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ABSTRACT

Online social networks are becoming the primary medium by which people get informed, as they pro-
vide a forum for expressing ideas, contributing to public debates, and participating in opinion-formation
processes. Among the topics discussed in Social Media, some lead to controversy.

Identifying controversial topics is useful for exploring the space of public discourse and understanding
the issues of current interest. Thus, a number of recent studies have focused on the problem of identi-
fying controversy in social media mostly based on the analysis of textual content or rely on global net-
work structure. Such approaches have strong limitations due to the difficulty of understanding natural
language, especially in short texts, and of investigating the global network structure.

In this work, we show that it is possible to detect controversy in social media by exploiting network
motifs, i.e., local patterns of user interaction. The proposed approach allows for a language-independent
and fine-grained analysis of user discussions and their evolution over time. Network motifs can be easily
extracted both from user interactions and from the underlying social network, and they are conceptually
simple to define and very efficient to compute. We assess the predictive power of motifs on a manually
labeled twitter dataset. In fact, a supervised model exploiting motif patterns can achieve 85% accuracy,
with an improvement of 7% compared to baseline structural, propagation-based and temporal network
features. Finally, thanks to the locality of motif patterns, we show that it is possible to monitor the evo-

lution of controversy in a conversation over time thus discovering changes in user opinion.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

The usage of online social networks is becoming an increas-
ing trend through which people around the globe are in contact
with others and get informed about topics of interest. Additionally,
online social networks provide a forum for expressing ideas, con-
tributing to public debates, and participating in opinion-formation
processes. Even though many studies have been devoted to under-
stand different aspects of social network structure and function,
such as, community structure [1], information spreading [2], in-
formation seeking [3], link prediction [4], etc., much less work is
available on analyzing online discussions and public debates.

In this paper, we study the problem of identifying controver-
sies in social media, one of the many different aspects of ana-
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lyzing online discussions and understanding how people partici-
pate in those. The problem of studying controversy in social me-
dia has recently drawn some attention [5,6]. However, as this is
a difficult problem, involving processing of human language and
network dynamics, existing studies have limitations. For exam-
ple, many papers study controversy in very controlled case stud-
ies, or focus on a predefined topic, most typically politics [7], for
which they employ auxiliary domain-specific sources and datasets.
In other cases, proposed approaches are based on content-based
analysis [8], which has several limitations, as well, due to the am-
biguity of the language and the fact that models become language-
dependent and topic-dependent.

Instead, in this paper we aim to identify controversies on any
topic, discussed in any language. Given this objective, our approach
is based on the analysis of the network structure. In this sense, our
paper is related to the recent work of Garimella et al. [5], who also
aim at identifying controversies in the wild, independent of topic
or language. In that work, the authors focus on a topic defined
by a single hashtag, and then analyze the retweet network af-
ter partitioning it into two clusters (the two sides of controversy).


https://doi.org/10.1016/j.osnem.2017.10.001
http://www.ScienceDirect.com
http://www.elsevier.com/locate/osnem
mailto:mauro.coletto@imtlucca.it
mailto:mauro.coletto@unive.it
mailto:mauro.coletto@isti.cnr.it
mailto:kiran.garimella@aalto.fi
mailto:aristides.gionis@aalto.fi
mailto:claudio.lucchese@unive.it
mailto:claudio.lucchese@isti.cnr.it
https://doi.org/10.1016/j.osnem.2017.10.001

M. Coletto et al./Online Social Networks and Media 3-4 (2017) 22-31 23

An obvious limitation in their work is that they assume that a topic
partitions the network into two clusters (while none, or more than
two clusters, may be present), and that it is computationally fea-
sible to identify those clusters. In our work, we overcome those
limitations by analyzing local network patterns (motifs), and thus,
making no assumption about the global cluster structure of the
network, or about our ability to detect network clusters. Moreover,
note that the separation of the retweet network in communities
does not always reflect controversy; it may also mean that a hash-
tag is used in two communities with different acceptations. Our
model catches antagonism in the conversation and, in fact, we find
that some hashtags (#germanwings, #onedirection) that were de-
tected as not controversial by previous studies, contain controver-
sial discussions. Finally, in the work of Garimella et al. [5] the ap-
proach of detecting controversy is static and is based on analyzing
the retweets of a given hashtag. In our case we focus on the analy-
sis of the discussions generated by those tweets. This allows us to
discover potentially controversial sub-topics that may be present
within an otherwise non-controversial topic.

We propose the use of motifs extracted from the user reply and
friendships graphs to detect controversial threads of discussion in
online social networks. The proposed motifs can be easily com-
puted as they encompass interactions among two or three users
only. Being graph-based, such motifs are language independent and
topic independent: they can be applied to investigate interactions
in social networks without any additional domain knowledge. We
measure the predictive power of the proposed motifs on a col-
lection of Twitter data. We found that local motifs can improve
the accuracy of frequently used graph-based features (e.g., cascade
depth, inter-reply time) achieving an accuracy of 85%. We claim
that such motifs are able to model both user homophily, through
the friendship graph, and user interest in discussing specific topics
even beyond their social circles, through the reply graph.

This paper is an extended version of a previous conference pa-
per [9]. The original contributions presented in this paper include:
a more detailed description of the proposed method, a dynamic
use of the method, an additional experiment on a dataset based
on Twitter hashtags (Dataset2: Twitter hashtags.). We applied the
method to specific accounts (Dataset1: Twitter pages.), but also to
specific concepts, represented by Twitter hashtags. We used a pre-
viously used Twitter hashtags dataset in order to compare our ap-
proach to previous ones and we report the analyses. Finally, the
proposed motifs, being local to two or three users, allow a fine-
grained analysis of the evolution of a discussion over time and of
the interactions among its users. We extended the conference pa-
per with the description of a temporal variant of the method, re-
porting some relevant examples. In fact, we found that non contro-
versial conversations happen to become controversial either lim-
itedly to a sub-tree of the discussion thread, or globally due for
instance to external events such as news.

2. Related work

Controversy and polarization. The analysis of controversy on
the web and social media has received considerable attention in
recent years, with a number of papers studying controversy on
general web pages [10], blogs [11], online news [8,12], and social
media [5,7,13].

The existence of polarization on social media was first studied
by Adamic and Glance [11] who identified a clear separation in the
hyperlink structure of political blogs. Conover et al. [7] studied this
phenomenon on Twitter, evaluating the polarization on the retweet
network. In a more recent work, Garimella et al. [5] showed that
the polarized structure in the retweet graph extends beyond pol-
itics. They also proposed algorithmic methods to measure the
amount of controversy on a topic, by considering the structure of
the network formed by retweets and followers. In a similar spirit,
Guerra et al. [14] considered a measure based on boundary con-
nectivity patterns in order to identify if a discussion is controver-
sial. Other approaches have also been proposed to identify contro-
versy on social media at a user level. For example, BiasWatch is
a weakly-supervised approach fusing content and network data to
infer user polarity [6].

Controversies are inherently dynamic. Non-controversial
topics could become controversial and vice-versa. Morales
et al. [15] present an approach based on label propagation in
order to quantify the level of controversy in the network. They
apply their measure on Twitter data from Venezuela over a
long period and showed that they can capture real-life shifts in
polarization. Coletto et al. [16] proposed an approach for jointly
tracking user polarity and topic evolution. The method proposed
in this paper can handle the dynamic nature of a controversial
topic.

Conversation graphs (reply graphs) are used to represent the
dynamic nature of information and discussion threads in a net-
work. Various studies have proposed methods to analyze conversa-
tion graphs on Twitter [17,18]. Those studies analyze various types
of conversation graphs, such as long path-like reply trees, large star-
like trees, and long irregular trees. They also show that paths are
making up to 60% of the reply graphs. In our work, we observe
that reply graphs of Twitter discussions are composed by a major-
ity of star-like trees. For controversial discussions, we additionally
detect long trees with multiple branches indicating the different
threads of the discussions, e.g., see Fig. 1.

Analysis of conversation graphs in rumor and misinformation
spreading has shown that information flow in the network gives
rise to certain types of local patterns [19,20]. Smith et al. [21] study
the role of social media in the discussion of controversial topics.
They try to understand reply and retweet interactions at a user
level and conclude that We that users are quicker to spread in-
formation that agrees with their position more often.

Fig. 1. Examples of different user-interaction networks: (a) content reply tree; (b) user reply graph for a non-controversial conversation; and (c) user reply graph for a

controversial conversation.
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However, to our knowledge, this is the first work to do an in-
depth study of the role of network motifs in the context of identi-
fying controversy in social media.

Motifs indicate patterns of interactions/interconnections in
complex networks. The work of Milo et al. [22] was one of the first
to analyze the occurrence of different motifs in networks arising
in a wide range of fields, from biochemistry to engineering. Their
finding that “motifs may thus define universal classes of networks”
is one of our motivations for exploring simple interaction patterns
related to controversy.

In the context of social networks, motifs may indicate a specific
function or role of certain nodes. For example, network motifs have
been used recently to explain higher-order network organization,
and subsequently, use this information to cluster networks [23].

Conversation textual analysis. The problem of detecting dis-
agreement in conversation text was recently studied by Allen
et al. [24], who use rhetorical structure features to identify dis-
agreement. They claim that this is a difficult task, even for humans.

Most related to our paper is the work by Chen and Berger [25],
who study when, why, and how a conversation is initiated by a
controversy. Their main hypothesis is that a controversy generally
brings up interest and discomfort in users, and when the former
is higher, a controversy causes a conversation, while otherwise,
the likelihood of starting a conversation is smaller. Supporting ev-
idence for this hypothesis is obtained by analyzing an online news
website.

Furthermore, language-analysis tools have been used widely to
determine the emotional tone of a conversation [26], e.g., whether
a message is partial or impartial [27], subjective/objective, posi-
tive/negative [28], etc.

All the different methods discussed above use only textual in-
formation. Even though the use of text features is orthogonal to
our method, and they can be added separately, we chose not to do
so explicitly, since text-analysis tools are language dependent, and
since we are mainly interested in contrasting network motifs with
other network-structure features.

3. Data collection

We consider two Twitter datasets.

Datasetl: Twitter pages. Our main source of data is a
carefully-curated set of popular Twitter pages which covers a wide
range of domains (news, politics, celebrity, gossip, entertainment)
and languages. The way we choose popular pages is generic and
can be emulated on other social networks. For each page, we
gather the last two hundreds tweets and we manually evaluate
them to check if they are controversial or not through multiple
annotators. To classify them the content of the tweet and the re-
ceived user replies were considered. A tweet is labeled contro-
versial if the content is debatable and it expresses an idea or
an opinion which generates an argument in the replies, repre-
senting opposing opinions in favor or in disagreement with the
root tweet. We consider only the pages whose tweets are almost
completely controversial or not controversial, and we discard all
the tweets from accounts with less than 90% controversial/non-
controversial tweets. The final list of the 11 controversial and 7
non-controversial selected pages are shown in Table 1. It is in-
teresting to note that in the controversial class most of the pages
are related to politics and breaking news, showing an high con-
troversial nature of the topic, while not-controversial pages are
mainly related to celebrities, and entertainment. However in our
experiments since we do not use the content of the interactions,
the topic of the conversation is not taken into consideration. In
the subsequent analysis, we use the page as a label for the col-
lected tweets in that page, i.e., a tweet is deemed controver-

Table 1
List of Twitter pages used in our study (Dataset1).

Controversial Non controversial

@tedcruz, @mov5stelle, @brexitwatch,
@barackobama, @realdonaldtrump,
@wikileaks, @berniesanders, @cnnbrk,
@bbcworld, @hillaryclinton, @potus

@coldplay, @justinbieber,
@cristiano, @adele,
@chanel, @xbox, @nba,

Table 2
Datasets statistics.

Dataset1: Twitter pages

Filtering Root posts Avg. users Tot. tweets
> 2 users 1202 108 192.7K

> 3 users 1175 (97%) 110 192.5K

> 10 users 1046 (87%) 123 191.3K
Dataset2: Twitter hashtags

Filtering Root posts Avg. users Tot. tweets
> 2 users 1302 32 61.4K

>3 users 1211 (93%) 34 60.5K

> 10 users 699 (54%) 54 54.4K

sial (non-controversial) if it originates from a controversial (non-
controversial) classified page.

For each collected tweet in each page (root post), we recon-
structed the generated discussion thread by recursively crawling
the tweet’s replies. The task requires a complex crawling proce-
dure to obtain the full tree. Moreover, since we are interested in
analyzing the discussion generated by each post, we restrict to the
tweets that generate a conversation involving more than k users,
with k=2,3 and 10. (including the author of the original post).
The reply tweets are often in a different language than the lan-
guage of the original tweet, including Arabic, Russian, and others.
Table 2 reports the number of root posts and total reply tweets
that we collect with the above procedure, with k = 2, 3, 10. The fi-
nal dataset contains more than 190K tweets in total. Moreover, the
table reports the average number of users who take part in the
conversation for each root post. Each collected root post generates
a network of replies that involves on average about 100 users.

Dataset2: Twitter hashtags. In order to be consistent with
the recent literature, we also collect tweets based on controver-
sial and non-controversial hashtags, in particular, the ones used
by Garimella et al. [5]. We use four controversial (#beefban,
#baltimore, #netanyahuspeech and #russia_march) and four non-
controversial hashtags (#germanwings, #onedirection, #sxsw, #ul-
tralive). For each hashtag we collect the recent posts. For each post
we collect all the reply tweets and build the dataset in the same
way that was described before. Statistics on this dataset are re-
ported in Table 2. Dataset2 contains more than 60K tweets in to-
tal.

We note that, upon manual inspection, for many hashtags in
the above-mentioned dataset, there is a mix of different behav-
iors depending on the context in which the hashtag is used in the
tweets. Some are predominantly controversial or non-controversial,
while others are mixed. Dataset2 is used as an additional test set
for our model trained on Dataset1 to assess the controversial na-
ture of popular hashtags.

4. Controversy analysis and detection

Given a social network we are interested in modeling the inter-
actions among users and the dynamics incurring due to generated
content. Users in social networks establish friendship or subscrip-
tion relationships with each other, and when users interact with
or publish new content their friends are informed. We model these
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relationships with a user graph G = (U, E), where U is the set of
users of the network and an edge e = (u;,u;) € E indicates that
users u; and u; are friends (undirected case) or that user u; follows
user u; (directed).

Moreover, a user may publish some new content item c;, possi-
bly in response to another content item ¢; authored by another user,
thus generating complex threads of discussion. Interactions within
a single thread are modeled with a content reply tree 7 = (C,R),
where C is the set of content items in the thread, and an arc
r= (¢, ¢j) € R indicates that ¢; is a reply to ¢;. Note that 7 is in-
deed a tree as each content item, except the first one (the root), is
a response to exactly one other item (its parent). Additionally, the
nodes of 7 are enriched with information about publishing time
and authoring user.

The tree 7 can be projected onto the users to model reply inter-
actions among users. The resulting structure is a user reply graph
R = (U,I), where an edge e = (u;, u;) €I indicates that the user u;
has replied to some content item posted by user u;. We refer to
the user who authored the first content item as origin.

Fig. 1a shows a content reply tree (also referred to as just re-
ply tree) present in our data, while Fig. 1b and ¢ shows the user
reply graph (or just reply graph) of two other discussion threads.
Note that a social network may have several disconnected reply
trees and reply graphs. Fig. 1b and c, even though are just exam-
ples, show how the network in the case of low controversy and
high controversy might be really different from a structural point
of view. The density of the graph in Fig. 1c for instance is higher
than in Fig. 1b.

Our main hypothesis is that the structure of the user graph g,
the reply tree 7, and the reply graph R can be characterized by
simple motifs of local user interactions that can be effectively ex-
ploited to distinguish between controversial and non-controversial
content.

In addition to local motifs, we also explore whether baseline
features (including network structure, content propagation, and
temporal features) are predictors of controversy. This standard
graph-based analysis is discussed in the next section while the
motif-based analysis is presented in the section “Motifs.”

4.1. Baseline graph-based analysis

Structural features. The simplest structural features to extract
from the user-interaction networks are the size in terms of number
of nodes and number of edges, and the degree distribution.

Fig. 2a shows the distribution of the sizes of the reply tree 7
and the reply graph R in terms of number of nodes and number
of edges for Dataset1 about Twitter pages with all the reply net-
works with at least 3 users involved in the conversation. To some
extent, these measures are related to the popularity of the con-
tent taken into consideration. Note that in our data the sizes of 7
and R are very similar for both controversial and non-controversial
content. This finding is in line with Smith et al. [21] that con-
troversial content does not necessarily generate larger threads of
conversation. From this, we can conclude that for distinguish-
ing controversy among popular topics, just the graph sizes do not
suffice.

Fig. 2b reports the average degree for the reply tree 7 and the
reply graph R. In this case, the distributions are quite different
for controversial and non-controversial content. A larger average
degree is observed for controversial content, suggesting that such
conversations generate more engagement among users.

Propagation-based features. In order to understand how infor-
mation propagates among controversial and non-controversial con-
versations, we investigate a number of different properties of the
reply trees 7 related to information propagation. Fig. 2c shows the
distribution of average and maximum cascade depths, where a cas-

cade is defined as a path from the root to a leaf of a reply tree.
The figure also shows the distribution of the maximum-size sub-
tree among all subtrees rooted in a child of the root node. We ob-
serve that for controversial content the reply trees generally have
larger depth.

Fig. 2d reports the distribution of the degree for the root, as
well as the node with the larger degree excluding the root in 7.
We see that in this case the controversial and non-controversial
discussions have similar distributions. Nevertheless, reply trees
of controversial discussions have higher probability of having a
smaller root degree than non-controversial, suggesting that contro-
versial discussions go beyond the first level of interaction.

Given the above analysis, to summarize content propagation,
we decided to use the two most significant features in the con-
tent reply trees. The other features, e.g. max cascade depth, are
discarded because they are strongly related to popularity. In par-
ticular:

- average cascade depth: the average length of root-to-leaf
paths;

- maximum relative degree: the largest node degree excluding
the root node, divided by the degree of the root.

Temporal features. Considering the simple assumption that
controversial topics may generate “dense” discussions in time, we
analyze the time elapsed between a content item and its reply.
Fig. 2e shows the distributions of minimum, maximum and aver-
age inter-reply time. Additionally, we measure the ratio of nodes
in a reply tree occurring within one hour from the root. For all the
measures above, there is no significant difference between contro-
versial and non-controversial reply trees. For prediction purposes,
we chose to use as features only the average inter-reply time and
the ratio of replies in the first hour. Maximum and minimum inter-
reply time are influenced by a single reply and for this reason they
were not considered further.

4.2. Motifs

Our main hypothesis in this paper is that local patterns of user
interaction can be used to discriminate between controversial and
non-controversial discussions. This hypothesis is consistent with
previous studies, where it was shown that local patterns can be
used to characterize different types of networks [22,29]. As with
previous work, we consider local patterns to be 2- and 3-node con-
nected subgraphs. We refer to such patterns as motifs.

We consider motifs in the user graph G and the reply graph
R. These two graphs encompass two different kinds of informa-
tion. An edge in the user graph ¢ indicates that a user follows
another user. These two users are likely to have similar inter-
ests and/or opinions. On the other hand, the reply graph R mod-
els the activity among users who may not know each other but
they are willing to discuss or comment on a specific topic. In this
sense, the reply graph R is much more dynamic and content-
dependent. Antagonism between users, which can not be cap-
tured by the user graph G can be captured by the reply graph
R. Our basic assumption is that a combined analysis of the two
graphs, G and R, can lead to an improved model for controversy
detection.

Dyadic motifs. We consider all possible patterns between two
users in graphs G and R, such that that there is at least one reply
(i.e., one edge in graph R) — otherwise the two users do not inter-
act with each other in the discussion thread. There are seven pos-
sible configurations, which are shown in Fig. 3a. Fig. 3b shows the
frequency distribution of dyadic motifs in our data. Note that pat-
terns are mutually exclusive, therefore, pattern A where u; replies
to u; also implies than u; does not reply u; and that the two users
do not follow each other.
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The most frequent dyadic motifs are A and C. According to
Fig. 3b, it is more likely to observe a reply to a followed user
in non-controversial cases. Conversely, in controversial cases it is
likely to reply to a user not being followed. This confirms the intu-
ition that controversial discussions thread interactions also among
users not directly connected in the user graph G. The features used
for detecting controversial content are the frequencies of all dyadic
motifs.

Triadic motifs. We also consider 3-node motifs, in particular
closed triangles. As in the case of dyadic motifs, we combine struc-
tural information from the user graph R and the reply graph g.
Fig. 4a shows some motifs we considered. We detect a triadic mo-
tif only if there is a reply interaction among the three users. Due
to the high number of possible motifs and since most motifs are
relatively rare in the data, we coalesce motifs in groups. Overall,

we form our set of triadic motifs by considering (i) the number of
follow edges among the three users (Fig. 4a), (ii) the number of
reciprocal follow edges, and (iii) the number of non reciprocal fol-
low edges with opposite direction with respect to the reply edge.
In total we have 20 different triadic motifs. The frequency of each
motif is considered as a feature for predicting controversy.

For the lack of space we do not report the distribution for
all the motifs, but generally most of the patterns we considered
for closed triangles were quite rare in the dataset. Only a few of
them are frequent and mostly in controversial threads, confirming
the intuition that controversial discussions exhibit a more complex
structure. The reason for the scarcity of complex structures is that
in microblogging platforms the interactions are brief and generally
involve few users. Because of the infrequency of the appearance
of patterns that include more than three nodes we limited the
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study to dyadic and triadic structures (the triads already showed
a marginal value in our identification task). Due to this choice the
network motifs used can be easily extracted. Network motifs can
be easily extracted both from user interactions and from the un-
derlying social network, and they are conceptually simple to define
and very efficient to compute.

To provide additional insights on user interactions, we con-
sider as additional feature the ratio of triangles in the reply
graph R over the number of all possible triangles (‘g'). Again, a
larger triangle ratio indicates that controversial content generates
more complex discussion threads with more interactions among
users and not only dyadic relations between the author of the
post and the replying user, as it in the case of non-controversial
situations.

We also considered “open” triadic motifs, i.e., 3-user subgraphs
connected by only two replies. Such patterns did not seem to help
much in predicting controversial discussions and therefore they are
not considered further. The features considered in this work are
shown in Table 3.

Table 3
Summary of all features.

Baseline: Avg. degree in T
Structural Avg. degree in R
Baseline: Avg. cascade depth in 7
Propagation Max. relative degree
Baseline: Avg. inter-reply time
Temporal % replies in 1h

Dyadic motifs
Triadic motifs

7 2-node motifs (shown in Fig. 3a)
20 3-node motifs
Triangles ratio

5. Experiments
5.1. Detection of controversy in Twitter pages

We used the Twitter datasets presented in the data collection
section. As already discussed, the Twitter pages of Datasetl can
be entirely labeled controversial or non-controversial, therefore we
classify tweets according to the page it belongs. The dataset is
quite balanced, with about 60% instances belonging to the con-
troversial class and 40% to the non-controversial. Reported exper-
iments are performed using 5-fold cross-validation and averaged
over 100 trials.

We evaluated different classifiers, including AdaBoost, Logistic
Regression, SVM and Random Forest, and chose AdaBoost as it re-
sulted in the best performance. We want to detect the contro-
versial nature of a post by analyzing user graph and reply trees.
To show the relevance of detecting motifs to quantify controversy
we compare the results with baseline graph-based features. We
analyzed the performance by the baseline graph-based features
and by using motif-based features (in addition and alone). We re-
port the accuracy of the classifier on both controversial and non-
controversial classes, and the precision, recall and F-measure with
respect to the controversial class.

As shown in Table 4 the baseline approach accuracy (with
structural, propagation-based and temporal features) is above 75%
and increases only slightly when restricting to reply trees with
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Table 4

Performance of the motif based classifier.
Filtering Accuracy Precision Recall F-measure
Baseline
> 2 users 0.76 0.79 0.81 0.80
> 3 users 0.77 0.80 0.82 0.81
> 10 users 0.78 0.81 0.83 0.82
Baseline + dyadic motifs
> 2 users 0.82 0.84 0.86 0.85
> 3 users 0.83 0.85 0.86 0.85
> 10 users 0.84 0.86 0.88 0.87
Baseline + dyadic and triadic motifs
> 2 users 0.83 0.85 0.86 0.85
> 3 users 0.84 0.86 0.85 0.86
> 10 users 0.85 0.87 0.88 0.87
Dyadic motifs only
> 2 users 0.75 0.77 0.82 0.80
> 3 users 0.75 0.77 0.82 0.80
> 10 users 0.77 0.79 0.84 0.82
Triadic motifs only
> 2 users 0.73 0.89 0.62 0.73
> 3 users 0.74 0.88 0.64 0.74
> 10 users 0.77 0.89 0.71 0.79
Dyadic + Triadic motifs only
> 2 users 0.77 0.81 0.80 0.81
> 3 users 0.77 0.81 0.80 0.80
> 10 users 0.80 0.84 0.82 0.83

Table 5
Feature importance (filtering > 10 users).

Feature Error reduction
(1) Avg. inter-reply time 0.18
(2) Max. relative degree 0.16
(3) Motif A 0.14
(4) % Replies within 1 h 0.08
(5) Motif B 0.08
(6) Motif G 0.06
(7) Triangles ratio 0.04
(8) Triadic motif 0.04

more than 10 users. With the addition of dyadic motifs, all the
performance figures are significantly improved. Note that the pre-
cision of the algorithm improves in both controversial and non-
controversial classes. The addition of triadic motifs leads to the
best results, but the improvement is only marginal. This is be-
cause, as discussed in the previous section, triads are infrequent:
even if conveying relevant information, they may help in improv-
ing the classification of a limited number of instances. The best re-
sults highlighted in boldface in Table 4 are statistically significant
(t-test with p-values «0.01) w.r.t. baseline features. Using dyadic
motifs alone, moreover, the accuracy of the model is comparable
with the baseline, with a limited improvement if we add the tri-
adic patterns.

In Table 5 we report the 8 most relevant features exploited by
the AdaBoost model according to their contribution in the error
reduction. Temporal features are important to detect controversy.
The first feature is the average inter-reply time, and the fourth is
the ratio of replies posted within one hour of the original tweet:
when the discussion is polarized people tend to reply in a shorter
time. This result is in line with other contexts. For example, it is
known that temporal features play the main role to predict pop-
ularity [30]. The second most important feature is the maximum
relative degree, i.e., the maximum degree normalized by the root
node degree. In non-controversial reply trees, the root is the only

node with a large degree, i.e., the node attracting most of the reply
activity.

The other features among the top-6 are dyadic motifs. The most
relevant being motif A, which corresponds to a user u; replying to
u; without any following relationship among the two. We deduce
that controversial threads create engagement among users not be-
ing directly connected in the social network. On the other hand,
the fact that motif C is not relevant (where a user replies to a
follower), suggests that it is less likely to have controversial dis-
cussions among friends. Interestingly, dyadic patterns seem to be
more relevant than propagation-based features. For instance, the
depth of the cascades, which was expected to model the complex-
ity of the interactions, is not among the top-8 features. Presumably,
complex propagation features are superseded by the simple motif
patterns.

Finally, the last two important features are based on triangles.
In particular the relevance of the triangle-ratio feature suggests
that triadic patterns are able to grasp interactions occurring in con-
troversial discussions. However it is harder to draw any conclusion
on the role of specific triads patterns, due to their low frequency.
The most significant specific triadic pattern included in the list in
Table 5 is a close reply triangle with two follow edges: one recip-
rocal and one not reciprocal with the same direction of the under-
lying reply edge. Since triadic patterns provide a limited contribu-
tion to the classifier, we conclude that dyadic motifs are already
effective, and there is not much information that can be extracted
based on specific triadic motifs.

5.2. Dynamic tracking of controversy

We found it is not always appropriate to classify a reply tree as
controversial or not. This is because each reply may generate unex-
pected reaction. For instance, there may be sub-threads of contro-
versy, within a non-controversial discussion. To test this intuition,
we analyzed the direct replies of the origin tweets that were clas-
sified as non-controversial. This can be achieved easily as the pro-
posed approach can be applied to any tweet given its reply tree,
or in this case, its reply sub-tree. By applying the model discussed
in the previous section, we found that about 7% of the direct-reply
sub-trees of a non-controversial tweet are controversial.

One such example is shown in Fig. 5, illustrating the reply tree
of a post by Justin Bieber. A majority of the replies are not contro-
versial and are written by his fans with compliments and expres-
sions of affection and love. However, the proposed algorithm de-
tected as controversial one sub-tree (highlighted in red) generated
by a reply in support to another singer: “Zayn is better.” This post
generated a subtree with animated discussion among fans. A simi-
lar case was found for Cristiano Ronaldo’s profile, where a number
of users started discussion about his rivalry with Messi.

Both of the previous examples are typical cases in which the
controversial portion of the discussion is limited to a few branches,
and its detection might be challenging. We claim that the proposed
approach, based on local motifs can successfully detect small con-
troversial sub-threads.

5.3. Hashtags evaluation

Since on Twitter, topics are often identified through hashtags,
we tested the proposed method on tweets mentioning a given
hashtag (Dataset2), obtained from the previous work [5]. Table 6
shows the fraction of controversial posts per hashtag, as detected
by our model. The smallest fraction of controversial discussions
is found with #sxsw and #ultralive hashtags (related to music
events), where most conversations are expected to happen among
supporters of the same music band. The most controversial dis-
cussions are found with the #beefban, #onedirection, #netanyahu,
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Fig. 5. A controversial reply sub-tree (in red) originated by a non-controversial post (in blue) by Justin Bieber. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)
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Fig. 6. Distribution of controversial (red) vs. non-controversial (blue) posts and top-3 features values over time for the #germanwings hashtag. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

#baltimore hashtags. The classification of these hashtags as contro-
versial is in line with the previous results [5], with the exception
of #onedirection for which we detected antagonist replies, upon
manual inspection. Most of the hashtags exhibit a mixed behavior
as far as controversy is concerned.! Indeed, simply counting the
number of tweets classified as controversial is a quite naive ap-

T E.g.: A controversial tweet id=580330769912061953 and a non-controversial
tweet id=580361863449444352 about #germanwings.

proach, strongly dependent on different factors, such as the daily
volume of tweets, on external events, and many others. For these
reasons, we believe that it is more interesting to study how the
controversy related to a given hashtag evolves over time.

Fig. 6 shows the evolution of the controversy for the #ger-
manwings hashtag. Note that some hours after the accident hap-
pened on March 24 the majority of threads are controversial. In
the evening the discussions become less controversial and mainly
about sorrow and condolences. An interesting increase of the
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Table 6
Hashtag controversy classification.

Hashtag Ratio of controversial posts
SXSW 0.32
Germanwings 0.49
Beefban 0.70
Netanyahu 0.55
Ultralive 0.29
Onedirection 0.61
Baltimore 0.58
Russia-march 0.46

controversy level is registered the next day, until details about
the accident were released. Then the discussion becomes pre-
dominantly non-controversial showing that the audience has di-
gested the news. We highlight that the level of controversy is anti-
correlated with the frequency for motif A, thus confirming the pre-
diction power of the proposed motifs. Moreover, we showed in the
figure also the trend for other significant features used by the clas-
sification model. The average inter-reply time and the maximum
relative degree are trends are very similar but the correlation with
the classification results is not easily evident, thus explaining the
importance of combining many different features to get a useful
classification.

6. Conclusion

We proposed a novel approach based on local graph motifs for
identifying controversy on online social networks. The proposed
method is language independent and exploits local patterns of user
interactions to detect controversial threads of discussion. Given a
content item, users reply to each other generating different config-
urations of the reply graph. We investigated local motifs extracted
from this graph and from the user friendship graph. Such mo-
tifs correspond to different interaction patterns among two users,
which may be linked by a possibly reciprocal reply action and by a
possibly reciprocal friendship relationship. Similar motifs regarding
the interaction of three users were considered.

We proved on a benchmark Twitter dataset that such motifs are
more powerful in predicting controversy than other baseline fre-
quently used graph properties such as cascade depth. Specifically
dyadic patterns seem to be more relevant than structural features
to detect controversy. We observed that in most cases controversy
arise when users participate to discussions beyond their social cir-
cles. This means that it is less likely to have controversial discus-
sions among friends. Finally, as the proposed motifs can be easily
extracted from any reply tree or sub-tree, we experimented with
the use of such patterns in monitoring the evolution of discussions
and sub-discussions over time. Indeed, we found that a topic of
discussion develops over time changing its level of controversy de-
pending on different sub-topics or on external events (e.g., news).
About 7% of the direct-reply sub-trees of a non-controversial tweet
are detected as controversial.

Therefore, a fine-grained analysis, as provided by the proposed
local motifs, is necessary for a better understanding of controversy
in online social networks.
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