peak point (PK), elbow point (ELB), elbow interval (ELB interv) and peak interval (PK interv).

(1) Peak point (PK): The peak point is the timestep where a community reaches the largest number of active users.
For the growing communities, we treat the last point of the evolution as the peak point. For the failing community,
we treat the starting point of the evolution as the peak point.

(2) Elbow point (ELB): For a growing community, this is the period after which the community begins to increase
in the number of active users. For a failing community, this is the period after which a community begins to
decrease in the number of active users over time.

(3) Peak interval (PK interv): This is the period between the peak point and elbow point.

(4) Elbow interval (ELB interv): For the growing communities, the elbow interval is the period between the elbow
point and the period when the evolution started. With the failing communities, this is the period between the

elbow point and the end of the evolution.

Figure 4 shows the various parts of the evolution of a growing community and a failing community.

We consider two sources of features: the interaction style of members within a community and the language usage

of members who initiate conversations.
Interaction style of members: Previous work observed that the different interaction styles of a person on Reddit’s
ChangeMyView can characterize how susceptible the person is to an opinion change [15]. Similarly, in [1], the authors
identified how the early interaction style of members in a conversation on Facebook can characterize how likely it is
for the post to attract more comments. We therefore postulate that the interaction dynamics of users can distinguish
the different parts of a community’s evolution.

We consider two features as a means of capturing the interaction dynamics at some point of a community’s evolution:
the duration of a conversation, and the point when members of a community are active during a conversation. The
duration of a conversation is the period between when a submission was made, and the last comment made by a user on
the submission. In order to minimize the effect of outlier comments influencing the characterization of a conversation,
we consider only interactions between the 10th to 90th percentile of the time points within a conversation. To capture
how active members are during a conversation, we partition the duration of a conversation into three parts- early,
middle, and late- by dividing the interval between the start and end time of the periods considered into three equal-time
intervals.! For each part we consider the fraction of interactions within each part of the conversation. For each of
these interaction dynamics feature, we investigate if there is any significant difference between (1) the peak and elbow
points of conversations. (2) peak and elbow intervals of conversations. We test for significance using a non-parametric

I This describes how we partition the dynamics of a conversation, in contrast to the earlier peak point/elbow point intervals, which were about the
dynamics of a community.
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(Mann-Whitney Test) test of significance. We selected a non-parametric approach because the assumptions for normality

fails from our kurtosis test.
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Fig. 5. The fraction of interactions at the early (start), middle and latter (end) parts of conversations for growing (Left) and failing
(Right) communities when comparing peak and elbow intervals. Most interactions occur at the early part of conversations. The
middle part of conversations has the lowest number of interactions. The peak intervals (PK interv) have a significantly larger number
of interactions at the middle part of conversation than the elbow intervals (ELB interv).

From our experiments, we observed similar interactions style regarding the activities at different parts of a con-
versation for both the growing communities and the failing communities. Specifically, we find that most interactions
of a conversation occur at the early part of conversations. The middle part of a conversation has the least number of
interactions regardless of whether the community is growing or failing. Even though the middle part of a conversation
has the least fraction of interactions for both groups of communities, the fraction of interactions during the middle part
of a conversation for the peak interval is significantly larger than that of the elbow interval. For significance testing, we
use a Bonferroni corrected « of 0.005. Figures 5(a) and 5(b) show the fraction of interactions at the different parts for
the growing communities and failing communities respectively when comparing peak and elbow intervals.

A similar observation was made when we consider the peak point and elbow point. This suggests that for most
conversations, users join the conversation either when it starts, which is the reason for higher fraction of interactions
at the early part, and when the conversation is about to end. Since the middle part of the peak portions of communities’
evolutions are significantly higher than the elbow parts, it also suggests that communities’ ability to attract more people
at the middle part of conversations within the community is related to the number of active members of the community.

Regarding the duration of conversations, it was observed that the peak parts of communities’ evolution had signifi-
cantly shorter conversations than the elbow parts for both growing communities and failing communities. Figures 6(a)
and 6(b) show a plot of the durations for the growing and failing communities when comparing the peak intervals. A
similar observation was made when comparing the peak points of the growing and failing communities. A possible
reason why the peak parts have shorter conversation could be as a result of the communities’ increase in the number of
active users. This corroborate previous findings in [1] that the amount of time it takes for a post on Facebook to attract
comments is indicative of whether or not the thread will attract more comments.

Language usage of conversation initiators: The language usage of authors in social media has been demonstrated

to be a good source of information in varied applications. A previous study on the ChangeMyView community [15]
7
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Fig. 6. Duration of conversations when comparing peak (PK interv) and elbow (ELB interv) intervals of growing communities (Figure
6(a)) and failing communities (Figure 6(b)). The conversations that started at the peak intervals were significantly shorter that those
that started at the elbow intervals.

Table 1. LIWC categories that showed significant differences between the peak and elbow intervals of growing and failing communities.

Growing communities Failing  communities
CATEGORY PK Interv | ELB Interv PK Interv | ELB Interv
clout - ++ 4 N
six letter words (sixltr) - e+ i+ N
positive emotions (posemo) - + _ i+
leisure - ++ - ++
time ++ - - T+
cognitive process (cogproc) ++ - B i

showed that the linguistic style of users can characterize the susceptibility of users in that community. In [7], the authors
demonstrated how linguistic changes in communities are useful in understanding how users react to the evolving
norms of a community. Additionally, the linguistic style of users have been shown to be useful in characterizing users
that are loyal to communities [9]. We therefore believe the language used by authors may be useful in characterizing
the different parts of a communities’ evolution.

In this study, we investigate how the language style of conversation initiators can characterize the different pats
of a community’s evolution. We perform a LIWC analysis [17] on the submissions made at the different parts of a
community’s evolution. In LIWC analysis, psychologically meaningful categories are provided along with the associated
words. The representation of such a category in the input text is calculated by the percentage of the words of the
category in the text. A list of such categories can be found at [17]. Table 1 presents the LIWC category comparison for
growing and failing communities when considering peak and elbow intervals.

The Posemo category of LIWC demonstrates an author’s display of positive emotion in writing [17]. Some posemo
words are ‘happy’, ‘pretty’, ‘good’, ‘love’, ‘nice’, ‘sweet’, etc. A higher score of posemo indicates the usage of words
related to positive emotions. From the experiments, it was observed that conversations that were initiated at the peak

8
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intervals had significantly fewer words related to positive emotions in comparison to the elbow intervals of both the
growing and failing communities. Results on the leisure category, which considers words like ‘music’, ‘movie’, ‘cook’,
etc. indicates that members are not attracted to conversations about leisure. A possible reason for this could be that at
the elbow parts, most of the submissions made by users are about their leisure activities which does not excite users
to participate in such conversation. Also, when people demonstrate more positivity in their writings, people are not
attracted to such conversations hence the reason why the elbow parts have higher posemo and leisure scores than the
peak parts.

Clout quantifies the demonstration of higher expertise and confidence in writing. A high Clout means that the
author of a post demonstrates high expertise and is confident in her submission [17]. For the growing communities, we
observe that the elbow intervals have significantly higher Clout than the peak intervals. For the failing community, we
observe that the peak intervals have significantly higher Clout than the elbow intervals. For the failing communities, a
possible reason for this observation could be that people generally don’t like to participate in conversations by people
who are overly confident and that could be a reason for the decrease in the number of active users at the elbow interval.
For the growing communities, even though it starts off with a higher Clout, the overall behavior at the elbow interval
is lower than LIWC’s mean Clout value of 57.95.

Regarding the language usage of members who initiate conversations in different communities, for growing commu-
nities, the early part of evolution where there is less activity has conversations that are more related to leisure and a
higher demonstration of positive emotions in comparison to periods where communities demonstrate more activity,
as shown in Table 1. Conversely, for failing communities, the early part of communities’ evolution where there is
more activity has conversations less related to leisure and a lesser demonstration of positive emotions in comparison
to periods where the communities have less activity as shown in Table 1. It is therefore reasonable to suggest that

conversations about leisure and those with higher demonstration of positive emotions do not attract people.

4 CONCLUSION

In this work, we investigated factors that can characterize the evolution of communities. First, we identified patterns
that exist in the evolution of communities. For the patterns identified, we considered two main parts of each pattern:
the parts with more active users and parts with less active users. Next, we explored two main sources of information in
characterizing the two main parts of patterns identified: (1) language usage of authors in a post and (2) interaction
style of users in a conversation. For the language usage, we performed LIWC analysis as a means of understanding
the language used by an author. To study interaction style, we considered two features as a means of capturing the
interaction dynamics: duration of a conversation and when members of a community are active during a conversation.

Experimental results showed that for both communities increasing in number of active users and those decreasing
in number of active users, most members participated in the early part of conversations and the fewest members
participated at the middle part. Also, the middle part of conversations is related to the community’s active users
over time regardless of whether the community is increasing or decreasing in number active users. On the duration
of conversations, parts with more active users tend to have shorter conversations. Regarding the language usage,
conversations about leisure and those with higher demonstration of positive emotions do not attract people regardless

of whether the community is increasing or decreasing in active users.
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