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A B S T R A C T

Identifying and extracting user communities is an important step towards understanding social
network dynamics from a macro perspective. For this reason, the work in this paper explores
various aspects related to the identification of user communities. To date, user community de-
tection methods employ either explicit links between users (link analysis), or users’ topics of
interest in posted content (content analysis), or in tandem. Little work has considered temporal
evolution when identifying user communities in a way to group together those users who share
not only similar topical interests but also similar temporal behavior towards their topics of in-
terest. In this paper, we identify user communities through multimodal feature learning (em-
beddings). Our core contributions can be enumerated as (a) we propose a new method for
learning neural embeddings for users based on their temporal content similarity; (b) we learn
user embeddings based on their social network connections (links) through neural graph em-
beddings; (c) we systematically interpolate temporal content-based embeddings and social link-
based embeddings to capture both social network connections and temporal content evolution for
representing users, and (d) we systematically evaluate the quality of each embedding type in
isolation and also when interpolated together and demonstrate their performance on a Twitter
dataset under two different application scenarios, namely news recommendation and user predic-
tion. We find that (1) content-based methods produce higher quality communities compared to
link-based methods; (2) methods that consider temporal evolution of content, our proposed
method in particular, show better performance compared to their non-temporal counter-parts;
(3) communities that are produced when time is explicitly incorporated in user vector re-
presentations have higher quality than the ones produced when time is incorporated into a
generative process, and finally (4) while link-based methods are weaker than content-based
methods, their interpolation with content-based methods leads to improved quality of the
identified communities.
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1. Introduction

Online social networks such as Twitter have become an effective medium for users to not only express their interests in real time
through short textual snippets, but also to bond with other users. The analysis of users’ dynamic preferences at the macro level
through community detection methods can exhibit the overall properties of the network, its evolution, and future functions.
Community-level analysis of a social network has shown to be more effective than their user-level counterparts in some tasks, e.g., in
social recommender systems (Feng, Tian, Wang, & Li, 2015; Lalwani, Somayajulu, & Krishna, 2015), information diffusion modeling
(Hu, Yao, Cui, & Xing, 2015), financial and political analytics (Adamic & Glance, 2005; Yang, Mo, & Zhu, 2014), and churn prediction
(Richter, Yom-Tov, & Slonim, 2010), just to name a few.

There is already an abundant number of user community detection methods, especially for social network platforms, in the
literature that approach the problem from various perspectives such as the use of min-cuts (Leighton & Rao, 1999), modularity
maximization (Blondel, Guillaume, Lambiotte, & Lefebvre, 2008), or clique identification (Conte et al., 2018; Lancichinetti &
Fortunato, 2009), to name a few. However, one of the essential aspects of social networks, which is often overlooked in community
detection methods, is their dynamic evolving nature. For instance, given content on the social network are often reflective of issues in
the real world, the topics discussed on the network constantly change and hence users’ interests towards these topics also change as
the community evolves and new topics and connections are made (Rafailidis, Kefalas, & Manolopoulos, 2017). Let us consider an
example scenario of three users from the dataset that we used in our experiments in this paper. In Fig. 1, we depict how these three
users’ interests evolve over a time period of November and December 2010 with regards to the specific topic of ‘War in Afghanistan’.
All of the three users expressed interest in this topic at some point in time, as such, it is safe to assume that these users are generally
cognizant of and interested in the topic. However, there is a noticeable difference between the evolution pattern of the users’ interests
in this topic over time. Two of the users, namely @teerasay and @WingsofCrystal, are specifically interested in this topic starting
from mid November to early December. However, the other user, @ClaraListenspre only becomes engaged with this topic in the last
third of December. Therefore, although these users are essentially interested in the same topic but their interests are temporally
distributed differently over time. This difference is quite important when deciding to cluster users into similar communities. Most
existing community detection methods overlook the slight yet important aspect of temporal evolution when deciding on user
communities. Assume the identified user communities for the users in Fig. 1 were to be used for performing news recommendation. If
all three users were placed in the same cluster, then @teerasay and @WingsofCrystal would receive news recommendation for the
‘War in Afghanistan’ topic in late December, a time at which these two users are no longer interested in the topic. On the other hand,
@ClaraListenspre would also receive news recommendation on this topic around mid November, a time which again would not suit
this user.

For this reason, temporal content-based user community detection aims at finding latent communities whose members share
higher similarity with respect to topics of interest over time. As such, those users who share not only similar topical interests but also
share similar temporal behavior are considered to be like-minded and hence members of the same community. In contrast, those users
who are simply dissimilar in topics of interest or share similar topical interests but in different time intervals are not considered like-
minded and need to end up in different communities.

More recently, a few temporal content-based user community detection methods have been introduced (Fani, Bagheri,
Zarrinkalam, Zhao, & Du, 2018; Hu, Yao, & Cui, 2014). Fani et al. (2018) have proposed a multivariate timeseries representation of
users in topic and time spaces. Hu et al. (2014) have devised a unified probabilistic generative model of both topics and users. Our
work in this paper moves beyond the work of Fani et al. and Hu et al. for identifying user communities by employing neural
embeddings from user’s temporal interests as well as their social network connections. More specifically, we extend our previous
work (Fani, Bagheri, & Du, 2017) by interpolating information from two sources when identifying user communities: i) users’ in-
terests over time and ii) users’ social network connections.

Earlier non-temporal user community detection methods have already shown improvement when incorporating social network
structure (links) with topics of interest (content) compared to those in which links and content are used separately (Sachan,
Contractor, Faruquie, & Subramaniam, 2012; Yang, Jin, Chi, & Zhu, 2009). However, to the best of our knowledge, all existing
temporal user community detection methods are only content-based and none has studied the effect of social network structure and
temporal evolution of user content simultaneously. Our experiments show that while social network structure is not a discriminative
enough feature on its own for identifying high quality user communities, it does improve the quality of the identified user com-
munities when effectively interpolated with content-based methods.

In order to simultaneously consider users’ temporal content and their social network structure when identifying user commu-
nities, we embed both users’ temporal interests and their social network structure into a dense vector representation using neural
embedding mechanisms. The user embeddings, which are derived from two different information sources (modalities), i.e., i) tem-
poral content-based embeddings based on users’ topics of interest over time, and ii) network embeddings based on social network
neighborhoods, are linearly interpolated to build a single final multimodal user embedding. The linear interpolation of two user
embeddings at the embeddings level allows us to investigate how and to what extent users’ dynamic topics of interest and/or users’
social network structure contribute to the quality of the inferred user communities. We perform experiments on Twitter data and
evaluate our work in two application scenarios: news recommendation and user prediction, to explore the impact of the different user
embeddings and their interpolation.

In summary, the main contributions of this paper are as follows:
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1. We propose a community detection method that considers users’ topical interests and their temporal evolution in tandem by
learning neural user representations, which embeds users in an embedding space where those users who have similar inclination
towards similar topics in similar time intervals will be embedded close to each other.

2. We employ neural graph embedding techniques to embed information from users’ social network structure into user re-
presentations.

3. We build a single set of multimodal embeddings from embeddings of temporal social content and social network structure through
their linear interpolation in order to elucidate the contribution of users’ temporal content on the one hand, and social network
structure, on the other hand, for finding user communities.

4. We identify temporal content-based user communities which are topically, temporally and structurally cohesive, based on our
multimodal user embeddings.

5. We demonstrate the performance of the various variations of our work in the context of news recommendation and user pre-
diction, and compare them to the state of the art on a Twitter dataset.

It is worth noting that in our work we consider that the evolution of user-generated content is dynamic over time (temporal). In
other words, users’ interests can evolve over different time intervals. In contrast, we assume that the social network structure is static
and remains stable over time. The main reason for this assumption is that the social network structure has a significantly lower pace
of change compared to how fast content is generated over time and distributed across the social network (Myers & Leskovec, 2014).
The work in the current paper extends our previous work (Fani et al., 2017) by (1) additionally incorporating social network
structure, (2) embedding it through a neural architecture and (3) systematically interpolating it with content-based representations.
We integrate the neural embedding model of the social network structure into temporal content-based embeddings of users through a
linear interpolation strategy. The exclusive experiments reported in the current paper highlight the fact that incorporating social
network structure in user representations can achieve improved results over the state-of-the-art for identifying user communities.

The rest of the paper is organized as follows: we first present the related work in Section 2, then we continue with the problem
definition and the details of our proposed approach in Sections 3 and 4, respectively. The experimental setup and evaluation is
described in Section 5, followed by a study on performance of the proposed method under different settings in Section 6. Finally,
Section 7 concludes the paper.

2. Related work

While the literature on community detection is broad, the related works to this paper are largely centered around two areas: 1)
user community detection and 2) neural representation learning (neural embeddings).

2.1. User community detection

A social network is essentially a platform for sharing content and making connections, as such, it can formally be viewed as a
collection of user relationships and their content engagements. Based on these two main aspects in the social network, community
detection methods have primarily focused on either detecting communities by considering the structure of the social network from
the user relationships, the similarity of the content shared by the users or both of such information types in tandem. These methods
are generally classified as (1) link-based (topological), (2) content-based (topical), and (3) hybrid (topological and topical) methods.
In our review of the literature, we will cover these three classes of community detection methods. We will also explore a fourth group
of methods that have recently examined temporality in community detection as a part of the literature review.

2.1.1. Link-based methods
Link-based user community detection methods are primarily based on the homophily principle (McPherson, Smith-Lovin, & Cook,

2001) where links between users are considered important clues for interest similarity and, as a result, densely connected groups of
users imply a user community. In this line of work, the social network is modeled as a graph with nodes representing users and edges
representing relationships or interactions. The primary principle considered in this line of work is connectedness which means that
connections within each communities are dense and connections among different communities are relatively sparse. Methods that
identify connectedness within a graph representation look for and identify sub-graph structures such as cliques and components and
consider those to represent user communities (Conte et al., 2018; Fortunato, 2010; Lancichinetti & Fortunato, 2009). There are also
other similar techniques which focus on a different optimization function whose objective is to minimize the number of links con-
necting users across communities and maximize the number of links between users within the same community. Approaches such as
iterative bisection that iteratively divide the user set into smaller sub-communities and Girvan-Newman, which gradually removes
edges from the network, are well known implementations of these techniques (Girvan & Newman, 2002). Other graph partitioning
approaches include modularity optimization (Blondel et al., 2008), spectral methods (Andersen, Chung, & Lang, 2006), max-flow
min-cut theory (Leighton & Rao, 1999), and conductance cut minimization (Dhillon, Guan, & Kulis, 2007). Not all link-based methods
perform well on large real-world networks that have many complex structural features such as sparsity, heavy tailed degree dis-
tributions and small diameters, among others. For a recent empirical comparison of these algorithms in practice, see Leskovec, Lang,
and Mahoney (2010) and Wang, Wang, Yu, and Zhang (2015).

Nonetheless, link-based methods inherently fall short when the communities of interest need to take users’ content similarity into
account. This is mainly due to two reasons: i) there are many users on a social network that have similar interests but are not
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explicitly connected to each other; and, ii) an explicit social connection does not necessarily indicate user interest similarity but could
be owing to sociological processes such as conformity, aspiration, and sociability or other factors such as friendship and kinship that
do not necessarily point to inter-user interest similarity (Diehl, Namata, & Getoor, 2007; Snijders & Lomi, 2018). There are also some
special cases where link-based methods are not applicable like when the network is not available (Barbieri, Bonchi, & Manco, 2017)
or misleading, e.g., when links are fraudulent because of link-farmers (social capitalist) (Labatut, Dugué, & Perez, 2014).

2.1.2. Content-based methods
Given the abundance of user-generated content on online social networks, several researchers have utilized the similarity of social

content to detect user communities. Most of these content-based methods have been inspired by latent Dirichlet allocation (LDA)
(Blei, Ng, & Jordan, 2003) in one way or another and focused on probabilistic generative models based on textual content (Sachan
et al., 2012; Zhou, Manavoglu, Li, Giles, & Zha, 2006). For example, Zhou et al. (2006) have modeled communities based on topics of
interest through a community-user-topic generative process to identify user communities. In their work, communities follow a
multinomial distribution over topics with Dirichlet prior where each user is posting about her topics of interest based on the con-
ditional probability of a topic given each community. Another class of work attempts to transform the content-based community
detection problem into a graph clustering problem (Liu, Chen, Lin, & Wu, 2014; Peng, Lei, & Huang, 2015) where a user distance
matrix is computed according to the similarity of their topical interests. The distance matrix is then used to identify clusters of users.
The work by Peng et al. (2015) is an instance of such techniques that focuses on identifying user communities on SINA Weibo by
hierarchically clustering of users based on their relations to the predefined categories available on this social networking platform.
Huang, Dong, Yesha, and Zhou (2014) have built a pairwise similarity matrix for users based on the shortest path on the users’
retweet graph. A spectral clustering algorithm has been used to find user communities in order to identify influential users and topical
changes in the face of natural disasters. Barbieri et al. (2017), however, proposed a network-oblivious probabilistic framework based
on stochastic diffusion processes to identify like-minded users. They argue that users adopt topics of interest based on underlying
diffusion processes over the unobserved social graph where the diffusion process itself is based on community-level influence.

2.1.3. Hybrid content and link-based methods
Some researchers have argued that neither the consideration of link nor content alone is sufficient for identifying user com-

munities. Sparse and noisy link information and irrelevant content could mislead the process of user community detection. Several
approaches have been proposed that combine link and content information for community detection to achieve better performance.
Most of these approaches adopt LDA as the generative model behind link, content, and community membership (Dietz, Bickel, &
Scheffer, 2007; Gruber, Rosen-Zvi, & Weiss, 2008; Nallapati, Ahmed, Xing, & Cohen, 2008; Sachan et al., 2012; Yin, Cao, Gu, & Han,
2012).

For instance, the work in Yin et al. (2012) introduces a generative model which recursively defines a community through an
integrated relationship between users’ social relation and social topics. Simply put, in this model, communities are formed around
multiple correlated topics where each topic can be reused in several different communities. Similarly, Sachan et al. (2012) also
propose generative models for community detection but different from the work by Yin et al., they consider three types of information
namely, topics, social connections and interaction types such as retweeting and replying. In both approaches, a user can be a member
of different communities but with varying degrees of membership.

Differently from these two techniques, Yang et al. (2009), however, have proposed a non-generative probabilistic model to find
user communities in citation networks. They estimate the conditional probability that a user is cited given her popularity and her
membership to a community according to her weighted content vector (topics of interest) so that modeling the absent links, as in
generative models, is avoided. In addition to probabilistic models, some other approaches that combine link and content information
include matrix factorization (Zhu, Yu, Chi, & Gong, 2007), kernel fusion (Mojahed, Bettencourt-Silva, Wang, & de la Iglesia, 2015)
and graph union (Ruan, Fuhry, & Parthasarathy, 2013) for spectral clustering.

2.1.4. Temporal analysis
While the methods introduced in the previous sections cover various data types such as social connections and users’ content, they

do not explicitly consider the temporal evolution of social networks when determining user communities. As a matter of fact, many of
the content based and link based methods assume that the structure of the network and the topics discussed by the users remain stable
over time, which can be a limiting assumption in practice.

More recently, there have been a few works that have considered time as an explicit dimension when identifying communities in
social networks (Fani et al., 2017; Fani et al., 2018; Hu et al., 2014). The work by Hu et al. (2014) is among the pioneers to consider
temporality through a generative process, which models how users and topics are related to each other and co-evolve over time. Their
model learns a specific time-aware probability distribution known as the community-topic-time distribution addressing how com-
munities and topics are associated with each other over time. While the work by Hu et al. is based on a generative process and extends
topic modeling techniques, in our earlier work (Fani et al., 2018), we have addressed the same problem but from a time series
analysis perspective. We model users based on a multidimensional time series representation where each of the time series depict to
what extent the user has contributed to social topics in consecutive time intervals. This time series representation allows one to
compute a user similarity matrix for the users based on the cross-correlation similarity of users’ time series, which can then be
effectively used to extract clusters of users. Both of these methods, including our proposed work and Hu et al.s work, have shown to
have superior performance compared to other non-temporal community detection methods on applications such as news re-
commendation and user prediction.
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In our previous work (Fani et al., 2017), we propose a neural embedding approach to model the users’ temporal contribution
towards topics of interest by introducing the notion of similarity regions between users. These regions cover users who share not only
similar topical interests but also similar temporal behavior. By considering the identified set of regions as a context, we train a neural
network such that the probability of a user in a region be maximized given other users in the same region.

2.2. Neural representation learning

The notion of distributional semantics states that words that occur in similar contexts are semantically similar. Recent neural
representation learning models (Mikolov, Chen, Corrado, & Dean, 2013a; Mikolov, Sutskever, Chen, Corrado, & Dean, 2013b) ap-
proximate the semantics of a word with a dense low-dimensional vector (embeddings) so that the semantic similarity of words can be
measured in terms of geometric distance between the respective vectors. The success of these methods has extended beyond com-
putational linguistics to graph representation learning. Inspired by these works, methods such as node2vec (Grover &
Leskovec, 2016) and deepwalk (Perozzi, Al-Rfou, & Skiena, 2014) employ a second order random walk to sample network neigh-
borhoods in a graph and output vector representations (embeddings) that maximize the likelihood of preserving topological structure
of each node neighborhood in the graph. While previous work used hand-engineered statistics like node degrees to extract network’s
structural information, graph representation learning employs a data-driven approach to automatically encode graph elements,
nodes, edges, or even the entire graph, to a dense low-dimensional vector space. This not only saves time and effort in the feature
engineering process, but also is agnostic to the downstream task. The embeddings can be easily fed into tasks such as user classi-
fication or link prediction. In user community detection, it offers an unsupervised way to encode homophily (Section 2.1.1) into a
vector of real values so that its fusion with other information types such as content become effectively straightforward. More so-
phisticated methods based on deep autoencoders such as deep neural graph representations (DNGR) (Cao, Lu, & Xu, 2016), structural
deep network embeddings (SDNE) (Wang, Cui, & Zhu, 2016) have been also proposed to generate user embeddings.

So far most social graph embedding methods have been amodal which only rely on the social network graph elements and fail to
leverage other heterogeneous information about the user during vector representation learning process. In contrast, author2vec
(Ganesh, Ganguly, Gupta, Varma, & Pudi, 2016), for instance, is bimodal which augments the social network with textual content to
learn user embeddings. Author2vec includes content-info and link-info neural models. In the content-info model, given a user and a
text, it predicts whether the given user has authored the text. In the link-info model, given two users, it predicts whether they are
connected. There have also been work in the literature (Benton, Arora, & Dredze, 2016) the employ canonical correlation analysis for
integrating different user representations. Recently, convolutional encoders such as the graph convolutional network (GCN) (Kipf &
Welling, 2017) and GraphSAGE (Hamilton, Ying, & Leskovec, 2017) have been introduced, which are able to leverage user in-
formation (e.g., user profiles) and their social relations, simultaneously.

None of the proposed neural embeddings take the time dimension into consideration. Although Benton et al. (2016) offer the
opportunity to integrate different information types, it is not clear how to integrate temporality, which can be considered to be an
aspect, rather than a new information type. In this paper, we propose to build multimodal user embeddings in order to incorporate
users’ temporal social content, and their social network neighbourhood into a single representation vector. We first propose a novel
approach for building user embeddings where users’ temporal and topical content are both taken into account. We then employ graph
representation learning to encode information from users’ social network neighbourhood into a feature vector in order to plug in
homophily as well. Finally, based on a linearly weighted interpolation strategy, we integrate user embeddings from these two
different modalities, i.e., i) temporal content-based embeddings based on topics of interest over time, and ii) network embeddings
based on social network neighborhoods.

Beyond the works that have been reviewed in this section, there are abundant number of methods that propose application
specific user embeddings for tasks such as sarcasm and irony identification (Amir, Wallace, Lyu, Carvalho, & Silva, 2016), gender
classification (Chen, Qian, Zhu, & You, 2016), or recommendation (Yu, Wan, & Zhou, 2016). These works also fall short in effectively
considering the notion of temporality when building the user representations.

3. Task description

Within the context of an online social network, at least two different questions may be raised about user communities: 1) how to
identify all user communities, and 2) given a user in the social network, what is the best community for the given user if a set of
communities already exists. This paper is focused on addressing the former problem (1), known as user community detection; also
referred to as community discovery or mining. In other words, our goal is to group users in separate non-overlapping groups. The
identified user communities need to consist of user members that exhibit similar temporal behaviour towards similar content and be
densely connected. Here, we provide a formal statement of the problem as follows:

Problem Definition. Given a set of users , we aim to partition into non-overlapping subsets in which each u is only a
member of one subset. More formally, = >{ : , | | 1} such that =, :i j i i j . The objective of our work is to
identify a configuration for such that members of each i in show highly similar temporal disposition with regards to active
topics on the social network and high dissimilarity with members of any other j i .

4. The proposed approach

Having formally laid out the problem, we seek to find through three pipelined phases: 1) temporal content-based and
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topological user representation learning (Sections 4.2 and 4.3 respectively), 2) interpolation of user embeddings (Section 4.4), and 3)
user community detection (Section 4.5). Foremost, we provide an overview of this process after which the details of each step will be
presented.

4.1. Overview

The overview of the approach discussed in this paper to find user communities is outlined in Algorithm 1. We define temporal
social content as = ( , , T) where is the user set, is the textual user-generated content corpus (e.g., tweets), and T is the time
period broken down into time intervals. We define the social network structure as a directed graph = ( , ) whose vertices are
users in and edges are ordered pairs of user elements such as u v( , ) indicating a social tie from u to v (e.g., u is following v).
Herein, we use the terms ‘graph’ and ‘network’ interchangeably as well as the terms ‘vertex’, ‘node’, and ‘user’.

Our proposed approach consists of creating user representations from two different information sources (modalities), i.e. 1)
temporal content-based embeddings from temporal social content = ( , , T), and 2) link-based embeddings from the social
network structure = ( , ). On Line 2 of Algorithm 1, we learn user vector representations W from users’ content with the
expectation that temporally like-minded users end up closer to each other in the vector space. To build this type of user embeddings,
we first formally formulate what we mean by a like-minded pair of users with respect to social content only. Then, we propose a
representation learning method, which preserves pairwise proximity of the users through maximizing the likelihood that two like-
minded users stay close to each other in vector space. Likewise, on Line 3, we learn user vector representations W but from users’
social network neighbourhood with the assumption that similar users are those that are densely connected to each other due to
homophily. We use unsupervised random-walk based graph representation learning to learn user representations such that geometric
relationships in the learned vector space reflect the structure of the original social network. Learning vector representations from
temporal social content and social network structure are independent and could be run in parallel (Line 1). These monomodal user
representations are then linearly interpolated into a single consolidated multimodal representation on Line 4 tailored for the task of
user community detection on Line 5.

4.2. Temporal content-based user embeddings

In order to learn temporal content-based neural embeddings (W ) for social network users, we consider social content to be in the
form of a triple = ( , , T) where is the set of users, is the collection of content generated by and T is the number of
consecutive time intervals. We identify a set of topics from over the T time intervals using a topic detection method (e.g., LDA
(Blei et al., 2003)). Based on , we represent the temporal topic preferences of each user u towards each topic z over time
intervals 1≤ t≤T as a timeseries = x xX [ . ],uz uz uz,1 ,T which we refer to as the user’s topic preference timeseries, where xuz t,

[ , ]

indicates the preference of user u towards topic z at time interval t. The stacking of all users’ topic preference timeseries will generate
a cuboid = x u z tX { : , , 1 T}uz t, .

It is possible to visualize the topic preference time series of each user by projecting it onto a heatmap, which has been done in
Fig. 2 for the three sample users introduced earlier in Fig. 1. In Fig. 2, Topic 44 (highlighted horizontally with blue) represents the
‘War in Afghanistan’ topic while Topic 30 refers to the ‘New Year’ topic. As seen in the projection shown in Fig. 2, all three users have
shown consistent interest in Topic 30 and have started talking about the ‘New Year’ topic starting from late November. However,
their temporal interest pattern with regards to Topic 44 is not as consistent and, as discussed earlier, while @teerasay and @
WingsofCrystal are heavily engaged with this topic in November (as highlighted with the vertical green column), @ClaraListenspre
only becomes involved with the topic in late December (specified with an orange column on the right most figure of Fig. 2). The
power of our multivariate time series representation is in its ability to accurately capture the temporal evolution of user interests
towards the active topics of the social network.

To instantiate the topic preference timeseries, we need to find i) a set of topics that have been observed up until time interval T,
and ii) each user’s degree of preference at time interval t towards each topic z , i.e., xuz,t. We use Latent Dirichlet Allocation (LDA)
Blei et al. (2003) to extract both the topics available in the collection of users’ content and the users’ degrees of preference as
suggested in Zarrinkalam, Fani, Bagheri, and Kahani (2016, 2017). We concatenate all of the tweets posted by a given user at each
time interval into a single document, the collection of which over all users and in all time intervals produces our document corpus. By
applying the LDA topic modeling technique over this corpus, a set of topics is learnt such that each z is a multinomial
distribution of terms denoting how much each term contributes to that topic. We infer each user’s inclination towards the topics in
at each time interval by inferring the distribution of topics over the document curated for that user in the given time interval through
the concatenation of the users’ tweets in that interval.

4.2.1. Temporal context model
In order to be able to learn neural embedding representations for the users, each user needs to be defined in the context of other

users. Such context information for each user is not explicitly available. As such, the purpose of this section is to define context for
each user that could then be used for neurally embedding the users. More specifically, in order to build user embeddings, we first
formally formulate what we mean by a like-minded pair of users with respect to social content only within time. Then, we propose an
embedding method which preserves pairwise like-minded proximity of the users through maximizing the likelihood that two like-
minded users stay close to each other in vector space.

The premise of our approach is that the more two users share common interests in similar time intervals, the more similar these
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users would be and hence the likelihood of these users being in the same community should increase. As an example, let us consider
the same three users that were introduced in Figs. 1 and 2 earlier. Fig. 3 shows a subset of the topic preference time series of these
three users for a 10 day time period for a limited set of topics. An interesting observation is that while the visualization of the users’
topic preference time series based on a heatmap in Fig. 2 showed us that users @teerasay and @WingsofCrystal share similar
temporal interests, which is different from @ClaraListenspre, it becomes clear that the actual degree of interest is not within the same
range. For instance, even for the two users who are considered to be quite similar, their degree of interest for Topic 44 is 0.35 and
0.14, respectively, which are quite different. This shows that it would be quite difficult to identify users that not only have similar
temporal trends but also similar degrees of interest. For this reason, we relax the similarity condition to allow for cells with similarity
values within a range to be considered to be similar. The softened condition of similarity is referred to as condition of homogeneity.
For the sake of clarifying the concept of condition of homogeneity, let us assume that any degree of interest below 0.1 is insignificant
and can be ignored (shown in grey in Fig. 3). Assuming the condition of homogeneity considers values above 0.1 to be similar, users
@teerasay and @WingsofCrystal will now share four regions of similarity in Fig. 3. This would not be possible without this relaxed
condition. On the other hand, @ClaraListenspre still maintains its difference with the other two users with only one and zero regions
of interests with the other two users. Based on the condition of homogeneity, we now consider @teerasay and @WingsofCrystal to be
similar as they share the many similar regions and @ClaraListenspre to be distant from them.

The condition of homogeneity and the number of shared regions between users allows us to formally define an objective function
for learning user embeddings. Our objective function will endeavor to place those users who share many regions of similarity close to
each other and far away from those users who do not share any regions of similarity with them. Expressed more formally, the shared
regions between two users act as a context for the users when they are embedded into a neural embedding space. For instance, the
four shared regions for @teerasay and @WingsofCrystal act as context for each of the users and allows our embedding model to learn
similar representations for these two users. In the following, we will propose a deterministic method for finding shared regions
between any two users, which will be later used as context for learning user embedding representations. We first define the shared
regions as follows:

Definition 1. Region of like-mindedness. Let us recall that the stacking of all users’ topic preference timeseries is referred to as X. A
subspace of X, such as R, is defined to be a region of like-mindedness iff (1) all the values in this subspace are equal with respect to a
certain condition of homogeneity c; notationally, =x x c x c x, R; ( ) ( ) and (2) it is maximal such that there exists no other regions
of like-mindedness such as R′ such that R is subsumed by R′. The set of all regions of like-mindedness is called .

We adopt a similar strategy to Zhao and Zaki (2005) to find the set of all regions of like-mindedness in X. First, we find in user
and topic dimensions at each time interval t. The output is two-dimensional (2-d) regions indexed by time interval 1≤ t≤T, i.e., t .
Then, we merge each of the t from different time intervals to build the required . We refer the interested reader for more technical
details to Appendix A.

4.2.2. Temporal content-based user vector representation
We approach the problem of learning user representations as a maximum likelihood (ML) problem through which similar users to

a given user are identified based on the user’s context. We define the context for each user to consist of all those users who have been
observed with this user in similar region’s of like-mindedness ( ). As such, the more two users are seen in each others’ contexts, the
more likely it would be for them to be similar to each other. We adopt the continuous bag-of-word (CBOW) model from
Mikolov et al. (2013a) to learn user representations.

Definition 2. Temporal content-based user embedding objective. Given the set of all regions of like-mindedness , the
embedding function f : d maps each user u onto a d-dimensional real space d[0, 1] ; | |,d such that the following
objective is optimized:

u uarg max log Pr( |R )
f uR , R (1)

In order to make the optimization tractable, we assume conditional independence for observing users in a region of like-mind-
edness. So,

=u u u vPr( |R ) Pr( | )
v uR (2)

We adopt the architecture shown in Fig. 4 to learn user representations. It should be noted that the size of the hidden layer (d) will
be the size of the user representation vectors. Furthermore, given the model learns to predict a user given its context, the size of the
input and output layers is equivalent to the number of users. We use a one-hot encoding representation to refer to users in the input
(I) and output layers. The structure of the hidden layer neurons is linear =H W I where W has a size of × d| | and is the input to
the hidden layer. Similarly, the weights between the nodes in the hidden and output layers are denoted by W of size ×d | |. Also,
we refer to a user v’s corresponding row in W as Vv The network performs user prediction given its context through a softmax
function by approximating the likelihood of observing the target user v given some other user u observed together in at least one
region of like-mindedness. This conditional probability is defined as follows:

H. Fani, et al. Information Processing and Management 57 (2020) 102056

8

https://twitter.com/teerasay
https://twitter.com/WingsofCrystal
https://twitter.com/ClaraListenspre
https://twitter.com/teerasay
https://twitter.com/WingsofCrystal
https://twitter.com/ClaraListenspre
https://twitter.com/teerasay
https://twitter.com/WingsofCrystal
https://twitter.com/ClaraListenspre
https://twitter.com/teerasay
https://twitter.com/WingsofCrystal


= =u v V H
V H

V V
V V

Pr( | ) exp( )
exp( )

exp( )
exp( )

u

w w

u v

w w v (3)

Given the conditional independence assumption in Eq. (2) and the above conditional probability in Eq. (3), we can simplify Eq. (1) as:

V V V Varg max ( ) log exp( )
f u v u

u v
w

w v
R , R R (4)

However, this formulation is computationally intractable as its time complexity is proportional to the size of . Morin and
Bengio (2005) have proposed hierarchical softmax to approximate the full softmax efficiently in practice. Accordingly, instead of a
matrix, the hidden layer to output layer connection is a binary Huffman tree whose leaves are users. For each user u, there is a path
u u u, , , h u1 2 ( ) of height h(u) from the root, u1, to her respective leaf, uh(u). This choice leads to speedup from O (| |) to O log( | |).
Hierarchical softmax defines Pr(u|v) as follows:

= ×
=

=+u v s V VPr( | ) (( 1) )
i

h u
u child u

u v
1

( ) 1
( ! ( ))i i

i
1

(5)

where s(x) is the sigmoid function. V Vu vi shows the similarity between the vector representation of user v and the internal user ui. At
each internal user ui, if we choose the left (right) child as the correct +ui 1 in the path from the root to the user’s leaf, we have the
probability × =s x s x(( 1) ) ( ),0 else the right (left) child would result in × =s x s x(( 1) ) ( )1 such that + =s x s x( ) ( ) 1. The in-
tuition is that the more an output user u is similar with the ancestors of input user v, the higher the probability would be that they are
the same.

Our neural network is trained using stochastic gradient descent and updates W and W gradually via backpropagation. After the
training converges, a pair of like-minded users u v, will have highly similar vector representations, denoted by Vu and Vv in W
with respect to the temporal social content = ( , , T).

The next step of our work is to learn vector representations of users with respect to social network structure = ( , ), denoted
by W . More specifically, we are interested in providing a concrete implementation for g ( ) on Line 3 of Algorithm 1.

4.3. Link-based user embeddings

Given a social network structure in the form of a double = ( , ) where is the set of users and is the connections between
the users, our objective in this section is to learn neural user representations based on the global position of a user in and the
structure of her local neighborhood. We employ an unsupervised representation learning method to encode this information into a
low-dimensional dense feature vector in latent space such that the geometric relations in this latent space correspond to social
connections (e.g., link or path) in . Specifically, user embeddings are inferred by maximizing the probability of observing sub-
sequent users in random walks of the graph conditioned on the source user. We formulate user embeddings learnt from the social
network structure in a unified framework as follows.

4.3.1. Neighborhood context model
Based on the homophily principle, similar users tend to form ties in a social network (McPherson et al., 2001). As such, groups of

densely connected users could be a sign of a user community. In the context of the social network structure, users would be con-
sidered to belong to similar communities, if they share similar neighborhoods and as such, are to be placed close to each other in the
embedding space. The shared neighborhood, hence, presents a context with respect to the social network structure as opposed to the
regions of like-mindedness in the temporal context model (Section 4.2.1) or co-occurrence context in word embeddings. There are
different strategies for building a neighborhood for a user. For instance, depth-first-search (DFS) and breadth-first-search (BFS) are
two immediate, yet extremely biased ways to generate different samples of neighborhoods for a user. BFS favours structural
equivalence, that is, those users who share similar structural roles such as hubs and are not necessarily connected and could be
anywhere in the network, should be embedded closely together. Being more community aware, DFS in contrast, respects homophily
and leads to similar (close) embeddings for densely connected users. In practice, online social networks exhibit mixture behaviors
through which some parts show homophily while the other parts reflect structural equivalence. For this reason, stochastic sampling
methods, such as random walk, have been introduced to randomly sample different neighborhoods of the same source user. Random
walks are also computationally efficient in terms of both space and time (Grover & Leskovec, 2016). As a result, we form network
neighborhood of a user based on random walks in this work, which is formally defined as follows:

Definition 3 Network neighborhood. Network neighborhood of a given user u , denoted by ,u is a set of random walks of
length l rooted at u on a possibly infinite social network structure = ( , ) generated by a stochastic process with random
variables [x1: l] such that =x u1 and xl is a user chosen from the neighbors of xl 1 according to a probability distribution

= =x w x vPr( | )l l 1 if v w( , ) and 0 otherwise. The set of network neighborhoods for all users is denoted by .

While graph embedding methods such as deepwalk (Perozzi et al., 2014) use a pure (unbiased) random walk based on the uniform
distribution, other methods (Grover & Leskovec, 2016) introduce parametric biased random walk to trade-off between breadth-first
or depth-first searches to preserve community structure as well as structural equivalence between users. For instance, the work in
Grover and Leskovec (2016) proposes second order random walk with two parameters p (return parameter) and q (in-out parameter)
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in = =x w x vPr( | )l l 1 to bias the walk as follows:

= = =
=
=
=

x w x v
p d x v

d x v
q d x v

Pr( | )
1/ if ( , ) 0
1 if ( , ) 1
1/ if ( , ) 2

l l

l

l

l

1

2

2

2 (6)

where d(., .) denotes distance of the shortest path between users in an unweighted graph. While higher p values favour exploration
and avoid revisiting already seen users, higher q allows the search to obtain a local view and approximate BFS behavior. Unbiased
random walks can be seen as a special case when = =p q 1.

4.3.2. Link-based user vector representation
Once network neighborhoods for all users have been obtained, we learn a user vector representation for each user by optimizing

the conditional probability of observing users in the same walk as her. The process is similar to Section 4.2.2 as network neigh-
borhoods can be seen as similar to regions of like-mindedness. To infer the user embeddings, we optimize the following embedding
function:

Definition 4 Link-based user embedding objective. Given the set of network neighborhoods = ,u u the embedding function
g: d maps each user v onto a d-dimensional real space d[0, 1] ; | |,d such that the following objective function is
optimized, assuming conditional independence:

=

=

( )v v u v

u v

arg max log Pr( | ) arg max log Pr( | )

arg max Pr( | )
g

v
g

u v

g
u v

v v v

v v (7)

We use the same neural architecture as shown in Fig. 4 but here, given user v, we predict observing users such as u from v’s
neighborhood, adopting skip-gram model from Mikolov et al. (2013a). The hidden layer H is of size d, the input to hidden layer
connections is represented by matrix W of size × d| | with each row representing a vector for each user. The input layer I is a one-
hot encoded vector and the hidden layer’s neurons are all linear such that =H W I. Given a user v in the input layer, H is the
transpose of v’s corresponding row in W , denoted as Vv. In the same way, the connections from the hidden layer to the output layer
can be described by matrix W of size ×d | |. The softmax function approximates the probability of observing user u taken from v
from the same random walk, i.e.,

= =u v V H
V H

V V
V V

Pr( | ) exp( )
exp( )

exp( )
exp( )

u

w w

u v

w w v (8)

where Vu is u’s corresponding column of matrix W . However, calculating the normalization factor in the denominator is not
feasible. Hierarchical softmax and negative sampling are two promising alternatives to accelerate the computation. Stochastic gra-
dient descent is used to train the neural network and the derivatives are estimated using backpropagation. Users’ vector re-
presentations with respect to social network structure = ( , ) are vectors of W .

4.4. Embeddings interpolation

Having learnt two different user vector representations of users from the temporal social content = ( , , T) and the social
network structure = ( , ), denoted by W and W , respectively, the next step is to integrate them into a single vector re-
presentation, denoted as W, by an interpolation function h W W( , ) defined on Line 4 of Algorithm 1. We adopt a linear weighting
mechanism to interpolate the embeddings mined from the social network structure and temporal social content. Formally,

= +h W W W W( , ) (1 ) (9)

where α denotes a weighting coefficient to interpolate between temporal content and social network structure in the final user vector
representation. For instance, if = 0, the interpolated embeddings lead to the conventional link-based user community detection on
the one extreme. On the other extreme, it will solely rely on temporal content if = 1 and becomes a pure temporal content-based
method. The effect of embedding interpolation to the overall performance of user community detection is evaluated by choosing

[0,1]. Although simple, linear weighting is uninformed, easy to implement, interpretable, and could achieve competitive per-
formance across a wide span of different data types and domains (Arandjelovic, 2016; Arandjelovic & Cipolla, 2006; Guan, Wei, Li, &
Keller, 2014).

4.5. Community detection

Given the interpolated user vector representation = hW W W( , ), we identify communities of users through graph-based par-
titioning heuristics. We represent users and their pairwise distances through a weighted undirected graph. Precisely, let = wG ( , , )
be a weighted user graph such that = e u v{ : , }u v, and the weight function w: [0,1] defined as w(eu, v) be the dot-product,
or angle, between u and v’s embeddings in W. It is possible to employ a graph partitioning heuristic to extract clusters of users that
form latent communities. We leverage the Louvain Method (LM) (Blondel et al., 2008) as it i) can be applied to weighted graphs, ii)
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does not require a priori knowledge of the number of partitions, and iii) has an efficient linear time complexity for the problem of
graph partitioning. As a result of the application of LM, a set of subgraphs such as G[ ] are induced where the edges in each subgraph
have both ends in the same subgraph. The collection of these subgraphs form the set of user communities desired in the problem
definition presented in Section 3.

5. Performance evaluation

Our work in this paper has been based on three components: 1) learning neural embeddings based on users’ temporal social
content; 2) learning neural embeddings based on users’ social network structure; and 3) interpolating these two distinct neural
embeddings to form a multimodal neural embedding-based user representation. As such in this section, we seek to answer four
research questions that would provide insight into the role of each embedding type as well as the impact of their interpolation on the
quality of the identified communities. The four research questions (RQ) are formulated as follows:

• RQ1. Does the consideration of temporal evolution of content lead to higher quality communities compared to when time is
overlooked (temporal vs. non-temporal content-based methods)?
• RQ2. Does the incorporation of time into users’ neural representations lead to higher quality communities compared to when time
is incorporated as a component into a generative process (neural vs. probabilistic temporal content-based methods)?
• RQ3. Do temporal content-based methods lead to higher quality communities compared to link-based methods?
• RQ4. Do link-based and temporal content-based methods have synergistic impact on each other and reinforce the quality of the
identified communities when applied in tandem?

5.1. Dataset and experimental setup

In our experiments, we use a publicly available Twitter dataset collected and published by Abel, Gao, Houben, and Tao (2011). It
consists of 2,948,742 tweets posted by 135,731 unique users between November 1 and December 31, 2010. In addition to its text,
each tweet includes a user id and a timestamp. Fig. 5 depicts the distributions of different types of tweets. The whole two months time
period is sampled on a daily basis, i.e., T = 61 days. Additionally, we collected the followership networks of the users using Twitter
api. We provide the implementation details and the setup of each step in our approach in the following.

Finding topics (Section 4.2). Extracting topics from tweets suffers from the sparsity problem when topic modeling methods such
as LDA are used (Qiang, Chen, Wang, & Wu, 2017). Some authors have addressed this issue by extending the context of tweets with
knowledge graph entities as suggested in Sriram, Fuhry, Demir, Ferhatosmanoglu, and Demirbas (2010) and Ferragina and
Scaiella (2012). We annotate each tweet with knowledge graph entities derived from Wikipedia to obtain better topics. As an
example, a semantic annotator tool would be able to identify and extract entity links for a tweet such as ‘The war in Afghanistan is 18,
older than the new wave of Marine recruits fighting it’ and connect them with Wikipedia entries including ‘War_in_Afghanistan_
(2001present)’, ‘United_States_Marine_Corps’, “Military_recruitment” and ‘Combat’. The reason we use these entities instead of the
explicitly observed terms in the tweet is primarily because tweets are quite noisy and can abundantly consist of abbreviated or slang
terms, which would not necessarily perform well given the sparsity of their mentions across different users. Petkos, Papadopoulos,
Aiello, Skraba, and Kompatsiaris (2014) have argued that adopting the entity representation of the tweet would provide a more
meaningful representation compared to n-gram-based term representations. We have annotated each tweet in our corpus using the
TAGME RESTful API1, which produced 350,731 unique entities.

In order to find topics of interest ( ) in our dataset, we have applied MALLET2 for LDA to discover topics. LDA-based approaches
to topic detection need a priori knowledge for the number of topics. The number of appropriate topics for this dataset has been
already investigated in previous work and determined to be 50 (Fani et al., 2018). We populate the topic preference timeseries for all
users on a daily basis, i.e., T = 61 days, and screen out values less than 0.1. This threshold is equal to Dirichlet prior ( = 5.0

| | ) for
topic distribution over a document in LDA. Thereafter, the condition for homogeneity c is set such that the difference of values falls in
the range [0, 0.1).

Topic modelling method and condition of homogeneity are two main parameters of our proposed method whose impacts are
studied in a separate section (Section 6).

Learning temporal user vector representation (Section 4.2). We adopt the implementation of triCluster3 Zhao and Zaki (2005)
to find the regions of like-mindedness in users’ topic preference timeseries. We proceed to extend CBOW architecture in Gensim4 to
learn user vector representations. The training phase uses a learning rate of 0.025 and in each epoch we decrease it by 0.002 for 200
epochs. The window size for the representation learning process is set to 2. We perform the experiments on different vector sizes of

= …d {100, 200, ,500}.
Learning link-based user vector representation (Section 4.3). In order to infer the user embeddings from the social network

structure = ( , ) whose vertices are users and edges are ordered pairs of user elements such as u v( , ) , we use the

1 services.d4science.org/web/tagme/documentation
2 mallet.cs.umass.edu/topics.php
3 www.cs.rpi.edu/~zaki/software/TriCluster.tar.gz
4 radimrehurek.com/gensim/models/word2vec.html
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formulation presented in Section 4.3 owing to its scalability (O (| |)) and unsupervised representation learning as opposed to more
sophisticated neural-based graph embedding techniques such as deep neural graph representations (DNGR) (Cao et al., 2016) and
structural deep network embeddings (SDNE) (Wang et al., 2016) with higher time complexity (O (| | )2 and O (| |), respectively).
Graph convolutional networks (GCN) (Kipf & Welling, 2017) with running complexity of O (| |) and its variations (Kipf & Welling,
2016; Wu, Liu, & Yang, 2018) are the state of the art in inductive tasks, i.e., they are able to generalize previously unseen users which
is crucial in evolving social networks. In our work, however, we assume that the social network structure remains stationary and,
hence, employing GCN-based methods does not add much value to our experiments.

We created 10 random walks of length l ∈ {40, 80} for each user and the window size for the training process is set to {5, 10}
while the learning rate and the number of epoches are set to 0.002 and 200, respectively. The return (p) and in-out (q) parameters are
set to a default value 1.

Interpolating embeddings (Section 4.4). We performed linear interpolation of temporal content-based and link-based user
vector representation according to Eq. (9) with an increasing values of [0,1].

Detecting user communities (Section 4.5). We apply the Louvain Method (LM) with resolution parameter 0.1 using Pajek5 to
identify subgraphs. The output subgraphs are considered to be the user communities which we sought to find in Section 3.

5.2. Baselines

In our work and in order to answer the four research questions, we systematically compare the following baseline methods with
the neural embedding methods proposed in this paper:

Non-temporal Content-based Community Detection (LDA-CD). We build non-temporal content-based communities over the
set of users. We project daily topic preference timeseries of each user to the topic space by aggregating the values over the whole time
period. Then, we calculate the topic-based similarity of users based on the cosine similarity of their corresponding topic vectors.
Finally, we create a weighted graph over the users and their pairwise similarity and apply LM to find communities.

Fani et al. (2018). This baseline is based on the representation of users as a multivariate time series where each data point is a
representative of the intensity of the user’s interest in a given topic at a specific time interval. We train the LDA topic modeling
technique to identify | | = 50 topics over a 61 day time intervals. For computing user similarities, we use two dimensional cross-
correlation as proposed by the authors implemented in MATLAB and use the implementation of the Louvain method from Pajek for
graph clustering.

Hu et al. (2014). This baseline is a probabilistic generative process that considers the temporal evolution of users’ when iden-
tifying user communities. Unlike the work by Fani et al., this method probabilistically assigns each user to more than one community,
as such, we consider the community with the highest probability to be the community for each user. Similar to the previous baseline,
we set the number of topics to 50 and evaluate the approach with differing number of communities ranging in {5, 10, ..., 30}. We set
the number of epochs for this approach to 1000.

Temporal Content-based Community Detection (LDA-TCD). This is a temporal content-based method based on temporal user
embeddings, proposed in Section 4.2, that does not consider the network structure.

Link-based (N2V-CD). This is a link-based method based on link-based user vector representations, proposed in Section 4.3,
which does not consider user content.

Multimodal Community Detection (TCD(α)). This baseline interpolates temporal content-based embeddings with the link-based
ones based on Eq. (9), proposed in Section 4.4, where [0,1]. N2V-CD could be considered as a variation of this method where

= 0 to filter out temporal content-based embeddings. Also, LDA-TCD could be considered as a variation of this method when = 1
to filter out link-based embeddings.

5.3. Evaluation methodology and gold standard

Contrary to small real-world social networks or synthetic ones, true gold standard user communities are not available in most
cases for real world applications (Chakraborty, Cui, & Park, 2018). As such, well-defined quality measures such as Rand index,
Jaccard index, or normalized mutual information (NMI) that require comparison to the gold standard cannot be used for evaluation.
On the other hand and in the absence of a golden standard, quality functions such as modularity (Girvan & Newman, 2002) are not
helpful either since they are based on the explicit links between the users (structural). In our approach and the baselines, the links
between the users are inferred through a learning process and are not always explicit. For instance, a near perfect method may result
in a low modularity because graph edges are sparse and do not form densely connected user sets. Conversely, a weak method may
connect topically dissimilar users together forming communities of users that do not share similar interests but result in a high
modularity. So, the communities that achieve high structural quality in an inferred similarity graph are not necessarily optimal
(Moradi, Olovsson, & Tsigas, 2012).

Fortunately, the performance of community detection methods can be measured through observations made at the application
level, as suggested in Chakraborty et al. (2018) and Moradi et al. (2012). In these evaluation strategies, a user community detection
method is considered to have better quality iff its output communities improve an underlying application. We deploy two applications,
namely news recommendation and user prediction. By using these applications, we explore whether and which community detection

5 vlado.fmf.uni-lj.si/pub/networks/pajek/
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method is able to provide stronger performance compared to the other state of the art community detection techniques and hence
systematically answer the four research questions.

As the first step, we curate a gold standard dataset, which consists of the set of news articles that have been mentioned in the
users’ tweets. The reason we collect such a gold standard is because it can be safely assumed that users would only post links to news
articles if they are interested in the topic of that news. Given our work is based on entity mentions in tweets, we also semantically
annotate the news articles that have been collected in the gold standard dataset. Each entry in the gold standard can be viewed as a
triple (u, a, t), which refers to user u posting article a at time interval t. Formally, gold standard is defined as

= =u a t u a t{( , , ): , , 1 T 61} where and are the set of users and news articles, respectively. In our experiments,
the gold standard consisted of 25,756 triples derived from 3468 articles shared by 1922 users. To avoid leakage, tweets which include
a URL in the golden standard have been removed from training set. It is worth noting that almost half of tweets in our dataset include
at least one URL, precisely 1,437,713 out of 2,948,742 tweets with 787,680 unique URL, among which we could only crawl 3468
news articles to build the gold standard. This leads to removing 13,742 tweets and left 2,935,000 tweets for training purpose.

5.3.1. News recommendation
Our first set of experiments rely on the assumption that an accurate clustering of users into communities would place those users

who have similar topical interest evolution over time next to each other in the same community. As such, recommending news
articles to the users of the same community should be possible and effective due to the similarity between user interests. Based on the
gold standard, an effective recommendation for a user would be one that has been observed as one of the triples u a t( , , ) . In order
to make recommendations based on the identified communities, we perform the following two steps:

1. We consider each identified community separately in every time interval =t t(1 T 61) and compute the selected community’s
overall topic of interest at that time. The overall topics of interest for a community is calculated as the sum of topic preference
time series of all users in that community. More formally, it is computed as xu uz t, . All news articles in the gold standard are
ranked descendingly based on their similarity to the overall topic of interest for the community in each time interval.

2. Each user member of a community is recommended the ranked list of news articles that are assigned to the community.

The news recommendation application will perform best when the users that are placed within the same community exhibit the
same temporal topical interests and hence are interested in similar news articles at each time interval; therefore, it is a suitable
extrinsic evaluation method to measure how well the community detection method has been able to effectively partition users into
different communities based on their temporal interests.

Metrics. We evaluate the ranked list of news articles for recommendation by standard information retrieval metrics: Precision at
rank k (Pk), Mean Reciprocal Rank (MRR), and Success at rank k (Sk). Pk is the proportion of relevant news articles in the top-k
recommended items:

=
tp
k

P 1
| |k

u

u

(10)

where tpu (true positive) is the number of relevant news articles for user u in her top-k rank list of recommendation. MRR is the
inverse of the first position that a correct item occurs within the ranked list,

=
rank

MRR 1
| |

1

u u (11)

where ranku refers to the rank position of the first relevant news article for the user u. Sk shows the probability that at least one correct
item occurs within the top-k items of the ranked list:

= rank kS 1
| |

( )k
u

u
(12)

In case =k 1, S1 would be equal to P1.
Results. We begin by considering research question RQ1, i.e., whether the consideration of time plays a role in the quality of the

identified communities or not. Fig. 6 summarizes the results for news recommendation in terms of different information retrieval
metrics. From the figure, it is evident that all the methods that consider time outperform the state of the art non-temporal baseline
(LDA-CD). This shows that considering users’ temporal behaviour is an influential contributor to the identification of high quality
user communities in the context of news recommendation. Furthermore and with regards to RQ2, i.e., whether the explicit em-
bedding of time within users’ vector representation lead to higher quality communities compared to when time is incorporated into a
generative process, we compare the temporal content-based baselines, namely Fani et al. (2018), and Hu et al. (2014), with LDA-TCD
in which only temporal user vector representations has been utilized in Fig. 6. As shown, LDA-TCD achieves better performance
compared with the temporal approaches proposed by Hu et al. and Fani et al. for different dimension sizes. Specifically, the result
shows that LDA-TCD with =d 300 is the best and Hu et al. is the runner up. We attribute the better performance of LDA-TCD to the
fact that the embedding function preserves both topical and temporal proximity of users more effectively and, consequently, the
extracted user communities capture temporal content-based similarity of users more coherently than the other two baselines. This
demonstrates the effectiveness of explicitly embedding time into user vector representations. Based on the results in Fig. 6 and in
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response to RQ2, we conclude that the explicit embedding of time in user vector representations leads to higher quality user
communities compared to when time is incorporated as a component in a generative process.

In order to answer research question RQ3, i.e., whether temporal content-based user community detection methods show better
performance compared to link-based methods, we compare the quality of the output communities in Fig. 7. As seen, linked-based
methods (N2V-CD) show their best performance with =d 300 and a random walk length =l 80 but still perform worse than the
poorest version of LDA-TCD with =d 100. As an example, all the variations of N2V-CD produce zero in terms of P1. This points to the
fact that link-based methods produce lower quality communities compared to temporal content-based counterparts.

In order to answer research question RQ4, i.e., whether link-based and temporal content-based community detection methods
have synergistic effect on each other, we use TCD(α) in which the user vector representation from temporal social content is in-
terpolated with link-based ones. As both types of user representation yield best results for user communities at =d 300, i.e., LDA-TCD
( =d 300) and N2V-CD ( = =l d80, 300), we investigate the effect of social structure in temporal user community detection only for
user vector representation of size =d 300 in TCD(α). Fig. 8 shows the results for decreasing values of α in order to show the impact of
link-based methods on improving the quality of content-based methods. As shown, we start with = 1 where there is no link-based
user vector representation involved and the representation is essentially equivalent to LDA-TCD. As we gradually put more weight on
the link-based user vector representation, the results improve up to an extremum, which happens at = 0.6. This demonstrates the
fact that the link-based user representation is helping with user community detection and identifying user relationships that cannot
be otherwise derived based solely on user content. However, the impact of link-based user embeddings need to be controlled as the
increase in the weight of the link-based user representation beyond = 0.6 leads to declining community quality.

5.3.2. User prediction
We perform a second set of experiments based on the user prediction application. Given the gold standard and the user

communities , this time the goal is to predict which users posted a news article a at time interval t. To do so, we find the closest
community to the news article in terms of topics of interest at time interval t. This is done based on the cosine similarity of the
community’s overall topics of interest at time t and news article a. Then, the members of the community would constitute the
predicted users. The logic behind why this approach helps us qualify the output communities of the different approaches are the same
as the news recommender application. However, while the performance of the news application is evaluated based on information
retrieval metrics, the user prediction application is evaluated based on classification metrics.

Metrics. We adopt three standard classification metrics, i.e., Precision, Recall, and F-measure, to report user prediction perfor-
mance. Precision is the probability that a predicted poster of a news article is the actual poster of the article:

=
+
tp

tp fp
Precision

( ) (13)

where tp is the true positive count, i.e., the number of users correctly assigned to the news article and fp is the false positive count, i.e.,
the number of users assigned incorrectly. Recall, or hit rate, is the probability that a true poster of a news article has been correctly
assigned to the posted news article:

=
+
tp

tp fn
Recall

( ) (14)

where fn is the false negative count, i.e., the number of actual posters that have not been assigned to their posted news articles. F-
measure is the harmonic mean of Recall and Precision and is defined as:

= × ×
+

F-measure 2 Precision Recall
Precision Recall (15)

Results. Similar to the news recommendation task, we seek to answer the four research questions but in the context of the user
prediction application. To answer research question RQ1, we summarize the performance of user prediction for temporal baselines in
terms of classification metrics in Fig. 9. As shown, user communities identified by the non-temporal content-based baseline (LDA-CD)
have a lower quality compared to the temporal baselines. While non-temporal communities do consider the topics of news articles,
they fail to take time into account and fall short in identifying changes in user interests. While a user may have had an interest in a
certain topic in the previous time intervals, she may have lost interest in that topic over time and therefore naturally be much less
likely to post about that topic as time passes. As it turns out in our experiments, non-temporal community detection methods were not
able to identify this transition and hence predict the same user as the poster of a news article throughout different time intervals. This
will result in many false positives, leading to a poor Precision. In terms of Recall, however, LDA-CD competes with all temporal
baselines. The reason for such high Recall can be attributed to the lower number of communities in this method. The lower the
number of communities is, the higher the Recall of the method would be. In other words, if we only have one community that
includes all users, Recall would be one. Overall, F-measure shows a higher quality for communities identified based on temporal
approaches compared to non-temporal baselines.

Based on Fig. 9, we are also able to answer RQ2. As shown, LDA-TCD outperforms other baselines in all metrics (except for
=d 100). This reinforces the fact that when time is explicitly embedded in the user representations that it will lead to higher quality

communities compared to representations that incorporate time within a generative process.
With respect to RQ3, Fig. 10 shows that the temporal content-based user community detection methods outperform link-based

methods. Specifically, the best link-based baseline (N2V-CD with =d 300 and random walk length =l 80) performs worse than the
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poorest version of LDA-TCD with =d 100. This reinforces our findings in the news prediction application that link-based methods
produce lower quality communities compared to content-based baselines.

In order to answer research question RQ4 with regards to the synergistic impact of content-based and link-based user embed-
dings, similar to the new prediction application, we employ TCD(α) baseline with embedding dimension size of =d 300. Fig. 11
shows the results for decreasing values of α. The left corner of each diagram in Fig. 11 represents the performance of LDA-TCD due to

= 1 and as such no link-based user vector representation is involved. As seen, the gradual increase in the weight of the link-based
user representation leads to improved performance up to = 0.5 and 0.6 for =l 80 and =l 40, respectively. However, we observe
declining performance as α decreases till the end when TCD(α) becomes pure link-based N2V-CD method at = 0. This demonstrates
the fact that while link-based user representations alone do not produce high quality user communities, they can help improve the
performance of content-based methods if interpolated effectively.

5.3.3. Findings
Based on our experiments on the news recommendation and user prediction tasks, we can summarize our findings with regards to

the four research questions as follows:

1. We find that the consideration of temporal evolution of user-generated content is key in finding effective user communities. Our
observations show that the incorporation of time in the user representations leads to higher quality user communities compared to
when time is not considered.

2. Further, we find that the neural embedding of time into the user representation leads to higher quality communities compared to
when time is included as a part of a generative process.

3. We observed that the communities identified through link-based methods are poorer compared to when temporal content-based
methods are employed.

4. Finally, we find that while link-based methods show poorer performance compared to temporal content-based methods, they can
still have synergistic impact on the performance of temporal content-based methods. In other words, the interpolation of link-
based and temporal content-based methods lead to higher quality user communities.

In summary, we conclude that when embeddings learnt based on temporal content-based methods are interpolated with the
embeddings learnt from link-based community detection methods, they result in the highest quality communities as shown within the
context of news recommendation and user prediction tasks. The findings have been evaluated from both the perspective of in-
formation retrieval and classification metrics.

6. Performance of model variations

In this section, we aim to study the impact of the choice of the topic modeling method and a variation of the condition of
homogeneity (c) on the performance of our proposed approach.

Topic modeling method. While the experiments reported in the previous section were based on the standard LDA method, there
have been other topic modeling methods in the literature that are designed specifically for short textual content such as tweets. It
would be appropriate to understand whether the choice of the topic modeling technique has any impact on the performance of our
proposed method. As such, we repeat our experiments with two most recent alternatives for topic modeling over short textual
content. These two methods include the word network topic model (WNTM) (Zuo, Zhao, & Xu, 2016) and biterm topic model (BTM)
(Yan, Guo, Lan, & Cheng, 2013) in addition to LDA. The number of topics | |, alpha and beta priors are set to 50, ,5.0

| | and 0.01,
respectively and models were trained for 1000 iterations.

Condition of homogeneity (c). As we show in Fig. 3, it is very unlikely that two users have the exact same probability value for a
given topic in the same time interval. As such, we have introduced the condition of homogeneity to relax the condition for matching
users with each other in a given time interval over some topic. One option (c1) for defining the condition of homogeneity is to allow
for slight variations between topic contributions by different users. For instance, we could allow the difference to be between a
certain range, e.g., [0, 0.1), which is the strategy that we have adopted in the previous set of experiments reported earlier. It is
alternatively possible to define the condition of homogeneity (c2) in a way that two values would be considered similar if they both
have a value higher than a given threshold, e.g., greater than 0.1, as shown in Fig. A.16(a). This way, we are treating values as binary
value; hence, a pair of users with a degree of interest towards a given topic at a same time interval are considered like-minded only if
both users have a value higher than the threshold. We have additionally performed experiments with this alternative condition of
homogeneity for all of the LDA, WNTM, and BTM topic modeling methods, denoted by the ‘-b’ suffix in the figures.

Results. In Fig. 12, we report the performance of our proposed method when adopting WNTM, BTM, and LDA topic modeling
methods and two alternative conditions of homogeneity (c1 and c2) in the news recommendation application. As seen, our approach
with LDA (LDA-TCD and LDA-TCD-b) consistently excels over both of the other topic modeling techniques, i.e., WNTM and BTM, for
both c1 and c2 conditions for varying user embedding dimensions in terms of ranking metrics. The only exception is precision at 10
(P10) where BTM-TCD-b shows the best performance. We attribute LDA’s reasonable performance to its well-defined inference
procedures for previously unseen news articles. As explained in Section 5.3.1, in order to evaluate our method in news re-
commendation application, we recommend news articles based on the similarity of the topic distributions in a news article and each
community’s overall topics of interest at a specific time. In light of the fact that news articles are part of the golden standard, we make
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sure that the news articles are unseen documents during the topic detection step of our method (training phase) and as such, we use
the inference mechanism provided by topic modeling technique to identify the distribution of topics in the unobserved news articles
for the same set of topics identified in the training phase. Both WNTM and BTM fall short in introducing effective inferencing methods
and as a result their performance is not comparable to LDA.

Comparing the two alternative conditions of homogeneity, we observe that c1 outperforms c2 for all topic detection methods. For

Fig. 1. Different temporal behaviour of three Twitter users with respect to the ‘War in Afghanistan’ topic.

Fig. 2. Topic preference timeseries for three sample Twitter users. (For interpretation of the references to color in the text, the reader is referred to
the web version of this article.)

Fig. 3. Topic preference timeseries for three sample Twitter users in Fig. 2 with =u{ 1 @teerasay, u2=@WingsofCrystal, u3=@
ClaraListenspre}× {z40 . z45}× t ∈ {20 . 30}. The values are unnormalized probabilities for every topic in each document, most of which are
equal to the smoothing parameter alpha ( = 5.0

| | ) in the LDA topic modeling method. Also, the values are rounded upward to two digit precision.
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instance, we review the performance of baselines and our proposed method using c1 (LDA-TCD) and c2 (LDA-TCD-b) in the news
recommendation application in Fig. 13. As seen, LDA-TCD-b is not even able to outperform Hu et al.’s baseline. The reason might be
the fact that considering two users who have a value more than a threshold (0.1, LDA’s alpha prior) to be like-minded regardless of
their degrees of interest has a confounding effect on the user embeddings. That is, dissimilar users end up with close embeddings and
finally become members of the same communities.

We study the impact of the topic modelling methods and conditions of homogeneity in user prediction application as well and

Fig. 4. The neural network architecture to learn temporal content-based user vector representation.

Fig. 5. Temporal distribution of different types of tweets in Abel et al. (2011)’s dataset from November till end of December 2010.

Fig. 6. The performance of temporal and non-temporal content-based community detection methods in terms of information retrieval metrics in the
context of news recommendation.

H. Fani, et al. Information Processing and Management 57 (2020) 102056

17



report the results in Fig. 14. As seen, our method using WNTM and BTM topic modellings for both c1 and c2 conditions is performing
weaker than our approach with LDA for c1 (LDA-TCD) for varying sizes of user embedding dimensions in terms of precision and f-
measure. Also, our method using LDA for c2 (LDA-TCD-b) shows poorer performance, as does the variations with WNTM and BTM,
compared to LDA-TCD.

Fig. 7. The performance of link-based community detection baseline (N2V-CD) vs. worst case of LDA-TCD ( =d 100) in terms of information
retrieval metrics in the context of news recommendation. All N2V-CD variations had a performance of zero in terms of P1.

Fig. 8. The performance of user communities through linear interpolation of temporal content-based and link-based user vector representations of
size =d 300 in the context of news recommendation.
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Contrary to the news recommendation application where LDA-TCD-b did not outperform Hu et al.’s baseline, in user prediction
application it performs better than all baselines as seen in Fig. 15. Since the performance of WNTM-TCD, WNTM-TCD-b, BTM-TCD,
BTM-TCD-b are all close to LDA-TCD-b (Fig. 14), they are the best as well compared to the baselines. In summary, in user prediction,
our method is able to outperform the baselines regardless of the topic detection methods and the condition of homogeneity.

In summary and based on our experiments on different topic detection methods and conditions of homogeneity in the news
recommendation and user prediction tasks, we can conclude that:

1. While the overall performance of our proposed method is sensitive to the choice of topic detection method, it offers better

Fig. 9. The performance of temporal and non-temporal content-based community detection methods in terms of classification metrics in the context
of user prediction.

Fig. 10. The performance of link-based community detection baseline vs. worst case of LDA-TCD ( =d 100) in terms of classification metrics in the
context of user prediction.
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performance compared to the baselines regardless of the topic modeling method in most of the cases for news recommendation
and in all cases for user prediction. The best performance of our proposed method has been obtained when the LDA topic
modeling method was adopted.

2. The choice of the condition of homogeneity also impacts the performance of our proposed method. We find that condition c1,
which considers the difference between the degree of users’ topical interests, is the more effective from among the two alter-
natives.

7. Concluding remarks

In this paper, we have proposed an approach to detect communities through multimodal feature learning (embeddings) of users
from their i) temporal content ii) social network neighborhood. With respect to the temporal content, we model the users’ temporal
contribution towards topics of interest by introducing the notion of regions of like-mindedness between users. These regions cover
users who share not only similar topical interests but also similar temporal behavior. Given the regions of like-mindedness as context,
we train a neural network such that the probability of a user in a region is maximized given other users in the same region

Fig. 11. The quality of the identified user communities as a results of the linear interpolation of link-based and temporal content-based user vector
representation in TCD(α) in the context of user prediction.

Fig. 12. The effect of topic modeling and condition of homogeneity on our proposed method in the context of the news recommendation appli-
cation.
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(Section 4.2). With regard to the social network neighborhood, we learn user embeddings based on their social network connections
(links) through neural graph embeddings (Section 4.3). We then interpolate temporal content-based embeddings with social link-
based embeddings to capture both sources of information for representing users (Section 4.4). Our evaluation on a Twitter dataset
under two different application scenarios, namely news recommendation and user prediction showed that (1) content-based methods
produce higher quality communities compared to link-based methods; (2) methods that consider temporal evolution of content,

Fig. 13. The effect of condition of homogeneity on our proposed method using LDA in the context of news recommendation application.

Fig. 14. The effect of topic modeling and condition of homogeneity on our proposed in the context of user prediction application.

Fig. 15. The effect of condition of homogeneity on our proposed method using LDA in the context of user prediction application.
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especially our proposed method, show better performance compared to their non-temporal baselines; (3) Communities that are
produced when time is explicitly incorporated in user vector representations have higher quality than the ones produced when time is
incorporated into a generative process, and finally (4) while link-based methods are weaker than content-based methods, their
interpolation leads to improved quality of the identified communities.

Possible future directions of our work would be as follows:

1. In our approach, we linearly interpolated temporal content and social network structure at user vector representation level for the
task of temporal user community detection. This inherently limits the vectors for both types of representation to have a same
embedding size. One possible future direction would be to explore temporal content-based and link-based user vectors at score
level, i.e., the final similarity scores of temporal content-based user vector representations be interpolated with the similarity
scores of link-based user vectors. This way, the embedding size of information sources become irrelevant. Another direction for
our future research is to learn the embedding interpolation function through joint representation learning instead of weighted
linear function.

2. One of the parameters that may impact performance of the community detection method is the length of the adopted time
interval. In our future experiments, we will systematically explore the impact of time interval size on the quality of the derived
communities and will additionally explore ways in which the optimal time interval length can be learnt through hyper-parameter
search techniques.
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Appendix A. Finding regions of like-mindedness

Finding for time interval t ( t). The process for finding t is dependent on X and some condition of homogeneity denoted by c.
We let xuz t,i be the extent of u’s interest in zi and define c( )z z t,i j to be the set of all those users who are interested in both topics zi and
zj given c. In our definition, c( )z z t,i j is considered to be maximal if it is not possible to include an additional user while maintaining c.
Based on = { }c z z( ): , ,t z z t i j,i j we form a multigraph =G ( , )t t whose nodes are the set of topics and for each c( )z z t t,i j
a directed edge connecting zi to zj is added to Gt, which is labeled with the set of users in c( )z z t,i j .

In Fig. A.16, we clarify how the multigraph would look like by visualizing it for time interval 22 for the three users introduced
earlier. We assume two alternatives for the condition of homogeneity, i) regions that have a value above 0.1 will be considered to be
similar, and ii) regions that have a value above 0.1 and the differences of values fall in the range [0, 0.1) will be considered to be
similar. The multigraphs are shown in Fig. A.16(a) and (b) respectively.

Once the multigraph has been constructed for time interval t (Gt), we perform a depth first search traversal on Gt in order to find
,t a process which has been outlined in Algorithm 2. We initially commence the process by considering all of the users with an empty

set of topics ( = ×r ; all users ). The algorithm gradually considers each topic and incrementally add it to the set. In each
recursive stage, we have a candidate denoted as = ×r A B and a set of yet-to-be-processed topics C. The candidate will be added to t
if it satisfies the condition of homogeneity and is not already subsumed by another region. Since in graph Gt, we only create region of
like-mindedness based on a topic (loop) or a pair of topics (directed edge), we need to check condition c as we traverse a DFS path
over the directed edges of the graph in order to extend the region of like-mindedness to include more topics and users. Further, We
remove all other regions that are subsumed by r when r is added to t (Lines 2 to 4). Once r is added, we now expand its topic set to
include one of the remaining topics that have not been considered yet as long as there is a directed edge between a topic in r and the
new topic in Gt. The algorithm is recursively called on the new candidate that includes a new topic (Lines 5 to 12).

For the sake of further clarification, let us review the process proposed in Algorithm 2 for the multigraph depicted in Fig. A.16(a).

Fig. A1. The Multigraph constructed from the three users introduced in Fig. 1 in time interval t22 when the condition of homogeneity c is (a) a value
above 0.1, and (b) the difference of values above 0.1 falls in the range of [0, 0.1).
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The algorithm starts by initializing r to consist of all the three users but an empty set of considered topics and a complete set of
unexplored topics ( = × = …r u u u z z z z z z{ , , } , C [ , , , , , , ]1 2 3 40 40 41 41 45 45 ). The algorithm then selects the first topic (Topic 40) by re-
moving it from C and adding it to the empty set of topics in r (Line 7). Given the current state of r ({u1, u2, u3}× {z40}) does not
satisfy the condition for homogeneity, we select the next topic, which is again Topic 40 given the directed looping edge. The new r
({u1, u2}× {z40}) now satisfies the condition of homogeneity and is hence added to t (Line 4). The subsequent step is to consider
Topic 41 because there is a direct edge from Topic 40 to Topic 41. Based on this transition, the new r will be {u2}× {z40, z41}, which
produces a new element in t .

Finding regions of like-mindedness ( ). Algorithm 2 identifies t separately for each of the time intervals; however, we will
need to identify across the whole time period that spans all of the individual time intervals. We adopt a similar strategy for
expanding the individual ts into as explained in Algorithm 3. We build a multigraph G which consists of the time intervals as its
nodes and edges representing transitions between time intervals such as i and j only when {r.A ∩ r′.A}× {r.B ∩ r′.B}× {i, j} satisfies c
given two regions r i and r j.

Algorithm 3 produces = × ×R A B C where A is a set of users who have the similar interests towards topics in B in time
intervals in C based on a defined condition of homogeneity. In essence, this provides us with information on which users, when and
how, expressed similar preferences towards topics of the social network. This is valuable for determining which users are similar to
each other across different time intervals and topics. Those users who are placed together in the same R can be considered to be more
similar to each other compared to those users who are not in the same R. We consider regions of like-mindedness such as R to serve as
context for each user. Based on such context, we would like to learn user embeddings that maximize the likelihood of users who have
been seen together in the same Rs to be close to each other in the embedding space and those who are not seen together to be
embedded far apart from each other. Let us first discuss the time complexity of finding regions of like-mindedness.

Time complexity analysis. In each time interval t, it takes ×O (| | | |2) to calculate c( )z z t,i j for all pairs of zi and zj and
build the multigraph Gt considering the fact that testing the condition of homogeneity can be done in O(1). Furthermore, performing
depth-first-search (DFS) on the graph to find regions of like-mindedness t takes O (| | )| | in the worst case, which happens when
there exists an edge between each pair of zi and zj associated with c( )z z t,i j containing only one user. The analysis of the time
complexity for finding is similar but in the context of the number of time intervals and the size of t for each time interval. Here,
for each pair of time intervals i and j, and a pair of i and ,j we test the condition of homogeneity which takes O(|r|× T2) plus a final
DFS in O(|r|T) where |r| is the number of all t . As seen, the most expensive parts are the DFS traversal on the multigraphs in the first
and second steps which highly depend on the condition for homogeneity c.

We would like to note that the proposed method is efficient in practice because of the following considerations:

1. In the real world, users are only interested in a limited set of topics in each time interval and over the whole time period. For this
reason, users’ topic preference time series is quite sparse with many topics not even examined or relevant for each user. Therefore,
the number of edges in the multigraphs is quite small. Recall that one of the major components of the time complexity of the
method was due to the DFS traversal, which will be quite small given the sparsity of the multigraphs in practice.

2. In addition, the depth of the DFS traversal is quite shallow given the fact that the number of users is far larger than the number of
topics and time intervals. When compared to the number of users, the number of topics and time intervals can be considered to be
constant values.

3. Algorithms 2 and 3 can be easily parallelized across different time intervals.
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