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Abstract. The flourish of Web-based Online Social Networks (OSNs)
has led to numerous applications that exploit social relationships to boost
the influence of content in the network. However, existing approaches
focus on the social ties and ignore how the topic of a post and its struc-
ture relate to its popularity. Our work assists in filling this gap. The
contribution of this work is two-fold: (i) we develop a scheme that au-
tomatically identifies the topic of a post, specifically tweets, in real-time
without human participation in the process, and then (ii) based on the
topic of the tweet and prior related posts, we recommend appropriate
structural properties to increase the popularity of the particular tweet.
By exploiting Wikipedia, our model requires no training or expensive
feature engineering for the classification of tweets to topics.

1 Introduction

Content generation and propagation in Online Social Networks (OSNs) have
flourished in recent years. The topic of content published in OSNs is inevitably
linked to its diffusion and therefore identifying the topic of user generated con-
tent in OSNs may assist in a variety of applications, e.g., identifying influential
users on a specific topic [6, 1], personalizing web searches and recommendations
[16, 14] and discovering experts on the topic [13,12] to name a few. In this work
we focus on the network of Twitter, one of the most popular social networks
today, and aim to discover attributes that impact the popularity of the tweets
in conjunction to their respective topic. We denote popularity as the number
of retweets received by a tweet (also referred as retweetability). Extracting the
topic of the tweets is particularly challenging as traditional text-classification
methods for topic discovery are inappropriate for tweets due to the sparseness
and non-standardization of the text. Moreover, tweets are concise texts that usu-
ally present misspellings, non-standard terms and noise. Challenges are further
presented in terms of predicting the popularity of a tweet and making the ap-
propriate recommendations, even if the topic is known, particularly since not all
factors contributing to the dissemination may be captured (e.g. external events).

We argue that current schemes proposed for discovering attributes that affect
the popularity of the content in OSNs are inadequate, as they either ignore



the topic or consider it as given. Contrary to the majority of the works in the
literature that focus on either topic detection or popularity estimation in OSNs,
we investigate these two aspects in concert. Our goal is to design a topic-aware
recommendation system for micro-blogging services. We approach the problem
in two phases: (i) initially, we identify topics related to a tweet by exploiting
Wikipedia, and (ii) then we recommend the appropriate attributes to increase its
retweetability. A topic aware recommendation can help deal with the information
overload in micro-blogging communities, as information search may be filtered
based on the topic. Additionally, by capturing the attributes that enhance the
popularity of a tweet, under the context of the topic, we can contribute to its
further propagation. We note that although we use Twitter, our approach is
generic enough and can be exploited in several OSNs e.g., Facebook®. To the
best of our knowledge, we are the first to consider both aspects of real-time
tweet topic discovery and popularity in concert.

The contributions of our work are summarized as follows: (a) We propose a
novel approach that exploits Wikipedia to automatically identify the topic(s) in
the tweets in real-time, without the need for human agents or a prior knowledge
base. Our scheme correctly identifies the topic of more than 89% of the tweets,
achieving an accuracy of up to 43% higher than existing approaches. (b) We de-
sign a topic-based popularity prediction mechanism to estimate the probability
of a tweet exceeding a popularity threshold and recommend appropriate struc-
tures to boost its popularity. (¢) We evaluate the topic-aware recommendation
mechanism on 76150 tweets from popular accounts and 85120 random tweets.
Our experimental results illustrate the effectiveness of the proposed scheme,
which correctly estimates tweet popularity with up to 91% accuracy.

2 Owur Approach

Our approach for solving the problem of topic-aware recommendations to in-
crease popularity of a tweet unfolds in two phases. We initially deploy a classi-
fication mechanism to discover the set of topics covered in the tweet and later
discover the features that impact the retweets from past tweets on the topics.
The implementation of our Topic-Aware Recommendation System consists of two
main components, (i) a Classification Component and (ii) a Recommendation
Component. The overall system archltecture is depicted in Figure 1.
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Agriculture Arts Business |Chronology| Concepts
Culture Education |[Environment|Geography | Health

History Humanities Humans Language Law
Life Mathematics| Medicine Nature People
Politics Science Society Sports Technology

Table 1: Wikipedia classification main topics
2.1 Classification Component

For the purposes of topic discovery we exploit Wikipedia® as a Knowledge Base.
Wikipedia is a multilingual, web-based, free-content encyclopedia project con-
taining articles under various levels of concepts called categories. For each topic
¢ € C in Table 1, we retrieve the set of Wikipedia articles D, under this topic.
We consider that these topics are generic enough, however more topics could be
explored. For each article d € D. we construct labelled document vectors. The
label of the document vector denotes the corresponding topic of the article.

Tweet Text Enrichment. Given a tweet ¢ and the set of words W =
{w1, .., wy} included in the text of ¢, Yw; € ¢, excluding stop-words, we query
the related Wikipedia articles using the Wikipedia API ®. We consider consecu-
tive words of the tweet starting with capitals both isolated and also as a single
entity when querying Wikipedia. For each w; € W the set of relevant articles A’
are retrieved. A document vector V is later constructed for the tweet containing
the words in W; this is augmented with the words included in each article a’ € A’.
Using the Enriched tweet, we later deploy a classification algorithm to identify
the topics C’ of the tweet. Note, that a variety of classification algorithms may
be exploited for the task. In all cases, the enrichment of the tweet significantly
enhances performance, as we show in the experimental evaluation section. It is
possible that a tweet may cover multiple topics, therefore we assume it may be
related to at most k topics, where k is a tunable parameter. In our experiments
we set k = 3, as a single topic might be misleading. On the other hand, more
than 3 topics may lead to unrelated topics being identified.

Classification Algorithm. A single document vector V. for each topic ¢ is
computed by aggregating the document vectors of the articles on the topic. The
similarity of the tweet to the topic is estimated as follows:

ft,c) = % * W;V sim(w, V..) (1)

where Y sim(w,V_.) is the sum of similarities of words w € W in the tweet ¢
wew
classified to topic ¢, |W,| is the total number of words w € W classified to topic

¢ and |W| is the total number of words in tweet ¢. The similarity of the word w
to topic ¢ is computed as:
(g{y tyew Ay €eVe)?
sim(w, V) Do (2)
where y is a word in the augmented document vector w’ of word w with the cor-
responding Wikipedia article and |D.| denotes the number of documents of topic

4https:/ /en.wikipedia.org/wiki/Main_Page
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c. The word w is classified in topic ¢ € C so that sim(w,c) = max{sim(w,V_.) :
¥Yc € C}. The above metric intuitively computes the common words of the aug-
mented vector w’ to the total words of a topic V., while taking into account
the number of documents contained in ¢. In the experiments we also exploit the
cosine similarity metric.

2.2 Recommendation Component

Given the classified tweet, the next step is to identify appropriate structures that
positively affect popularity. This task is implemented through the recommenda-
tion component. The recommendation procedure includes the following steps:
(i) initially the set of past similar tweets S, i.e., tweets covering at least one of
the topics ¢’ covered in the tweet are retrieved and a popularity threshold 6 is
estimated based on tweets in S, and (ii) appropriate structures are recommended

to enhance retweetability as these are derived from the popular tweets in S.
X+p L

The popularity threshold 6 is estimated as § = —= where x and u 1 are
respectively the average and median value of retweets in S. We consider both
values, as the average value may be affected by extreme values and most of the
tweets are not frequently retweeted resulting in low median values. After 0 is
estimated, popular tweets in S, i.e. tweets with over 6 retweets, are identified
and a recommendation mechanism is triggered. To identify popular features and
extract recommendations, we investigate different methodologies.

Conditional Probabilities (CP): Under CP the probability P(p > 0|a)
of an attribute a being presented in popular tweets is estimated as:

1
P(p>60na) Z;‘

P(p=6)  Xpt

P(p > 0la) =

(3)

where p is the number of retweets, t; = 1 if tweet i in S are presents retweets
above 0 and attribute a is present, or #; = 0 otherwise. pt; = 1 if retweets of
i exceed 8 or pt; = 0 otherwise. If P(p > 6la) > 0.5, then the attribute a is
recommended. The Conditional Probabilities intuitively suggest the use of an
attribute if it is present in popular tweets with high probability.

Decision Trees (DT): As CP assumes independence of attributes, an as-
sumption that may not be necessarily valid, we further investigate the use of
Decision Trees in recommendations. To construct the decision tree, the infor-
mation gain of attribute a is estimated at each leaf as IG(p > 0,a) = H(p >
0) — H(p > 0la), where H(p > 0) is the entropy of retweets exceeding 6 and
H(p > 0|a) is the conditional entropy of retweets given that the attribute a is
present. Initially, we compute the IG(p > 0, a) for all attributes and for all tweets
in S. Afterwards, the attribute a presenting the highest IG(p > 6, a) value is se-
lected and tweets are split to S, and S,,, where S, contains tweets in S presenting
the attribute a and S;, contains tweets in S\ S,. The process is repeated for all
attributes and a binary tree is constructed, with branches of the tree leading to
leafs based on the presence or absence of attributes. The attributes leading to
the leaf with the greatest proportion of popular tweets are recommended.



3 Experimental Evaluation

Our experimental evaluation focuses on estimating the performance of both the
classification mechanism and the recommendation mechanism. We evaluate our
approach using two real-world datasets, (a) a dataset of 76150 tweets from 20
Popular accounts® and (b) a dataset of 85120 Random tweets published in the
UK area in January 2014 [18].

Classification Evaluation. In the first set of experiments we evaluate our
classification scheme, referred as Enriched and compare it to the Support Vector
Machine (SVM) classification model and a classifier that leverages Wikipedia
structure (Wiki-Structure) to identify tweet topics [11]. We further conducted
experiments by exploiting the cosine similarity measure between the enriched
tweet and the documents d. € D, referred as Enriched-Cosine.

To verify our automated topic detection scheme we randomly select 1000
classified tweets from each dataset and asked users of CrowdFlower 7 ,a crowd-
sourcing tool, to select the topics relevant to the tweet according to the topics of
Table 1. Each tweet is evaluated by 5 users. Tweets that users could not identify
the topic are considered as conflicted. The results of the crowdsourcing evalua-
tion are summarized in Table 2 and suggest that our automated topic-detection
scheme correctly identifies the topic of the tweets on more than 69% of all cases
for the popular and 43% of the random tweets. Excluding the cases that even
human agents are unable to decide on the topic, i.e. conflicting tweets, our ap-
proach correctly identifies the topic in 89% of the tweets from popular accounts
and over 94% of the random tweets. As tweets for the evaluation are randomly
selected, we note that results can be generalized for the entire datasets. In Table
3 we present the results of our suggested methodology compared to the rest of
the classification techniques. As the results indicate, the enrichment of the tweets
significantly enhances the performance of topic discovery. Moreover, considering
the common terms to the topic rather than the term frequencies further assists
the process, as suggester by the performance of our suggested metric over the
cosine similarity. Our approach manages to outperform the rest by up to 43%
in accurately identifying the topic of a tweet for the popular accounts and over
42% in the random tweets case.

Popular Random
Popular| Random Correct [Incorrect |Correct [Incorrect
Correct 692 437 Enriched 692 80 437 24
Incorrect 80 24 SVM 321 451 134 327
Conflicted| 228 539 Wiki-Structure 129 643 53 408
Enriched-Cosine| 354 418 239 222

Table 2: Classification

evaluation Table 3: Comparison of classification methods

To show how the clarity of the topic impacts on the popularity of the tweet,
we present in Figure 2a the median value of retweets received by tweets from
popular accounts. The median is estimated separately for tweets with conflicted
and tweets with clearly defined topic, based on the results of the CrowdFlower
evaluation. The results suggest that tweets with clearly defined topic are more

6Best People On Twitter: http://goo.gl/ AOUOGU
Thttp://www.crowdflower.com /
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Fig. 2: Retweets based on topic clarity
popular. Furthermore, tweets from popular accounts seem to have overall more
defined topic compared to random tweets (Table 2), implying that the clearly
defined topic of the tweets may have assisted in the popularity of the accounts.
We note that the median value for the random tweets equals zero, therefore in
Figure 2b we present the average value of retweets.

Topic-based recommendation evaluation. The last set of experiments
focuses on estimating the performance of the recommendation mechanisms. We
used 20% of the tweets of each topic for evaluation and 80% of the tweets to ex-
tract recommendations. The results are presented in Table 4. As the datasets are
imbalanced, including few popular tweets, we provide the Fl-measure and the
Balanced Accuracy. Conditional probabilities lead to high precision, yet many
popular tweets are considered as unpopular as suggested by the Recall value.
The performance of Decision Trees over Conditional Probabilities implies that
attributes may not be independent. For the popular accounts dataset recom-
mendations based on the Decision Trees correctly identify attributes that lead
to popularity of tweets with accuracy of over 74% on the topic of Technology
and over 84% on the topic of Education. As most of the tweets are unpopular in
the random dataset, few tweets are correctly identified as popular based on the
suggestions. Yet, the accuracy is up to 91%.

Dataset Recommenda- |Precision| Recall [Accuracy |[F1 Measure|Balanced Accuracy
tion
Technology Random 0.4769 | 0.0650 | 0.5275 0.1144 0.5010
(Popular) Conditional 0.6817 |0.3480 | 0.6176 0.4608 0.6021
Decision Tree 0.6939 | 0.8661 | 0.7441 0.7705 0.7450
Education Random 0.5926 | 0.0627 | 0.5229 0.1135 0.5109
(Popular) Conditional 0.9068 | 0.4196 | 0.6966 0.5737 0.6894
Decision Tree 0.8521 | 0.8327 | 0.8435 0.8423 0.8436
Geography Random 0.2083 [0.02538| 0.8871 0.0452 0.5070
(Random) Conditional 0.1216 | 0.4112| 0.6249 0.1877 0.5313
Decision Tree 0.0331 | 0.0976 | 0.9176 0.0494 0.5168

Table 4: Result on recommendation mechanisms evaluation

4 Related Work

In [4] the authors develop a method for analysing and automatically classifying
publications using the Wikipedia category hierarchy. In [5] Wikipedia is queried
based on entities of the tweets and the snippet of the retrieved articles is added
to the text of the tweet to cluster tweets. Their goal is to identify trend-topics
of the clusters. In [11] Wikipedia is used to disambiguate and categorize the
entities of a tweet and to develop a “topic profile” that characterizes users’ in-
terest. Genc et al. in [7] extend this work to calculate between-tweet distances



by exploiting the Wikipedia structure. In [3] Baralis et al. suggest a multi-level
classification technique for clustering tweets using the Vector Space Model and
association rules between terms of the documents. Banerjee et al. in [2] clus-
ter news feeds using Wikipedia to enrich the text and improve clustering. In
[10] the authors demonstrate that a reasonably effective classifier can be cre-
ated to identify the informative nature of tweets based on crowdsourcing data.
In [21] authors present a method to classify Twitter user interests using time
series generated from the contents of tweet streams. Towards identification of
user interests and latent topics in document collections authors in [8] propose
feature and social based topic models. Twitter profiles are also inferred using
LDA topic model in [15]. Shu et al. in [17] aim at discovering the content and
contextual features that impact retweetability. Zaman et al. in [22] develop a
probabilistic model using a Bayesian approach to predict the diffusion of a tweet
and the time lapse needed to be propagated. In [20] authors identify properties
of the tweets that lead to predictions of information propagation. Wang et al in
[19] propose a recommendation system for expanding the propagation of a tweet
through mentions. Kiciman in [9] studies the factors that influence self-reporting
bias on twitter and found that the extremeness of an event accounts to tweet
rate. However, none of the above works consider the topic of the tweets in asso-
ciation to their popularity. Aslay et al. in [1] consider topics to identify the most
appropriate seeds for increasing propagation of the contents in OSNs, yet topic
discovery is not addressed in their work.

5 Conclusions

In this paper we aim at understanding the factors that associate with retweeting
under the context of the topic of the tweets and propose a topic-based recom-
mendation system for increasing tweet popularity. We show that our approach
performs with up to 68% better accuracy compared to existing approaches in
identifying tweet topics and effectively estimates the tweet’s popularity with up
to 91% accuracy.
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