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Abstract
This paper introduces ComModeler, a novel approach for topic modeling using community finding in dynamic networks. Our
algorithm first extracts the terms/keywords, formulates a network of collocated terms, then refines the network based on various
features (such as term/relationship frequency, sudden changes in their frequency time series, or vertex betweenness centrality)
to reveal the structures/communities in dynamic social networks. These communities correspond to different hidden topics in
the input text documents. Although initially motivated to analyze text documents, we soon realized the ComModeler has more
general implications for other application domains. We demonstrate the ComModeler on several real-world datasets, including
the IEEE VIS publications from 1990 to 2016, together with collocated phrases obtained from various political blogs.

1. Introduction

In the field of machine learning, topic modeling such as Latent
Dirichlet allocation (LDA) [BNJ03] has emerged as a tool to un-
veil hidden patterns from a large corpus of documents that best
represents the information in the collection. Topic modeling en-
ables us to summarize the text corpora, and hence it is highly
used for the visualization of the large data in a time efficient
manner [WM06, WLS∗10]. However, topic model itself cannot
disclose hot topics and their coherent relationships in text cor-
pora [MCZZ08]. We approach this problem from a very different
perspective by building a network based on text similarities and
utilizing the network features such as node degree and between-
ness centrality. Communities extracted from these refined networks
serve as popular topics at each time point. Our contributions in this
paper thus are:

• We propose a new approach to discover topics using commu-
nity detection in networks. The approach allows us to refine the
network and reveal its community formations.

• We develop an interactive prototype, named ComModeler, to
explore and visualize topic abstractions. The ComModeler sup-
ports a range of interactive features, such as lensing and filtering,
allowing users to narrow down events of interest quickly.

• We demonstrate the ComModeler on various text corpus of news,
such as Wikinews and political blogs and provide use cases of
ComModeler in other application domains.

The rest of this paper is organized as follows. Section 2 reviews
related work and existing methodologies. Section 3 introduces our
ComModeler prototype and illustrates it on news datasets. In Sec-
tion 4, we argue that although originally motivated to deal with text
corpora, the ComModeler has applications to many other domains
as well. Finally, we conclude our paper with future work.

2. Related Work

Existing content-based community detection methods consider the
social media users to be related when they share common interests
and use this measure to group the users [ZLZG13,DOG15]. Fani et
al. [FZBD16] improve the quality of detected communities by tak-
ing into account the users’ temporal behavior towards their topics
of interest to identify like-minded users. Topic over Time [WM06]
model that jointly captures keyword co-occurrences and locality of
those patterns over time is utilized to discover users’ topics of in-
terest. This paper focuses on detecting temporal events concealed
in large text corpora, not the users’ social networks. Moreover, our
interactive prototype allows users to visually explore, customize,
and make discoveries by themselves. The relations between entities
play an important role in interpreting the dynamic of topics. Instead
of using the notion of a “bag of words" as in LDA, we approach the
problem by taking the advantage of the network properties. The
community detection aims to partition a network into clusters such
that entities are strongly connected within their cluster and weakly
connected with other clusters.

Network modularity: Modularity [New06] is an objective func-
tion to measure the quality of the communities in a network. Mod-
ularity is defined as the fraction of the edges that fall within the
given groups minus the expected fraction if edges were distributed
at random. A network with high modularity is indicating that it
has dense connections between nodes within a community and has
sparse connections between nodes of different communities. Mod-
ularity Q measure extends from 0 to 1.

The Louvain method: One of the most widely used al-
gorithms for community detection in practice is the Louvain
method [BGLL08] because of its speed and the quality of graph
partitions [RN11]. It is a greedy optimization method that initially
finds small communities by locally maximizing the modularity and
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consequently performs the same procedure on the new network by
considering each community extracted in the previous step as a sin-
gle vertex. This procedure iterates until a maximum of modularity
Q is obtained, and a hierarchy of communities is produced.

Betweenness centrality: To track the importance of vertices, we
use betweenness centrality [Bra01].There are many centrality mea-
sures such as closeness centralization, eigenvector centrality, and
PageRank [PBMW99], a eigenvector centrality which is used by
Google Search to rank websites in their search engine results. We
select degree centrality and betweenness centrality to track node
importance (in Section 3.3) since they often provide a useful means
of identifying bridges and brokers, such as influential people in a
social network.

3. ComModeler Visualization

This paper proposes an approach applying a graph partitioning al-
gorithm to extract clusters of important terms/phrases that form la-
tent communities to uncover social topics. ComModeler aims to
achieve the following high-level goals [Mun09, MSM12, BM13]
when analyzing text corpus:

Detect communities based on network coherence. To extract
entities’ relationship from a dataset, we construct semantic net-
works from various news and discussions: A node could be people,
an organization, or a city, and two nodes are connected whenever
they appear in the same contexts. Edges’ weights are calculated
based on mention frequency of the entities at each time unit. State-
of-the-art community detection algorithms are applied to automat-
ically group related entities in a network snapshot.

Identify influential people or events. Identifying the most in-
fluential people or events from huge networks is extremely chal-
lenging. We tackle this problem by constructing collocation-based
relationship networks, we present each node’s frequency, degree,
and betweenness centrality in a detailed measure. Based on these
measurements, the ComModeler filters out trivial nodes or edges
and preserves sub-graphs which meet filtering conditions. In this
way, the ComModeler is able to pinpoint the most influential peo-
ple or events, and show the results in corresponding word clouds.

Discover interesting topics across the network. Topic model-
ing can provide an overall landscape of topic distribution in doc-
uments. As LDA uses a “bag of words" approach and treats each
document as a vector of word counts, it has the limitation of pro-
viding interactions and topic connections. Many applications are
still faced challenges such as choosing a suitable number of top-
ics and providing Bayesian justification. Our approach incorporates
the advantages of network properties, which can trace back to his-
torical topics when a similar topic appears again, pinpoint the orig-
inal timestamps, and connect with high co-allocation terms, thus
overcomes the limitations of the LDA model by providing more
interactive choices.

Discern major topic changes over time. Besides the topics dis-
played for each network, the ComModeler reviews the dynamic
process of topics becoming popular or cooling down over time.
Most interestingly, when an old topic is mentioned again, the Com-
Modeler will trace back and point out its latest die out time.

Figure 1: A schematic overview showing the main components
of ComModeler: Extracting popular terms, constructing the rela-
tionships of ranked terms, filtering the network snapshots based on
different node/link properties, visualizing the dynamic of extracted
topics, and interacting with the visualization to explore the events
of interests. The data is retrieved from Wikinews articles in 2012.
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Our prototype focus on four low-level analysis tasks:

• T1: Provide a summary view of text corpus over time [KPS04].
Our prototype provides a quick overview of important topics us-
ing the network thumbnails. Moreover, we display a summary
histogram of network modularity for different settings as well as
the top 5 popular terms at each time unit. (Section 3.2)

• T2: Retrieve and display network details on demand. Users can
expand several consecutive windows by moving the lens over
timeline on the top. (Section 3.3).

• T3: Filter terms/topics on user request. For example, users may
want to see political events in a specific geographic area or other
discussed topics/activities related to a particular person.

• T4: Sort terms in the text clouds based on a user selected mea-
sure: term frequency, sudden increase in frequency, vertex de-
gree, or betweenness centrality (Section 3.4). Ordering is also
applied to time series graph to reduce visual clutter.

Figure 1 shows a schematic overview of ComModeler visualiza-
tion. In this section, we describe ComModeler fundamental com-
ponents w.r.t. topic modeling in text corpus. However, ComMod-
eler has more general applications which will be discussed in Sec-
tions 4.2. To enable users to explore the vast temporal text corpora
in an interactive and efficient way, ComModeler adopts the follow-
ing steps and components:

3.1. Extract terms

The input text documents are preprocessed into entities and fur-
ther classified into different categories [Mon17]. A common way
to represent term frequencies is using word clouds (one for each
time stamp) as depicted in the second panel of Figure 1. A limita-
tion of this technique (side-by-side snapshot techniques in general)
is when the number of entities/terms increase, keeping track of in-
dividual entities and comparing multiple snapshots requires more
mental efforts [BBDW16].

3.2. Construct networks for each time point

There are several methods to generate relationships among two
given text elements. For instance, a link can be generated by the
similarity between two documents [JKS∗14], the mentioned fre-
quencies in the same contexts [DPF16], or the defined logical
forms [KD08]. Since ComModeler works directly on individual
terms to obtain community-based coherence, the relationship is de-
termined based on the co-occurrences of the terms in the same ar-
ticles/blogs. The third panel of Figure 1 shows an example of the
force layouts of terms extracted from Wikinews in 7 months from
February to August 2012. The thickness of a link connecting two
terms A and B represents how often A and B are collocated to-
gether in the same news articles for a given time unit, such as a
week or a month (which can be decided by the user). The force
layouts are implemented in D3.js [BOH11] on separated Scalable
Vector Graphics (SVG) which can be zoomed in/out (when lensing
is applied) by simply changing the SVGs’ viewBox.

3.3. Refine the network snapshots

The ComModeler allows users to narrow down the text network us-
ing different parameters (visualization task T3). In particular, users

can refine the network snapshots using: non-network properties (in-
cluding term frequency and sudden increase in frequency) and ver-
tex properties (including vertex degree and betweenness central-
ity). While there are many possible centrality measures such as
closeness centralization and eigenvector centrality, we select ver-
tex degree and betweenness centrality since they provides effective
means of identifying bridges and brokers.

The ComModeler pre-computes and achieves the sub-networks
(and their modularity scores) of various edge weight threshold set-
tings by leaving the “uninteresting” elements to be filtered and re-
considered later. At first, the refined sub-networks which have high-
est cluster separations (or max modularity Q generated by the Lou-
vain method [BGLL08]) at each time point are presented. The edge
weight filtering operation is then offered to the user. The fourth
panel of Figure 1 shows an example of refining the previous net-
work by filtering (on the user’s demand) only terms that mentioned
at least five times together in one month in Wikinews articles. No-
tice that there are some empty networks (February and April 2012)
since there is no connections between terms satisfied the filtering
condition: link weight (or collocated frequency) is at least 5. The
detected cluster in Box A is about the event on May 8, 2012, Keith
Russell Judd won 41% of the primary vote in West Virginia (Demo-
cratic primary) against incumbent Barack Obama, a higher percent-
age of the vote in one state than any other primary opponent of
Obama had hitherto achieved in 2012. These community details
are also highlighted in Box B in the last panel of Figure 1.

3.4. Generate visualizations

CloudLines style visualization [KBK11, LYK∗12] are popular for
representing the evolution of terms over time. The drawback of this
approach is that it lacks explicit relationship representations. To
mitigate this issue, arcs diagrams [GBD09] are overlaid on top of
time series to highlight correlation of terms. Small multiples (one
for each term) are ordered vertically by their time span. In particu-
lar, some terms which are often mentioned in later months can be
easily noticed by larger arcs from a lower term group (of the later
month) to an upper group (of previous months) as depicted at the
last panel of Figure 1. Terms in the same month are ordered by the
detected community to reduce edge-crossings (visualization task
T4) since the community detection algorithm groups highly con-
nected nodes (frequently collocated terms) while separate loosely
connected nodes into different clusters. The quality of the produced
cluster formation is reflected in modularity presented in the his-
tograms which are color-coded by different filtering conditions on
term co-occurrence frequency as explained in Section 3.3. Modu-
larity Q extends from 0 to 1. Higher Q indicates better community
separation.

4. Experiments

4.1. Datasets

In this section, we illustrate the features of ComModeler mainly
through examples. We use text datasets retrieved from different
political blogs and news, IEEE VIS co-authorship networks from
1990 to 2016 to demonstrate the performance of ComModeler.
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4.2. Use cases

Figure 2 shows an example of ComModeler visualization for the
EmptyWheel dataset which contains 2,618 political blogs. In partic-
ular, we apply lensing on April to December 2013 interval; terms
are filtered and ranked based on frequency while connections are
filtered by edge weight threshold ≥ 3. As depicted, nodes in the
network snapshots have different sizes computed based on their
frequency. The detected communities represent important political
events in each month. The modularity Q for each refined network
snapshot is plotted in the pink bar of the histogram underneath. For
example in May 2013, the pink bar (at the pink arrow) is tallest
compared to other bars in the same month since the current fil-
ter (edge weight threshold ≥ 3) reveals two big communities in
Box D1 and Box E1. Box C1 and Box C2 highlight the Boston
marathon bombing occurred on April 15, 2013. Two homemade
bombs detonated near the finish line of the annual Boston marathon
(red node), killing three people and injuring several hundred oth-
ers. FBI later identified the bombers: dzhokhar tsarnaev and tamer-
lan tsarnaev (blue nodes). Box D1 and Box D2 relate to the triple
homicide that took place in Waltham, Massachusetts. Todashev is a
friend of Tamerlan Tsarnaev, the Boston marathon bomber. Box F1
and Box F2: On June 21, 2013, the U.S. Department of Justice un-
sealed charges against Edward Snowden. Box F3: The connections
between Edward Snowden, NSA, and other terms in this cluster in-
dicate that this was still a hot political event in many more months
after its first emergence in June 2013.

Figure 2: ComModeler for the EmptyWheel data.

Figure 3 shows another example of ComModeler visualization
for the IEEE VIS publications data [IHK∗17]. In this example, we
have filtered “Kwan-Liu Ma” publications using the search box
(visualization task T3). We lense on 2006 to June 2016 interval.
Nodes are Ma’s co-authors on his IEEE VIS publications which
are ranked and scaled based on publication frequency (larger nodes
are authors with more publications in a given year). Two authors
are connected as they publish together to one of the IEEE VIS con-
ferences. Authors are color-coded by their first publication venue:
blue for Vis, orange for VAST, green for InfoVis, and red for SciVis.

Figure 3: ComModeler visualization for “Kwan-Liu Ma” research
networks for his IEEE VIS publications from 1990 to 2016.

The selected researcher (Kwan-Liu Ma) is highlighted in black
and appears in the center of network snapshots. Communities on
the tops are different groups of researchers Ma has been working
with. The networks are empty in 2006 and 2011 since he did not
have IEEE VIS publications in these years. The word clouds show
top co-authors of Kwan-Liu Ma over time. The arcs diagrams at
the bottom summarize Ma’s collaboration network in the past ten
years (visualization task T1). For example, Carlos D. Coorea (high-
lighted in gray in the network snapshots and located at the lower
blue arrow in the time series) had continuous publications to IEEE
VIS with Kwan-Liu Ma during his three years (2007-2010) work-
ing at University of California, Davis as a postdoctoral researcher.
The time series at the black arrow suggest that Carlos D. Coorea
has another publication in 2011 (not with Kwan-Liu Ma). Arcs di-
agrams are ordered by their time span. Researchers in the same
year are organized by communities (or paper collaborations). As
depicted at the bottom of Figure 3, this ordering strategy generates
ladder-style visualization (more recent collaborations are pushed
further to the right and presented in larger arcs) and hence reduces
edge-crossings.

5. Conclusion

This paper proposes a novel topic modeling approach that incorpo-
rates a community detection algorithm to reveal network structure
in temporal data automatically. We also introduce a visual analyt-
ics prototype which helps users to explore topic abstractions via
interactive features. Our experiments with political news datasets
show that ComModeler provide a useful lens into a large corpus
of texts. Furthermore, our use cases demonstrate the usefulness
of each component of the ComModeler on various application do-
mains.

ComModeler is implemented in D3.js [BOH11]. The online ap-
plication, source code, supplementary materials, more use cases,
and a demo video are provided via our GitHub project repository,
located at https://dycomdetector.github.io/.
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