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Introduction

With the rise of web 2.0, hundreds of millions of people are spending countless hours on
social media. Defined as a group of Internet-based applications [105], social media, such
as microblogs, community question-answering and web forums, provides information
platforms to let people create, share, or exchange information, interests and their own
viewpoints. Using social media, people can be connected anywhere and anytime, which
also provides online channels to let people interact with each other. Social media has
been changing our world, not only because of its timeliness and interactivity, but it also
provides an ideal opportunity to observe human behavior through a new lens [265]. In
recent years, social media mining [231, 265] has been proposed to investigate massive
volumes of social media data that are being produced. Recent work on social media
mining has used social media data to understand, analyze, represent and extract a range of
actionable patterns [265]. Specifically, by mining social media data, we can extract bursty
and salient topics [57, 160, 208], find people and groups [4], detect emergencies [57, 96,
202], and predict user behavior [45, 53, 58, 260].

A key characteristic of social media mining is the ambition to monitor the content
of social media [231, 265], i.e., text from social media platforms, social relations among
users, and changes in social media data over time. Monitoring text has been studied for
quite a long time; indeed, it is a fundamental task in text mining [3]. Previous research on
text mining has applied multiple methodologies to help people and machines understand
text, e.g., document summarization [63, 165, 245] and text classification [86, 203]. Even
though text understanding has become a well studied research problem, understanding
social media documents remains a challenge. Social media documents are usually repre-
sented as part of a stream of documents, i.e., social text streams [192]. Social text streams
come in various kinds, e.g., tweets from microblogs, emails from mailing lists, threads
from web forums, updates from social media platforms, etc. But invariably, social me-
dia documents tend to be short, sparse, and more sensitive to the change of time than
traditional news or web documents. In addition, language patterns in social text streams
change with time, which leads to topic drift (the phenomenon that topics change over
time), a serious challenge to understanding social media documents. Therefore, most
existing text mining methods cannot be directly applied to understand social media data.

To understand social media text, recent work has explored various directions. Sev-
eral methods aim at discovering latent patterns, e.g., topics, sentiments and viewpoints,
from social media documents. Discovering topics from text has been at the core of topic
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1. Introduction

detection and tracking (TDT) [10]. In recent years, topic modeling has been applied to
detect and track topics from social media [65, 119, 157, 186, 273]. Focusing on un-
derstanding people’s opinions from a document, sentiment analysis is another impor-
tant task in understanding social media [157, 174]. Based on extracting latent patterns
from social media documents, in recent years, summarization, classification and rec-
ommendation have been successfully applied to help people understand social media
text. Unlike methods for generic text summarization, methods for social media summa-
rization, such as tweets summarization [41], community question-answering summariza-
tion [229] and web forum summarization [189], need to tackle the shortness, timeliness
and complicated social relations in social media. Research carried out in the area of so-
cial media mining has applied opinion summarization to understand opinions and view-
points by summarizing opinionated documents into structured or semi-structured sum-
maries [74, 75, 92, 108, 122]. Time-aware classification of social text streams [169] is
attracting more and more attention recently. Unlike text classification for other kinds
of documents, time-aware classification of social text streams has to deal with topic
drift [56, 57, 169, 192]. Finally, with the development of social media, trusted social
relations on many platforms, such as Yelp and TripAdvisor, have been shown to be ef-
fective in enhancing the performance of discovery and recommendation [43]; moreover,
user comments from e-commerce platforms can improve the rating prediction and the
interpretability of recommended results [137].

In this dissertation, we continue previous research on understanding social media
documents along three lines: summarization, classification and recommendation. Our
first line of work is the summarization of social media documents. Considering the
task of time-aware tweets summarization, we first focus on the problem of selecting
meaningful tweets given a user’s interests and propose a dynamic latent factor model.
Thereafter, given a set of opinionated documents, we address the task of summarizing
contrastive themes by selecting meaningful sentences to represent contrastive themes in
those documents. A viewpoint is a triple consisting of an entity, a topic related to this
entity and sentiment towards this topic. In this thesis, we also propose the task of multi-
viewpoint summarization of multilingual social text streams, by monitoring viewpoints
for a running topic and selecting a small set of informative documents. Our second line
of work concerns hierarchical multi-label classification. Hierarchical multi-label classifi-
cation assigns a document to multiple hierarchical labels. Here, we focus on hierarchical
multi-label classification of social text streams, in which we propose a structured learn-
ing framework to classify a short text from a social text stream to multiple classes from
a predefined hierarchy. Based on a viewpoint extraction model that we propose as part
of a multi-viewpoint summarization task, our third line of work applies a latent factor
model for predicting item ratings that uses user opinions and social relations to generate
explanations.

1.1 Research Outline and Questions

The broad question that motivates the research underlying this thesis is: How can we
understand social media documents? Individual components for solving this problem
already exist (see Chapter 2 for an overview), but other aspects, such as personalized
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1.1. Research Outline and Questions

time-aware tweets summarization, contrastive themes summarization, multi-viewpoint
summarization, hierarchical multi-label classification and explainable recommendation
have not yet been sufficiently investigated. This thesis aims to advance the state-of-
the-art on all of those aspects and contribute new solutions to the field of social media
monitoring. The work in this thesis focuses on developing methods for addressing the
challenges raised in three general research themes described above: summarization, clas-
sification and recommendation of social media text.

For summarizing social media documents, in Chapter 3 we start out with our study
by employing summarization approaches for selecting meaningful tweets given a user’s
personal interests, as previous work has found that text summarization is effective to help
people understand an event or a topic on social media [41, 170, 208, 251]. Twitter has
amassed over half a billion users, who produce (“tweet”) over 300 million tweets per
day. Twitter users can subscribe to updates from other users by following them, essen-
tially forming a unidirectional friend relationship. Moreover, tweets can be “retweeted,”
basically copying a tweet posted by another user to one’s own timeline. From an infor-
mation retrieval point of view, the sheer volume of users and tweets presents interesting
challenges. On the one hand, interesting, relevant, or meaningful tweets can easily be
missed due to a large number of followed users. On the other hand, users may miss
interesting tweets when none of the users they follow retweet an interesting piece of in-
formation. Tweets summarization aims at addressing this dual problem. However, how
to adapt tweets summarization to a specific user is still a topic of ongoing research [179].
Moreover, previous work on tweets summarization neglects to explicitly model the tem-
poral nature of the microblogging environment. Therefore, our research question in this
first study is:

RQ1: How can we adapt tweets summarization to a specific user based on a user’s
history and collaborative social influences? Is it possible to explicitly model the temporal
nature of a microblogging environment in personalized tweets summarization?

Multi-document summarization has become a well-studied research problem for help-
ing people understand a set of documents. However, the web now holds a large number
of opinionated documents, especially in opinion pieces, microblogs, question answering
platforms and web forum threads. The growth in volume of such opinionated documents
motivates the development of methods to facilitate the understanding of subjective view-
points present in sets of documents. Given a set of opinionated documents, we define
a theme to be a specific set of topics with an explicit sentiment opinion. Given a set of
specific topics, two themes are contrastive if they are relevant to those topics, but op-
posing in terms of sentiment. The phenomenon of contrastive themes is widespread in
opinionated web documents [59].

In Chapter 4, we focus on contrastive summarization [107, 176] of multiple themes.
The task is similar to opinion summarization, in which opinionated documents are sum-
marized into structured or semi-structured summaries [74, 75, 92, 108]. However, most
existing opinion summarization strategies are not adequate for summarizing contrastive
themes from a set of unstructured documents. To our knowledge, the most similar task in
the literature is the contrastive viewpoint summarization task [176], where one extracts
contrastive but relevant sentences to reflect contrastive topic aspects that are derived from

3



1. Introduction

a latent topic-aspect model [175]. However, previously proposed methods for contrastive
viewpoint summarization neglect to explicitly model the number of topics and the rela-
tions among topics in contrastive topic modeling—these are two key features in con-
trastive theme modeling. The specific contrastive summarization task that we address
is contrastive theme summarization of multiple opinionated documents. In our case, the
output consists of contrastive sentence pairs that highlight every contrastive theme in the
given documents. Regarding these two key features in contrastive theme modeling, we
address the following question:

RQ2: How can we optimize the number of topics in contrastive theme summarization
of multiple opinionated documents? How can we model the relations among topics in
contrastive topic modeling? Can we find an approach to compress the themes into a
diverse and salient subsets of themes?

In answering this question, we find that the definition of viewpoint in previous work [175,
176] neglects the importance of entities [158] in viewpoint modeling. Focused on an en-
tity, in Chapter 5 we redefine a viewpoint to refer to a topic with a specific sentiment
label. As an example, consider the entity “Japan” within the topic “#Whale hunting,”
with a negative sentiment. With the development of social media, we have witnessed a
growth in the number of social media posts that expressing dynamically changing view-
points in different languages around the same topic [178]. Unlike viewpoints in station-
ary documents, time-aware viewpoints of social text streams are dynamic, volatile and
cross-linguistic [65]. Hence, the task we address is time-aware multi-viewpoint summa-
rization of multilingual social text streams: We extract a set of informative social text
documents to highlight the generation, propagation and drift process of viewpoints in a
given social text stream.

The growth in volume of social text streams motivates the development of meth-
ods that facilitate the understanding of those viewpoints. Their multi-lingual character
is currently motivating an increasing volume of information retrieval research of multi-
lingual social text streams, in areas as diverse as reputation polarity estimation [178]
and entity-driven content exploration [236]. Recent work confirms that viewpoint sum-
marization is an effective way of assisting users to understand viewpoints in stationary
documents [74, 77, 107, 127, 138, 157, 243]. However, viewpoint summarization in
the context of multilingual social text streams has not been addressed yet. Compared
with viewpoint summarization in stationary documents, the task of time-aware multi-
viewpoint summarization of social text streams faces four challenges: (1) the ambiguity
of entities in social text streams; (2) viewpoint drift, so that a viewpoint’s statistical prop-
erties change over time; (3) multi-linguality, and (4) the shortness of social text streams.
Therefore, existing approaches to viewpoint summarization cannot be directly applied
to time-aware viewpoint summarization of social text streams. We ask the following
question:

RQ3:  How can we find an approach to help detect time-aware viewpoint drift? How
can we detect viewpoints from multilingual social text streams? How can we generate
summaries to reflect viewpoints of multi-lingual social text streams?

4



1.1. Research Outline and Questions

After our investigation into summarizing social media documents, we turn to classifying
social text streams. Short text classification has been shown to be an effective way of
assisting users in understanding documents in social text streams [141, 143, 169, 268].
Straightforward text classification methods, however, are not adequate for mining docu-
ments in social streams.

For many social media applications, a document in a social text stream usually be-
longs to multiple labels that are organized in a hierarchy. This phenomenon is widespread
in web forums, question answering platforms, and microblogs [42]. Faced with many
millions of documents every day, it is impossible to manually classify social streams into
multiple hierarchical classes. This motivates the hierarchical multi-label classification
(HMC) task for social text streams: classify a document from a social text stream using
multiple labels that are organized in a hierarchy. Recently, significant progress has been
made on the HMC task, see, e.g., [28, 34, 40]. However, the task has not yet been exam-
ined in the setting of social text streams. Compared to HMC on stationary documents,
HMC on documents in social text streams faces specific challenges: (1) Because of topic
drift, a document’s statistical properties change over time, which makes the classification
output different at different times. (2) The shortness of documents in social text streams
hinders the classification process.Therefore, in Chapter 6 we address the HMC problem
for documents in social text streams and provide an answer to the following question:

RQ4: Can we find a method to classify short text streams in a hierarchical multi-label
classification setting? How should we tackle the ropic drift and shortness in hierarchical
multi-label classification of social text streams?

In our last step towards understanding social media, we turn to the problem of explain-
able recommendation on e-commerce portals, with the goal of generating so-called view-
points by jointly analyzing user’s reviews and trusted social relations. Many e-commerce
sites, such as Yelp and TripAdvisor, have become popular social platforms that help users
discuss and select items. Traditionally, an important strategy for predicting ratings in
recommender systems is based on collaborative filtering (CF), which infers a user’s pref-
erence using their previous interaction history. Since CF-based methods only use (previ-
ous) numerical ratings as input, they suffer from the “cold-start” problem and from the
problem of unexplainable prediction results [89, 137], a topic that has received increased
attention in recent years.

Explainable recommendation has been proposed to address the “cold-start” problem
and the poor interpretability of recommended results by not only predicting better rating
results, but also generating item aspects that attract user attention [271]. Most existing
methods on explainable recommendation apply topic models to analyze user reviews to
provide descriptions along with the recommendations they produce. To improve the rat-
ing prediction for explainable recommendations, in Chapter 7, our focus is on developing
methods to generate so-called viewpoints by jointly analyzing user reviews and trusted
social relations. Compared to “topics” in previous explainable recommendation strate-
gies [32, 242], viewpoints, as we discussed in previous chapters, contain more useful
information that can be used to understand and predict user ratings in recommendation
task. We assume that each item and user in a recommender system can be represented as
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1. Introduction

a finite mixture of viewpoints. Furthermore, each user’s viewpoints can be influenced by
their trusted social friends. Our question in this study, then, is:

RQ5: Can we find an approach to enhance the rating prediction in explainable recom-
mendation? Can user reviews and trusted social relations help explainable recommenda-
tion? What are factors that could affect the explainable recommendations?

We seek answers to the five questions listed in five research chapters (Chapters 3-7). We
record our answers in the discussion and conclusion sections of each individual chapter
and in Chapter 8 we bring our answers together to summarize our findings.

In the next sections we list the contributions that this thesis makes to the field and we
give an overview of the thesis and of the origins of the material.

1.2 Main Contributions

This thesis contributes at different levels: we provide new task scenarios, new models
and algorithms, and new analyses. Our main contributions are listed below.

Task Scenarios

Personalized time-aware tweets summarization We propose the task of personalized
time-aware tweets summarization, selecting personalized meaningful tweets from
a collection of tweets. Unlike traditional summarization approaches that do not
cover the evolution of a specific event, we focus on the problem of selecting mean-
ingful tweets given a split of a user’s history into time periods and collaborative
social influences from “social circles.”

Contrastive theme summarization We address the task of summarizing contrastive
themes: given a set of opinionated documents, select meaningful sentences to rep-
resent contrastive themes present in those documents. Our unsupervised learning
scenario for this task has three core ingredients: contrastive theme modeling, di-
verse theme extraction, and contrastive theme summarization.

Time-aware multi-viewpoint summarization of multilingual social text streams We
propose the task of time-aware multi-viewpoint summarization of multilingual
social text streams, in which one monitors viewpoints for a running topic from
multilingual social text streams and selects a small set of informative social texts.
The scenario includes three core ingredients: dynamic viewpoint modeling, cross-
language viewpoint alignment, and, finally, multi-viewpoint summarization.

Hierarchical multi-label classification of social text streams We present the task of
hierarchical multi-label classification for streaming short texts, in which we clas-
sify a document from a social text stream using multiple labels that are organized
in a hierarchy. Our scenario includes three core ingredients: short document ex-
pansion, time-aware topic modeling, and chunk-based structural classification.
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Models and Algorithms

An effective approach for personalized time-aware tweets summarization \We pro-
pose a time-aware user behavior model, the Tweet Propagation Model (TPM), in
which we infer dynamic probabilistic distributions over interests and topics. We
then explicitly consider novelty, coverage, and diversity to arrive at an iterative
optimization algorithm for selecting tweets.

Non-parametric models for contrastive theme modeling We present a hierarchical
non-parametric model to describe hierarchical relations among topics; this model
is used to infer threads of topics as themes from a nested Chinese restaurant pro-
cess. We enhance the diversity of themes by using structured determinantal point
processes for selecting a set of diverse themes with high quality.

An effective approach to track dynamic viewpoints from text streams We propose
a dynamic latent factor model to explicitly characterize a set of viewpoints through
which entities, topics and sentiment labels during a time interval are derived jointly;
we connect viewpoints in different languages by using an entity-based semantic
similarity measure; and we employ an update viewpoint summarization strategy to
generate a time-aware summary to reflect viewpoints.

A structured learning algorithm for hierarchical multi-label classification Based on
a structural learning framework, we transform our hierarchical multi-label classi-
fication problem into a chunk-based classification problem via multiple structural
classifiers.

Social collaborative viewpoint regression for explainable recommendations We pro-
pose a latent factor model, called social collaborative viewpoint regression (SCVR),
for predicting item ratings that uses user opinions and social relations generate ex-
planations. To this end we use viewpoints from both user reviews and trusted social
relations. Our method includes two core ingredients: inferring viewpoints and pre-
dicting user ratings. We apply a Gibbs EM sampler to infer posterior distributions
for sSCVR.

Analyses

An analysis of the effectiveness of summarization methods on social media We pro-
vide a detailed analysis of the effectiveness of document summarization approaches
for each summarization task in this thesis. We compare those summarization meth-
ods with our own strategies in each task, and provide an extensive discussion of
the advantages and disadvantages of those methods on our datasets.

An analysis of social media summarization outcomes We identify factors that affect
the performance on each of the summarization tasks that we consider. For the
personalized time-aware tweets summarization task time periods and social circles
matter. Our analysis provides insights in the importance and impact of these dual
factors. For the contrastive theme summarization, several factors play a role in
our proposed summarization method. To determine the contribution of conrrast,
diversity and relevance, we provide an analysis to show the impact of those factors
in contrastive summarization. For the multi-viewpoint summarization, our analysis
provides the impact of each algorithmic step, and we identify the effect of novelry
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and coverage in summarization.

An analysis of hierarchical multi-label classification outcomes For each step in our
method for hierarchical multi-label classification of social text streams, we evalu-
ate its effectiveness. By comparing with existing work on hierarchical multi-label
classification, we analyze the overall effectiveness of our own method. We also
identify several factors that impact the classification results, namely, shortness of
document, topic drift and number of items, and provide an extensive analysis of
the impact of those factors in hierarchical multi-label classification.

An analysis of social relations and user reviews in recommendation Compared to
previous work on explainable recommendation, we identify two main differences
in our method: viewpoints from user reviews and influences from trusted social
relations. We evaluate each factor’s impact for the performance of explainable
recommendation. We discuss the explainability of recommendation by analyzing
outcomes of social collaborative viewpoint regression.

1.3 Thesis Overview

This thesis is organized in eight chapters. After a background chapter, we present five

research chapters containing our core contributions plus a concluding chapter:

Chapter 2—Background Here, we present the background for all subsequent chapters.
We place our research in the broader context of information retrieval and text min-
ing. After a brief outline of the field, and of social media mining in particular,
we review the document summarization, text classification, recommendations and
topic modeling literature.

Chapter 3—Personalized time-aware tweets summarization We focus on the prob-
lem of selecting meaningful tweets given a user’s interests. We consider the task
of time-aware tweets summarization, based on a user’s history and collaborative
social influences from “social circles.” We propose a time-aware user behavior
model, the Tweet Propagation Model (TPM), in which we infer dynamic proba-
bilistic distributions over interests and topics. We then explicitly consider novelty,
coverage, and diversity to arrive at an iterative optimization algorithm for selecting
tweets. Experimental results validate the effectiveness of our personalized time-
aware tweets summarization method based on TPM.

Chapter 4—Contrastive theme summarization We address the task of summarizing
contrastive themes: given a set of opinionated documents, select meaningful sen-
tences to represent contrastive themes present in those documents. We present a
hierarchical non-parametric model to describe hierarchical relations among topics;
this model is used to infer threads of topics as themes from a nested Chinese restau-
rant process. We enhance the diversity of themes by using structured determinantal
point processes for selecting a set of diverse themes with high quality. Finally, we
pair contrastive themes and employ an iterative optimization algorithm to select
sentences, explicitly considering contrast, relevance, and diversity. Experiments
on three datasets demonstrate the effectiveness of our method.

Chapter 5—Multi-viewpoint summarization of multilingual social text streams We
focus on time-aware multi-viewpoint summarization of multilingual social text
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streams. We propose a dynamic latent factor model to explicitly characterize a
set of viewpoints through which entities, topics and sentiment labels during a time
interval are derived jointly; we connect viewpoints in different languages by using
an entity-based semantic similarity measure; and we employ an update viewpoint
summarization strategy to generate a time-aware summary to reflect viewpoints.
Experiments conducted on a real-world dataset demonstrate the effectiveness of
our proposed method for time-aware multi-viewpoint summarization of multilin-
gual social text streams.

Chapter 6—Hierarchical multi-label classification of social text streams We focus
on hierarchical multi-label classification of social text streams. We extend each
short document in social text streams to a more comprehensive representation via
state-of-the-art entity linking and sentence ranking strategies. From documents ex-
tended in this manner, we infer dynamic probabilistic distributions over topics by
dividing topics into dynamic “global” topics and “local” topics. For the third and
final phase we propose a chunk-based structural optimization strategy to classify
each document into multiple classes. Extensive experiments conducted on a large
real-world dataset show the effectiveness of our proposed method for hierarchical
multi-label classification of social text streams.

Chapter 7—Saocial collaborative viewpoint regression We propose a latent variable
model, called social collaborative viewpoint regression (sCVR), for predicting
item ratings that uses user opinions and social relations generate explanations.
To this end we use so-called viewpoints from both user reviews and trusted so-
cial relations. Our method includes two core ingredients: inferring viewpoints and
predicting user ratings. We apply a Gibbs EM sampler to infer posterior distribu-
tions of SCVR. Experiments conducted on three large benchmark datasets show the
effectiveness of our proposed method for predicting item ratings and for generating
explanations.

Chapter 8—Conclusions We summarize our main findings and point out directions for
future research.

1.4 Origins

For each research chapter we list on which publication(s) it is based, and we briefly
discuss the role of the co-authors.

Chapter 3.  This chapter is based on Ren, Liang, Meij, and de Rijke [190] “Person-
alized time-aware tweets summarization,” Proceedings of the 36th international ACM
SIGIR conference on research and development in information retrieval. ACM, 2013.
The scope and the design of the algorithm and experiments were mostly due to Ren.
Liang and Meij contributed to the experiment. All authors contributed to the text.

Chapter 4.  This chapter is based on Ren and de Rijke [188] “Summarizing contrastive
themes via hierarchical non-parametric processes.” Proceedings of the 38th international
ACM SIGIR conference on research and development in information retrieval. ACM,
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2015. The design of the algorithm and the experiments were due to by Ren. All authors
contributed to the text.

Chapter 5.  This chapter is based on Ren, Inel, Aroyo, and de Rijke [193] “Time-aware
multi-viewpoint summarization of multilingual social text streams,” Proceedings of the
25th ACM international conference on information and knowledge management. ACM,
2016. The scope and the design of the algorithm and experiment were mostly due to Ren.
All authors contributed to the text.

Chapter 6.  This chapter is based on Ren, Peetz, Liang, van Dolen, and de Rijke [192]
“Hierarchical multi-label classification of social text streams,” Proceedings of the 37th
international ACM SIGIR conference on research and development in information re-
trieval. ACM, 2014. Van Dolen contributed to the experimental setup. The scope and
design of the algorithm was mostly developed by Ren. All authors contributed to the text.

Chapter 7. This chapter is based on Ren, Liang, Li, Wang, and de Rijke [194] “So-
cial collaborative viewpoint regression for explainable recommendations,” under review,
2016. The scope and design of the algorithm was mostly developed by Ren. Liang and
Wang contributed to the design of algorithm. All authors contributed to the text.

Work on other publications also contributed to the thesis, albeit indirectly. We mention
nine papers:

< van Dijk, Graus, Ren, Henseler, and de Rijke [234], “Who is involved? Seman-
tic search for e-discovery,” Proceedings of the 15th international conference on
artificial intelligence & law, 2015.

e Graus, Ren, de Rijke, van Dijk, Henseler, and van der Knaap [82], “Seman-
tic search in e-discovery: An interdisciplinary approach,” ICAIL 2013 workshop
on standards for using predictive coding, machine learning, and other advanced
search and review methods in e-discovery, 2013.

e Liang, Ren, and de Rijke [130] “The impact of semantic document expansion
on cluster-based fusion for microblog search,” Advances in information retrieval.
Proceedings of the 36th european conference on IR research. Springer, 2014.

e Liang, Ren, and de Rijke [129] “Fusion helps diversification,” Proceedings of the
37th international ACM SIGIR conference on research and development in infor-
mation retrieval. ACM, 2014.

e Liang, Ren, and de Rijke [131] “Personalized search result diversification via struc-
tured learning,” Proceedings of the 20th ACM SIGKDD international conference
on knowledge discovery and data mining. ACM, 2014,

e Liang, Ren, Weerkamp, Meij, and de Rijke [132] “Time-aware rank aggregation
for microblog search,” Proceedings of the 23rd ACM international conference on
conference on information and knowledge management. ACM, 2014.

e Ren, Ma, Wang, and Liu [189] “Summarizing web forum threads based on a latent
topic propagation process,” Proceedings of the 20th ACM international conference
on information and knowledge management. ACM, 2011.

10



1.4. Origins

< Ren, van Dijk, Graus, van der Knaap, Henseler, and de Rijke [191] “Semantic
linking and contextualization for social forensic text analysis,” Proceedings of eu-
ropean intelligence and security informatics conference (EISIC). IEEE, 2013.

e Zhao, Liang, Ren, Ma, Yilmaz, and de Rijke [274] “Explainable user clustering in
short text streams,” Proceedings of the 39th international ACM SIGIR conference
on research and development in information retrieval. ACM, 2016.
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Background

In this chapter, we provide the concepts and background needed in later chapters in this
thesis. We start with a brief introduction to social media in Section 2.1, in which we focus
on information retrieval in social media. We study the overall task that we address in this
thesis, i.e., monitoring social media, from three angles: summarization, classification,
and recommendation. Thus, in Section 2.2 we detail previous work on summarization
to prepare for Chapters 3-5. Specifically, Section 2.2.2 surveys background material on
multi-document summarization. Because our proposed summarization strategies of so-
cial media rely on update summarization algorithms, we discuss related work on update
summarization in Section 2.2.3. In Section 2.2.4 we describe related work on tweets sum-
marization, which is the subject of Chapter 3. The contrastive theme summarization and
the viewpoint summarization algorithms proposed in Chapter 4 and 5, respectively, work
with opinion summarization; thus we also recall previous work for sentiment analysis in
Section 2.2.5. And then, in Section 2.3, we discuss background knowledge on text classi-
fication, which is the subject of Chapter 6. Specifically, our proposed hierarchical multi-
label classification of social text streams in Chapter 6 utilizes short text classification and
hierarchical multi-label classification algorithms; relevant methods are described in Sec-
tion 2.3.2 and Section 2.3.3, respectively. In Section 2.4, we provide background for our
work on recommendation. For the task of explainable recommendation in Chapter 7, we
provide background material on collaborative filtering and explainable recommendations
in Section 2.4.2 and Section 2.4.3, respectively.

Finally, we detail preliminaries of machine learning methods that are used in thesis.
Our proposed algorithms in Chapters 3—7 work with latent topic modeling; thus we re-
call methods for topic modeling in Section 2.5. Section 2.6 surveys background material
on the determinantal point process, which is applied in Chapter 4. We introduce struc-
tured learning methods in Section 2.7 for our proposed chunk-based structured learning
algorithm in Chapter 6.

2.1 Social Media

In this section, we describe relevant research on social media. We start with a general
overview of social media and then zoom in on information retrieval for social media.
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2.1.1 Overview

Social media refers to websites and applications that enable users to create and share
content or participate in social networking [177]. Those websites and applications in-
clude personal blogs, microblogs, web forums, community question-answering, mailing
lists, and many websites with social networking services. In day-to-day language, social
media also refers to social networking sites such as Facebook, G+, and LinkedIn. An
increasing number of e-commerce portals and traditional newspapers, such as Yelp,* Tri-
pAdvisor,? and the New York Times,? have begun to provide social media services. For
example, on the New York Times website, users can share, comment, and discuss each
article.

Social media has been broadly defined to include widely accessible electronic tools
that enable anyone to publish, access, and propagate information. An important feature
of social media is social networking. According to Maslow’s hierarchy of needs [153],
humans need to feel a sense of belonging and acceptance among their social communi-
ties. This primary need drives the success of social media in recent years.

According to Aichner and Jacob [8], social media can be divided into eight kinds:
(1) blogs; (2) microblogs; (3) e-commerce portals; (4) multimedia sharing; (5) social
networks; (6) review platforms; (7) social gaming; and (8) virtual worlds. Unlike tradi-
tional media, social media documents have unique features in many aspects:

e Shormess: Most social media documents are shorter than documents in traditional
media, e.g., in Twitter, there is a 140 character limit to the length of a tweet [190].
Compared to long documents, traditional text mining methods usually cannot suc-
cessfully be applied directly to analyze social media documents.

e Multilinguality: With the development of social media, people using different lan-
guages are involved in the same communication platform. E.g., during global
sports events such as FIFA Worldcup 2014, people discuss the same match in mul-
tiple languages on Twitter.

e Opinions: Social media holds a large number of opinionated documents, espe-
cially in opinion pieces, microblogs, question answering platforms and web forum
threads. Thus, understanding opinions and sentiment analysis become increasingly
important for content analysis in social media.

e Timeliness: Social media documents are posted with specific timestamps. The
dynamic nature of social media makes text in social media quite different from
text in traditional, more static collections. Topic drift and viewpoint drift can be
found in social text streams. Because of such phenomena, the statistical properties
of social media text streams change over time.

2.1.2 Information retrieval in social media

Information retrieval (IR) is about finding material of an unstructured nature that satis-
fies an information need within large collections [150]. According to Baeza-Yates and
Ribeiro-Neto [20], information retrieval deals with the representation, storage, organi-

http://www.yelp.com
Zhttp://tripadvisor.com
3http://www.nytimes.com
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zation of, and access to information items. A lot of system-oriented early IR research,
from the 1950s in which the term IR was proposed by Mooers [164] until the early
1990s, focuses on boolean retrieval models [104], vector space retrieval models [204],
and probabilistic retrieval models [152, 197].

Specifically, Boolean retrieval models are the basic retrieval models, where the input
query is represented as a Boolean expression of terms, and relevance of a document to a
query is binary. To tackle the disadvantages of Boolean retrieval models, researchers pro-
posed a second generation of retrieval models, i.e., vector space models [204], where the
“bag of words” representation is introduced. Such models tend to neglect the dependence
between adjacent terms, so that context-aware information is lost in the representation.
Furthermore, weighting of terms or documents in vector space models is intuitive but
not always formally justified [128]. Therefore, probabilistic retrieval models were pro-
posed by Maron and Kuhns [152] and Robertson and Jones [197]. Probabilistic retrieval
modeling is the use of a model that ranks documents in decreasing order of their proba-
bility of relevance to a user’s information needs [51]. In probabilistic retrieval models,
the probability of relevance of a document to a query is set to depend on the query and
document representations. With the availability of a large number of ranking functions
came the need to combine their outcomes, in the late 1980s the idea of learning to rank
was introduced [72]. From the late 1990s, lots of IR research focuses on learning to
rank [103], language models [182], and text mining [3, 90, 99, 102]: With the devel-
opment of machine learning, many supervised learning methods have been applied to
optimize the ranking of documents, which are called learning to rank models [103].

In the meantime, with the emergence of the World Wide Web in the 1990s, the field of
information retrieval changed in important ways [177]. Search has to be open to everyone
who can access the web. And the scale of the data used in IR has changed dramatically.
In parallel, another important development occurred: since 1992, the Text REtrieval Con-
ference (TREC) [88] has been set up to support research within the information retrieval
community by providing the infrastructure necessary for large-scale evaluation of text
retrieval methodologies.

The web gave rise to a large number of ranking methods, such as PageRank [37] and
HITS [111], that exploit the special nature of the web and of web pages. Instead of overtly
modeling the probability of relevance of a document to a query, language models [182]
model the idea that a document is a good match to a query if the document model is
likely to generate the query, which will in turn happen if the document contains the query
words often [150]. Because of the large volume of data in current information retrieval
tasks, text mining in IR has received an increase number of attention [3, 90, 99, 102].
In information retrieval, text mining [3] refers to a family of techniques oriented to the
study of deriving high-quality information from texts. Early text mining tasks considered
in IR include text summarization, text classification, text clustering, concept extraction,
sentiment analysis, and entity modeling [90, 216, 217, 241, 258, 278].

In recent years, information retrieval has been successfully applied to social media.
Information retrieval in social media needs to consider the specific features of social
media documents and network structure, and adjust the formulation for their research
problems. Generally, IR work on social media can be divided into the following groups:
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Retrieval in social media Because of the dynamic nature of social media documents,
topic drift happens, i.e., topic distributions change over time. Thus, in the task of
rankings of documents in social media, the relevance of a social media document to
a query may change over time. Recently, dynamic retrieval tasks, such as microblog
search [135, 173, 218] and temporal summarization [18, 19], have been tackled as tracks
within TREC. In the TREC microblog track, the task can be summarized as: at time
t, participants are asked to find tweets that are relevant to a query ¢, and rank relevant
tweets by time [218]. Since the launch of the microblog track, several strategies have
been proposed for microblog retrieval, many of them using temporal information related
to microblogs [13, 277]. Zhang et al. [269] apply a combination method by taking the
frequency of a query term in various microblogs into account with query expansion. Luo
et al. [147] apply a learning to rank method by considering meta data as block features
in the microblog search.

The temporal summarization track has been proposed to develop systems for effi-
ciently monitoring the information associated with an event over time [18, 19]. Specif-
ically, it is aimed at developing systems that can broadcast short, relevant, and reliable
sentence length updates about a developing event. Following the idea of temporal sum-
marization, Guo et al. [85] focus on updating users about time critical news events. Mc-
Creadie et al. [156] apply a regression model to tackle the incremental summarization for
events.

Information diffusion in social media Understanding the propagation of information
in social media communities is another crucial topic [255]. Research about informa-
tion diffusion in social media can be divided to discrete-time diffusion and continuous-
time diffusion. Early research focuses on discrete-time diffusion in social communi-
ties [1, 80, 123, 255]. Adar and Adamic [1] formulated diffusion as a supervised classi-
fication problem and used support vector machines combined with rich textual features
to predict the occurrence of individual links. Because choosing the best set of edges
maximizing the likelihood of the data is NP-hard, Gomez Rodriguez et al. [80] propose
an efficient approximate algorithm for inferring a near-optimal set of directed edges. For
the continuous-time setting, several authors estimate the expected number of followups
a set of nodes can trigger in a time window [48, 60, 80, 81, 172, 232, 256]. Cheng et al.
[49] examine the problem of predicting the growth of retweeting behavior over social
communities. Gao et al. [76] focus on retweeting dynamics and predict the future pop-
ularity of given tweets by proposing an extended reinforced Poisson process model with
time mapping process. Based on the influence estimation problem, the influence max-
imization problem is proposed where one needs to search a set of nodes whose initial
adoptions of a contagion can trigger, within a given time window, the largest expected
number of follow-ups [81]. Focusing on this problem, Rodriguez and Scholkopf [198]
propose an efficient approximate algorithm by exploiting a natural diminishing returns

property.

Monitoring social media Monitoring social media refers to a continuous systematic
observation and analysis of social media communities [66]. Because of social media
features that we described at the beginning of this section, monitoring social media is a
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challenging problem. To tackle this problem, in recent years, more and more researchers
start to apply text mining methods from IR to monitor social media documents. Many
tasks can be found, including understanding content of social media [62, 169, 170, 209,
215, 224, 229, 251, 259] and predicting user behavior on social media [91, 98, 244, 250].
To help understand social media content, social media summarization, clustering, and
classification have been tackled using a range of approaches. The shortness of docu-
ments hinders the effectiveness of many widely used text mining methods when working
with social media. Focusing on short text processing in social media, Efron et al. [62]
propose a document expansion method to extend short texts to long text. Knowledge-
based semantic document expansion methods have also been proved effective in social
media text processing [82, 190, 191]. Liang et al. [130] integrate semantic document ex-
pansion to increase the contribution of the clustering information in cluster-based fusion
for microblog search. Using word co-occurrence patterns to replace unigram semantic
units in topic learning, the biterm topic model (BTM) tackles the shortness problem in
short text processing [253]. Inspired by BTM, Zhao et al. [274] propose a dynamic user
behavior model for user clustering of social text streams. Opinion mining is another cru-
cial topic in social media monitoring [115]. To analyze opinionated documents in social
media, Liu et al. [140] propose a smoothed language model to combine manually labeled
data and noisy labeled data. Moreover, online reputation management in social media
has been tackled as an evaluation exercise activity, i.e., RepLab [14-16]. Based on the
ReplLab 2012 and 2013 datasets, Peetz et al. [178] automatically determine the reputation
polarity of a tweet by using features based on three dimensions: the source of the tweet,
the contents of the tweet and the reception of the tweet.

Another important task in monitoring social media is collective user behavior mod-
eling [23, 98]. In recent years, this task has received an increasing amount of atten-
tion [23, 98, 250, 262]. Several approaches have been proposed for the recommendation
task in social media: Yang et al. [256] address recommendation and link prediction tasks
based on a joint-propagation model, FTP, between social friendship and interests. Ye
et al. [260] propose a generative model to describe users’ behavior, given influences from
social communities, for recommendation [148, 149]. Chen et al. [45] propose a collab-
orative filtering method to generate personalized recommendations in Twitter through a
collaborative ranking procedure.

In this dissertation, our focus relates to monitoring social media. To answer the re-
search questions listed in Chapter 1, we use three angles: summarization, classification
and recommendation. As we work on automatic text summarization of social media
documents in Chapters 3-5, we provide brief overviews of multi-document summa-
rization (Section 2.2.2), update summarization (in Section 2.2.3), tweets summariza-
tion (Section 2.2.4), and opinion summarization (Section 2.2.5). As we work on hier-
archical multi-label classification in Chapter 6, we provide a brief overview of short text
classification (Section 2.3.2) and hierarchical multi-label classification (Section 2.3.3).
And as background for our work on explainable recommendation in Chapter 7, we pro-
vide an overview of collaborative filtering (Section 2.4.2) and explainable recommen-
dation (Section 2.4.3). Because we utilize latent factor modeling, determinantal point
processes, and structured learning for social media monitoring, we introduce the back-
ground of these methods in Sections 2.5, 2.6, and 2.7.
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2.2 Automatic Text Summarization

2.2.1 Overview

A text summarization system takes one or more documents as input and attempts to pro-
duce a concise and fluent summary of the most important information in the input [165].
In the 1950s, automatic text summarization was proposed by Luhn [146] with a term
frequency based strategy. With the development of the World Wide Web, billions of web
documents make text summarization much more important. In recent years, numerous
summarization approaches have been proposed to digest news articles [52, 134, 230],
text streams [156, 252], community question-answering [229], microblogs [159], and
opinionated documents [74, 93, 176].

Text summarization approches can be divided into two classes: extractive summa-
rization and abstractive summarization. Methods for extractive summarization select
keywords or sentences from candidate documents to form the summary, whereas meth-
ods for abstractive summarization apply natural language generation to build an inter-
nal semantic representation for candidate documents. In this dissertation, our research
mainly focuses on extractive summarization.

Early work in text summarization focused on the single document summarization task
where the input is only one document. As research progressed, large redundancy on the
web motivated research on multi-document summarization where the digest is generated
from multiple similar but different documents. Based on multi-document summarization,
update summarization, tweets summarization, and opinion summarization have been pro-
posed. As we tackle automatic text summarization tasks for social media documents in
Chapter 3-5, in this section, we provide background material on multi-document sum-
marization, update summarization, tweets summarization, and opinion summarization.

2.2.2 Multi-document summarization

Multi-document summarization (MDS) is useful since it is able to provide a brief digest
of large numbers of relevant documents on the same topic [165]. Most existing work on
MDS is based on the extractive format, where the target is to extract salient sentences to
construct a summary. Both unsupervised and supervised based learning strategies have
received lots of attention. One of the most widely used unsupervised strategies is clus-
tering with respect to the centroid of the sentences within a given set of documents; this
idea has been applied by NeATS [134] and MEAD [184]. Many other recent publica-
tions on MDS employ graph-based ranking methods [63]. Wan and Yang [241] propose
a theme-cluster strategy based on conditional Markov random walks. Similar methods
are also applied in [245] for a query-based MDS task. Celikyilmaz and Hakkani-Tur
[39] consider the summarization task as a supervised prediction problem based on a two-
step hybrid generative model, whereas the Pythy summarization system [230] learns a
log-linear sentence ranking model by combining a set of semantic features. As to dis-
criminative models, CRF-based algorithms [211] and structured SVM-based classifiers
[125] have proved to be effective in extractive document summarization. Learning to
rank models have also been employed to query-based MDS [210] and to topic-focused
MDS [279]. In recent years, with the development of social media, multi-document sum-
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marization is also being applied to social documents, e.g., tweets, weibos, and Facebook
posts [41, 61, 167, 189, 190].

2.2.3 Update summarization

Traditional document summarization is retrospective in nature. Update summarization [11]
is becoming a popular task in MDS research [165]; for this task one follows a stream of
documents over time and extracts and synthesizes novel information in a collection of
documents on what is new compared to what has been summarized previously [54, 156,
167, 215]. Given a base collection that users have already read and another update collec-
tion of recent documents, the goal of update summarization is to generate an update sum-
mary by analyzing the novelty, contrast and prevalence. An intuitive solution to update
summarization is to remove redundancy from the output generated by a multi-document
summarizer [70]. Yan et al. [252] propose an evolutionary timeline summarization strat-
egy based on dynamic programming. Wan [240] propose a co-ranking algorithm to opti-
mize a trade-off strategy between novelty and relevance metrics. McCreadie et al. [156]
propose a pair-wise learning to rank algorithm to produce an update summary. They
also train a regression model to predict the novelty of the given documents in each time
period.

2.2.4 Tweets summarization

Several publications have focused on tweets summarization: the task of selecting a list of
meaningful tweets that are most representative for some topic. Most work in the literature
concerns tweets as basic constituents to compose a summary. Some authors bring feature-
based or graph-based summarization technologies to bear on this task [170, 209], while
other methods use a term-frequency based method [224] or a strategy based on mutual
reinforcement between users’ influence and qualifications of tweets [251].

Recently, time-aware summarization has been studied by several authors, often in
the form of timeline generation on Twitter. Chakrabarti and Punera [41] separate topic
related tweets into various periods as an event evolution map, and generate an update-
summarization result. Evolutionary summarization approaches segment post streams into
event chains and select tweets from various chains to generate a tweet summary; Nichols
et al. [167] propose an effective method to separate timelines using Twitter. To the best
of our knowledge, existing work on tweets summarization focuses on the extraction of
representative tweets for specific topics, without considering personalization.

Other work integrates the task of selecting tweets with other web documents: Yang
et al. [259] use mutual reinforcement to train both the selection of related web documents
and tweets via a single graph factor model. Zhao et al. [272] extract representative key-
words from tweets based on a topic model. Tweet ranking has also attracted attention:
Weng et al. [247] proposed a graph-based ranking strategy for ranking tweets based on
the author-topic model.
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2.2.5 Opinion summarization

In recent years, sentiment analysis has received a lot of attention. As a fundamental task
in sentiment analysis, opinion summarization [92] is crucial to understand user gener-
ated content in product reviews. Opinion summarization generates structured [92, 124,
145, 157] or semi-structured summaries [75, 93, 109] given opinionated documents as
input. Given opinionated documents, a structured opinion summary shows positive/neg-
ative opinion polarities. Semi-structured opinion summarization extracts sentences to
describe opinion polarities. Hu and Liu [93] apply a sentence ranking approach based
on the dominant sentiment according to polarity. Kim et al. [109] propose a method
to extract explanatory sentences as opinion summary. Ganesan et al. [75] propose an
unsupervised method to generate a concise summary to reflect opinions. Other relevant
work for the contrastive summarization has been published by Lerman and McDonald
[122] and Paul et al. [176]. Lerman and McDonald [122] propose an approach to extract
representative contrastive descriptions from product reviews. A joint model between
sentiment mining and topic modeling is applied in [176]. Opinosis [74] generates a sum-
mary from redundant data sources. Similarly, a graph-based multi-sentence compression
approach has been proposed in [67]. Meng et al. [159] propose an entity-centric topic-
based opinion summarization framework, which is aimed at generating summaries with
respect to topics and opinions.

2.3 Text Classification

2.3.1 Overview

Given input documents and pre-defined classes, the target of text classification is to clas-
sify each document to one or more classes. As a traditional task in text mining and
machine learning [3, 30, 71], text classification has received quite lot of attention. Dis-
tinguished by the formulation of the labeling results, text classification can be divided
into binary classification, multi-class classification, and multi-label classification [71].
For traditional long documents, binary text classification and multi-class text classifica-
tion, as a basic machine learning task, have already become two well-studied research
problem [30, 71]. In recent years, the growth in volume of social media text drives lots
of research interest on short text classification [35, 46, 261], especially for text classifica-
tion of social text streams [169]. Another challenging research task in text classification
is hierarchical multi-label classification (HMC) [112], which is to classify a document
using multiple labels that are organized in a hierarchy.

In Chapter 6, we address the HMC task for social text streams. Thus in this sec-
tion, we discuss a selection of influential approaches proposed in the literature, on both
short text classification (in Section 2.3.2) and hierarchical multi-label classification (in
Section 2.3.3).

2.3.2 Short text classification

In recent years, short text classification has received considerable attention. Most pre-
vious work in the literature addresses the sparseness challenge by extending short texts
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using external knowledge. Those techniques can be classified into web search-based
methods and topic-based ones.

Web search-based methods handle each short text as a query to a search engine, and
then improve short text classification performance using external knowledge extracted
from web search engine results [35, 261]. Such approaches face efficiency and scala-
bility challenges, which makes them ill-suited for use in our data-rich setting [46]. In
a different way, several other works haves been proposed via collecting a large-scale
corpus to enhance the classification performance [46, 181, 220, 266].

As to topic-based techniques, Phan et al. [181] extract topic distributions from a
Wikipedia dump based on the LDA [32] model. Similarly, Chen et al. [46] propose an
optimized algorithm for extracting multiple granularities of latent topics from a large-
scale external training set; see [220] for a similar method.

Besides those two strategies, other methods have also been employed. E.g., Sun
[222] and Nishida et al. [168] improve classification performance by compressing shorts
text into entities. Zhang et al. [268] learn a short text classifier by connecting what they
call the “information path,” which exploits the fact that some instances of test documents
are likely to share common discriminative terms with the training set. Few previous
publications on short text classification consider a streaming setting; none focuses on a
hierarchical multiple-label version of the short text classification problem.

2.3.3 Hierarchical multi-label classification

In machine learning, multi-label classification problems have received lots of attention.
Discriminative ranking methods have been proposed in [207], while label-dependencies
are applied to optimize the classification results by [86, 113, 180]. However, none of
them can work when labels are organized hierarchically.

The hierarchical multi-label classification problem is to classify a given document
into multiple labels that are organized as a hierarchy. Koller and Sahami [112] pro-
pose a method using Bayesian classifiers to distinguish labels; a similar approach uses
a Bayesian network to infer the posterior distributions over labels after training multiple
classifiers [21]. As a more direct approach to the HMC task, Rousu et al. [200] propose
a large margin method, where a dynamic programming algorithm is applied to calculate
the maximum structural margin for output classes. Decision-tree based optimization has
also been applied to the HMC task [34, 237]. Cesa-Bianchi et al. [40] develop a classifi-
cation method using hierarchical SVM, where SVM learning is applied to a node if and
only if this node’s parent has been labeled as positive. Bi and Kwok [28] reformulate
the “tree-” and “DAG-" hierarchical multi-label classification tasks as problems of find-
ing the best subgraph in a tree and DAG structure, by developing an approach based on
kernel density estimation and the condensing sort and select algorithm.

To the best of our knowledge there is no previous work on HMC for short documents in
social text streams. In Chapter 6 we present a chunk-based structural learning method for
the HMC task, which is different from existing HMC approaches, and which we show to
be effective for both the traditional stationary case and the streaming case.
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2.4 Recommender Systems

2.4.1 Overview

Recommender systems are playing an increasingly important role in e-commerce portals.
Typically, the task of recommender systems, or recommendation, is to aggregate and
direct input items to appropriate users [79, 195]. Formally, given a set of users, U, and
a set of candidate items, V, during recommendation we need to learn a function f, i.e.,
f:UxV - R, where R indicates the ratings set between users and items. Thus, given
each user v [U], the target of the recommendation process is to find a proper item v [V
so that:

= ! 2.1
v = arg maxf(u, v'), (2.1)

Approaches for recommender systems can be divided into content-based recommenda-
tion and collaborative filtering (CF) [2, 214]. The task of content-based recommendation
is to recommend items that are similar to the ones the user preferred in the past, whereas
collaborative filtering is based on the core assumption that users who have expressed sim-
ilar interests in the past will share common interests in the future [79]. Recently, signifi-
cant progress has been made in collaborative filtering [22, 114, 121, 163, 206]. However,
since CF-based methods only use numerical ratings as input, they suffer from a “cold-
start” problem and unexplainable prediction results [89, 137], a topic that has received
increased attention in recent years. Explainable recommendation has been proposed to
address the “cold-start” problem and the poor interpretability of recommended results
by not only predicting better rating results, but also generating item aspects that attract
user attention [271]. We propose an explainable recommendation approach in Chapter 7.
Thus in this section, we discuss the background knowledge about collaborative filtering
(Section 2.4.2) and previous work on explainable recommendation (Section 2.4.3).

2.4.2 Collaborative filtering

In recent years, collaborative filtering based techniques have received considerable atten-
tion. Unlike content-based filtering strategies [144] that predict ratings using the analysis
of user profiles, collaborative filtering [221] technologies, divided into memory-based
collaborative filtering and model-based collaborative filtering, make rating predictions
via user-item ratings matrices. Early collaborative filtering methods apply memory-based
techniques. The most widely used memory-based collaborative filtering methods include
the nearest neighbor approach [22], user-based methods [196] and item-based methods
[206]. Among the model-based collaborative filtering methods, latent factor models
[114] have become very popular as they show state-of-the-art performance on multiple
datasets. Aimed at factorizing a rating matrix into products of a user-specific matrix and
an item-specific matrix, matrix factorization based methods [114, 121, 163] are widely
used. Zhang et al. [270] propose a localized matrix factorization approach to tackle the
problem of data sparsity and scalability by factorizing block diagonal form matrices. Re-
cently, ranking-oriented collaborative filtering algorithms have achieved great success:
using list-wise learning to rank, Shi et al. [213] propose a reciprocal rank method, called
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CliMF, to rank items. Following the memory-based collaborative filtering framework,
Huang et al. [94] propose ListCF to directly predict a total order of items for each user
based on similar users’ probability distributions over permutations of commonly rated
items.

Collaborative filtering has also been applied to social media recommendation [100,
148, 149, 254]. In recent years, collaborative filtering on Twitter has attracted an in-
creased attention. Yang et al. [256] address recommendation and link prediction tasks
based on a joint-propagation model, between social friendship and interests. Ye et al.
[260] propose a generative model to describe users’ behavior, given influences from so-
cial communities [148, 149]. To track social influence of users in a social network, Xu
et al. [250] propose a graphical mixture model to describe user’s behavior in posting
tweets and analyze the topic domain for a specific proposed tweet. Chen et al. [45]
propose a collaborative filtering method to generate personalized recommendations in
Twitter through a collaborative ranking procedure. Similarly, Pennacchiotti et al. [179]
propose a method to recommend “novel” tweets to users by following users’ interests
and using the tweet content. However, many of these methods ignore the dynamic nature
of the problem; with the change of time, user interests may also change.

2.4.3 Explainable recommendation

The “cold-start” problem and poor interpretability are two serious issues for traditional
collaborative filtering methods. To address these two issues, in recent years, more and
more researchers have started to consider explainable recommendation [29, 228, 271].
Explainable recommendation is known to improve transparency, user trust, effectiveness
and scrutability [228]. Vig et al. [238] propose an explainable recommendation method
that uses community tags to generate explanations. Based on sentiment lexicon construc-
tion, the explicit factor models [271] and Tri-Rank [89] algorithms have been proposed.
By combing content-based recommendation and collaborative filtering, Wang and Blei
[242] apply topic models [32] to explainable recommendation to discover explainable
latent factors in probabilistic matrix factorization. Chen et al. [43] take advantage of the
social trust relations by proposing a hierarchical Bayesian model that considers social
relationship by putting different priors on users.

Recent work on explainable recommendations focuses on user reviews. Diao et al.
[58] propose a hybrid latent factor model integrating user reviews, topic aspects and user
ratings for collaborative filtering. By using a multi-dimension tensor factorization strat-
egy, Bhargava et al. [27] propose a recommendation approach by combining users, activ-
ities, timestamps and locations. The Hidden Factors as Topic model has been proposed
to learn a topic model for items using the review text and a matrix factorization model
to fit the ratings [154]. To tackle the sparsity in collaborative topic filtering, the Ratings
Meet Reviews model has been proposed by adopting a mixture of Gaussians, which is
assumed to have the same distribution as the topic distribution, to model ratings [137].

To the best of our knowledge, there is little previous work on explainable recommen-
dation that jointly considers using user reviews and trusted social relations to improve
the rating prediction, not alone generating viewpoints from user reviews.
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2.5 Topic Modeling

Early research on topic modeling addressed the topic detection and tracking (TDT) task,
where one needs to find and follow topics and events in a stream of broadcast news
stories [10, 12]. With the development of social media, topic modeling for social text
streams has received increased attention [9, 41, 155, 190]. Yang et al. [257] propose a
large-scale topic modeling system that infers topics of tweets over an ontology of hun-
dreds of topics in real-time. Focusing on sparsity and drift, Albakour et al. [9] propose
a query expansion method to tackle real-time filtering in microblogs. To help users un-
derstand events and topics in social text streams, tweets summarization has also received
attention [41, 190, 215].

Topic models have been successfully applied to topic modeling [56, 186, 190, 273].
Topic models [32, 90] are employed to reduce the high dimensionality of terms appearing
in text into low-dimensional, “latent” topics. Ever since Hofmann [90] presented proba-
bilistic latent semantic indexing (pLSI), many extensions have been proposed. The latent
Dirichlet allocation (LDA, [32]) is one of the most popular topic models based upon the
“bag of words” assumption. The author-topic model handles users’ connections with
particular documents and topics [199]. The entity-topic model detects and links an entity
to a latent topic in a document [87]. However, for data with topic evolution the underly-
ing “bag of words” representation may be insufficient. To analyze topic evolution, other
models have been proposed, such as the Dynamic Topic Model [31], Dynamic Mixture
Models [246] and the Topic Tracking Model [98]. Topic models have not yet been con-
sidered very frequently in the setting of Twitter. Twitter-LDA is an interesting exception;
it classifies latent topics into “background” topic and “personal” topics [272], while an
extension of Twitter-LDA has been proved to be effective in burst detection [57]. Topic
models have been extended to sentiment analysis task successfully. For instance, Paul et
al. [176] propose a topic model to distinguish topics into two contrastive categories; and
Li et al. [124] propose a sentiment-dependency LDA model by considering dependency
between adjacent words.

Non-parametric topic models are aimed at handling infinitely many topics; they have
received much attention. For instance, to capture the relationship between latent top-
ics, nested Chinese restaurant processes generate tree-like topical structures over docu-
ments [33]. To describe the whole life cycle of a topic, Ahmed and Xing [6] propose an
infinite dynamic topic model on temporal documents. Instead of assuming that a vocabu-
lary is known a priori, Zhai and Boyd-Graber [267] propose an extension of the Dirichlet
process to add and delete terms over time. Non-parametric topic models have also been
applied to explore personalized topics and time-aware events in social text streams [56].
Traditional non-parametric topic models do not explicitly address diversification among
latent variables during clustering. To tackle this issue, Kulesza and Taskar [116, 117] pro-
pose a stochastic process named structured determinantal point process (SDPP), where
diversity is explicitly considered. As an application in text mining, Gillenwater et al.
[78] propose a method for topic modeling based on SDPPs. As far as we know, the
determinantal point process has not been integrated with other non-parametric models
yet.

Unlike existing topic models, we propose a novel topic model in Chapter 3 by jointly
modeling time-aware propagation and collaborative filtering from “social circles.” To the
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best of our knowledge, there is little previous work on summarizing contrastive themes.
In Chapter 4, by optimizing the number of topics, building relations among topics and
enhancing the diversity among themes, we propose a hierarchical topic modeling strategy
to summarize contrastive themes in the given documents. By jointly modeling temporal
topics, sentiment labels and entities in multilingual social text streams, in Chapter 5 we
propose a cross-language strategy to tackle the viewpoint summarization task for mul-
tilingual social text streams. In Chapter 6 we apply a modified dynamic topic model to
track topics with topic drift over time, based on both local and global topic distributions.
We also focus on a combination of content-based recommendation and collaborative fil-
tering in Chapter 7 by jointly considering topic aspects, user ratings and social trust
communities in a latent topic model. Our proposed topic models in Chapters 3-7 are
based on latent Dirichlet allocation (LDA, [32]). To help understand our proposed topic
models, we provide the basic idea of LDA.

Figure 2.1 shows a graphical representation of LDA, where shaded and unshaded
nodes indicate observed and latent variables, respectively. Among the variables related
to document set in the graph, z, 6, ¢ are random variables and w is the observed variable;
D, N, and K indicate the number of variables in the model. As usual, directed arrows in
a graphical model indicate the dependency between two variables; the variable ¢ depends
on variable j3, the variable 6 depends on variable «.

() O

®

e

Figure 2.1: Graphical representation of latent Dirichlet allocation.

K

In LDA, each document is generated by choosing a distribution over topics and then
each word in the document is chosen from a selected topic. The topic distributions ¢ for
a document d are derived from a Dirichlet distribution over a hyper parameter «. Given
aword w [dl a topic z for word w is derived from a multinomial distribution 6 over
document d. We derive a probabilistic distribution ¢ over K topics from a Dirichlet
distribution over hyper parameters 5. The generative process for the LDA model is
described in Figure 2.2.

Due to the unknown relation between ¢ and 6, the posterior topic distribution for
each document d is intractable in LDA. The posterior distribution in the LDA model
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1. For each topic z,z [, KJ:
e Draw ¢ [ Dbrichlet(B);
2. For each candidate document d [T, DJ:
e Draw 0 [Dlrichlet(a);
= For each word w in d
— Draw a topic z CMultinomial(6);
— Draw aword w CMultinomial(¢.);

Figure 2.2: Generative process for latent Dirichlet allocation.

Algorithm 1: Gibbs Sampling Process for LDA

Input: 3, «, documents D, number of iterations R, number of topics K
Output: [, z[, Topic parameters 6 and ¢
Initialize values of 3, «; Topic assignment for all words
r=20;
forr < Rdo
ford =11t D do
fori =11t N, do
Draw [u;, z; = j[from Eq. 2.2;
Update n} and n{;
end
end
Calculate 04 5, ¢.,j from Eq. 2.3;
r=r+1,

end

can be approximated using variational inference with the expectation-maximization al-
gorithm [32]; or an alternative inference technique uses Gibbs sampling [84]. Here we
introduce Gibbs collapsed sampling [139] for inferring the posterior distributions over
topics. For each iteration during our sampling process, given a word w; [_d] we derive
the topic z; via the following probability:

_ ndt .+
p(zi =7 |W,Z_;) |:7 : =i b

2.2
+Ka nj_z—r-Wﬁ 2:2)

where n] _, indicates the number of words in d has been assigned to topic j, excluding
the current word, and n? ; indicates the number words in d, excluding the current one;

nj* ; indicates the number of times that word w; has been assigned to topic j, excluding
the current word; n; _; indicates the number words that have been assigned to topic j,
not including the ith word in d. Algorithm 1 summarizes the Gibbs sampling inference

procedure based on the equations that we have in Eq. 2.2.
During the Gibbs sampling process, we estimate the parameters of document d’s topic
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distribution, 84, topic distributions over words ¢ as follows:

n? 4+«

ba; = Hd——

=1 %+ Ka
n¥ + g

v = HA———— (2.3)

z=1 n;u + Wﬂ

2.6 Determinantal Point Process

The second part of our contrastive summarization model in Chapter 4 is based on the
determinantal point process (DPP) [116]. Here we provide a brief introduction to the
DPP.

A point process P on a discrete set Y = {y1,v2,...,yn} is a probability measure
on the power set 2 of Y. We follow the definitions from [116]. A determinantal point
process (DPP) P is a point process with a positive semidefinite matrix A indexed by
the elements of Y, such that if Y [H, then for each discrete set A [Yl, there is
P(A [CYl) = det(My). Here, My = [Mm-}yi’yj c.4 18 the restriction of M to the
entries indexed by elements of A. Matrix M is defined as the marginal kernel, where
it contains all information to compute the probability of A [—Yl. For the purpose of
modeling data, the construction of DPP is via L-ensemble [36]. Using L-ensemble, we

have ) det(Ly)
rd.eLq/ et
P(Y)= =12/ _ — Y 2.4
(¥) det(Ly/)  det(L+1)’ 24)
y'cy
where [ is the N x N identity matrix, L is a positive semidefinite matrix; Ly =
[Li, eV refers to the restriction of L to the entries indexed by elements of Y, and

det(Lg) = 1. For each entry of L, we have

Lij = a(ya)e(y:) T ly)aly;), (2.5)

where ¢(y;) [R™ is considered as the “quality” of an item v;; o (y:) T (y;) 31, 1]
measures the similarity between item y; and y;. Here, for each o (y;) we set ¢(y;) [CRIP
as a normalized D-dimensional feature vector, i.e., [2[y;) 1= 1. Because the value of
a determinant of vectors is equivalent to the volume of the polyhedron spanned by those
vectors, P(Y) is proportional to the volumes spanned by ¢(y;)(y:). Thus, sets with
high-quality, diverse items will get the highest probability in DPP.

Building on the DPP, structured determinantal point processes (SDPPs) have been
proposed to efficiently handle the problem containing exponentially many structures
[78, 116, 117]. In the setting of SDPPs, items set Y contains a set of threads of length
T. Thus in SDPPs, each item y; has the form y;, = {yfl),yfz), . ,yZ(T)}, where y§t>
indicates the document at the ¢-th position of thread y;. To make the normalization and
sampling efficient, SDPPs assume a factorization of ¢(y;) and ¢(v;) T¢(y;,) into parts,

decomposing quality multiplicatively and similarity additively, as follows:

q(y:) = q(ygt)) and  ¢(y;) = w(yii))- (2.6)

t=1 t=1
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The quality function ¢(y;) has a simple log-linear model setting ¢(y;) = exp(Aw(y;)),
where X is set as a hyperparameter that balances between quality and diversity. An
efficient sampling algorithm for SDPPs has been proposed by Kulesza and Taskar [116].

Since SDPPs specifically address “diversification” and “saliency,” we apply them to
identify diversified and salient themes from themes sets in the contrastive theme summa-
rization. We will detail this step in Chapter 4.

2.7 Structural SVMs

Structural SVMs have been proposed for complex classification problems in machine
learning [125, 126, 205]. Generalizing the Support Vector classifier with binary out-
put, structural SVMs generates more complicatged structured labels, such as trees, sets
and strings [233, 264]. We follow the notation from [233]. Given an input instance X,
the target is to predict the structured label y from the output space Y by maximizing a
discriminant F : X <Y - [

y = f(x;w) = arg max F (x,y;w) , (2.7)
yey

where the discriminant F measures the correlation between (x,y), and w indicates the
weights of x in F. The discriminant F will get its maximal value wheny = f(x;w),
which is set as hypothesis function in structural SVMs. We assume the discriminant F
to be linear in a joint feature space ¥ : X x Y - R thus F can be rewritten as
F(z,y;w) = D, U(x,y)[dThe feature mapping ¥ maps the pair (x,y) into a suitable
feature space endowed with the dot product. Then the function F can be learned in
a large-margin framework through the training set {(x®,y®)}”_, by minimizing the
objective function:

min 3 60K C TG 9

such that for all 7 and all y CYI\y®:
w U (xO,yO) — U (xDy) = Aly,y?) = ¢, (2.9)

where w” ¥ (x®y) indicates the hypothesis function value given x and a random y
from Y\y®. For each (x(® y(®), a set of constraints (see Eq. 2.9) is added to opti-
mize the parameters w. Note that y( is the prediction that minimizes the loss function
A(y,y®). The loss function equals 0 if and only if y = y, and it decreases when y and
y(® become more similar. Given the exponential size of Y, the number of constraints in
Eq. 2.9 makes the optimization challenging.

Now that we have provided the necessary background for the reminder of this thesis.
Then, we move to the first research chapter, personalized time-aware tweets summariza-
tion.
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Personalized Time-Aware Tweets
Summarization

In the previous chapter we have introduced the background material for this thesis. Start-
ing with this chapter, we begin our research and answer the research questions we listed
in Chapter 1. In this chapter, we address RQ1, which is concerned with personalized
time-aware tweets summarization.

Twitter had amassed over half a billion users as long ago as 2012, who produce
(“tweet”) over 300 million tweets per day.! Twitter users can subscribe to updates from
other users by following them, essentially forming a unidirectional friend relationship.
Moreover, tweets can be “retweeted,” basically copying a tweet posted by another user
to one’s own timeline. From an information retrieval point of view, the sheer volume of
users and tweets presents interesting challenges. On the one hand, interesting, relevant,
or meaningful tweets can easily be missed due to a large number of followed users. On
the other hand, users may miss interesting tweets when none of the users they follow
retweet an interesting piece of information.

One task that is aimed at addressing this dual problem is tweets summarization [170]:
to extract a group of representative tweets from a set of tweets. The task is similar to
tweet recommendation, but tweets summarization pays more attention to the quality of
selected results, including notions such as representativeness and diversity. So far, tweets
summarization methods are typically query and user-independent. How to adapt tweets
summarization to a specific user is still a topic of ongoing research [41, 45, 53, 179, 247,
260]. Current methods, whether personalized or not, also neglect to explicitly model
the temporal nature of the microblogging environment; time-awareness is a key feature
of Twitter in general and tweets summarization in particular. Therefore, we address the
following main research question listed in Chapter 1:

RQ1: How can we adapt tweets summarization to a specific user based on a user’s
history and collaborative social influences? Is it possible to explicitly model the temporal
nature of microblogging environment in personalized tweets summarization?

To answer this main research question, we put forward a model for personalized, time-
aware tweets summarization (TaTS). We investigate three key aspects of tweets summa-

http://blog.twitter_.com/2012/03/twitter-turns-six.html.

29


http://blog.twitter.com/2012/03/twitter-turns-six.html

3. Personalized Time-Aware Tweets Summarization

rization: (a) novelty, preventing near-duplicate tweets to be included, (b) coverage, so as
to be representative to candidate tweets, (c) diversity, covering as many aspects as possi-
ble. When working with Twitter data, several methodological challenges arise. In order
to perform effective tweets summarization, we require a notion of a user’s interest. Most
Twitter users, however, mostly consume information without producing a lot of informa-
tion. That is, they rarely post tweets of their own [179]. Hence, in order to infer a user’s
interest in a robust manner, we need to use other signals than just the user’s tweets. To
address the issue, we incorporate intuitions from the field of collaborative filtering and
base our estimation of a person’s interest on those of their friends on Twitter, follow-
ing [45]. We assume that for each user there exist one or more “social circles,” in which
three or more users follow each other and form cliques. We find that people are usually
connected to specific communities and assume that each user’s behavior on Twitter is
affected by: (a) a user’s private taste, (b) a collaborative effect from social circles, and
(c) a bursty component, reflecting current events.

Clearly, a user’s interest can change over time. Topic modeling has proven effec-
tive for topic detection and user behavior modeling on Twitter [57, 186, 250]. As a dy-
namic extension of the author-topic model [199], our proposed Tweet Propagation Model
(TPM) aims to track both a user’s interests and any topic drift arising with the passing of
time. Based on “social circles”, TPM derives the user’s interest from a dirichlet mixture
over interests of someone who share “social circles.” It does so by inferring distributions
over topics and interests that change over time. Following existing topic modeling ap-
proaches for Twitter [57, 272], we extend TPM and classify the topics as (a) personal
topics, (b) common topics, or (c) bursty topics. Gibbs Expectation Maximization (EM)
sampling [239] is used to infer the posterior probabilities and to estimate the value of
hyperparameters in our topic models. After inferring the probabilities of each tweet,
we employ an iterative algorithm to optimize the tweet selection procedure, considering
coverage, novelty, and diversity.

Our contributions in this chapter are as follows. (1) We propose the task of personal-
ized time-aware tweets summarization, selecting personalized meaningful tweets from a
collection of tweets. (2) We leverage a user’s “collaborative influence” in order to derive
the user’s interests. (3) We introduce a tweet propagation model to address the potential
drift in a user’s interests as well as topics over time. (4) We employ a tweet selection
algorithm that jointly optimizes for coverage, diversity, and novelty.

The rest of this chapter is organized as follows. Our problem formulation is detailed
in Section 3.1. Our strategy for tweets summary generation, is described in Section 3.2.
Section 3.3 details our experimental setup and Section 3.4 presents and discusses the
experimental results and Section 3.5 concludes the chapter.

3.1 Problem Formulation

Before introducing our method for time-aware tweets summarization, we introduce our
notation and key concepts. Table 3.1 lists the notation we use. Given two users u; and u;
on Twitter, there are two main reasons for u; and w; to follow each other: either because
they have similar interests or they have some relationship outside Twitter [250]. If two
users u; and w; follow each other, we define them to be friends on Twitter. Given this
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Table 3.1: Notation used in this chapter.

Symbol Description

K number of topics

U number of users

\%4 the size of the vocabulary

T number of time periods

D, candidate tweets at time ¢

D, number of candidate tweets at time ¢, i.e., |Dy|
U user w on Twitter, v (Ul

Cut social circle for user v at ¢

D tweets posted by « at time ¢

Do+ number of tweets posted by v at time ¢, i.e., |D,, 4|
Fuq number of friends of « at time ¢

Cut number of social circles around v at time ¢

dy tweet published at time ¢, d, D

w token/word present in some tweet, w W

2t latent topic at ¢ time, z, 7

Cut social circle around v at time ¢, ¢, ; [C], ¢
Out distribution of u’s interests over topics at time ¢
N distribution of topics within a tweet at time ¢
o distribution of words over topics at time ¢

Z classification of individual topics in 6 or ¢
B,a,0,r hyper-parameters in TPM

N maximum number of tweets returned

Auct weight of social circle ¢ for user « at ¢

definition, we define a social circle around a user u to be a set of friends of « such that
every pair of users in this set is in the friend relation. See Figure 3.1 for a schematic
representation.

Similar to the author-topic model [199], we assume that each Twitter user’s inter-
ests are represented by a multinomial distribution 6,, ;, which may, however, change over
time. That is, the time-aware interests of user « are represented as a multinomial dis-
tribution 6, ; over topics, where each topic is represented as a probabilistic distribution
over words [32]. Formally, we have 6., + = {0u.+.2, - - -, Ou.t, 21 » Where 0, ; .., denotes
the distribution of topic z; for user « at time t.

We further assume that each tweet can be represented as a probabilistic distribution
over topics. To cater for the phenomenon of user interests changing over time, we assume
that topic distributions are dynamic and may differ between two time periods. Given a
user u, we split the topic set Z; at time ¢ into three classes: Z; = Z¢ CA°™ [AP:
there exist “private” topics Z;* that solely depend on the user, there are common topics
Zge™ that are influenced by friends from shared social circles, and there are topics from
event-related, bursty sources, ZZ. The latter type of topic will typically transfer from
initially being observed at time ¢ into Z°" at some later time ¢’.
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3. Personalized Time-Aware Tweets Summarization
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Figure 3.1: Example of social circles on Twitter: there are two social circles (indicated
using the “c”) among the five users in this graph, where each pair of vertices in each social
circle is connected through the “friend” relationship.

The dynamic interests of user u at time ¢, reflected by 6, ;, evolve in different ways
depending on the class that a topic z; [Z belongs to. For each user, 6, ; is affected by
the following three classes.

() If 2, LA is a “private” topic, then 0;; , . only depends on 0;; , 1. @t time¢— 1.

(b) If z; [A™ then the topic is dependent on friends in the user’s social circle(s).
0, s computed from the collaborative effect 6777, at time ¢ — 1 from the
social C|rcles {u; | u; CCL4—1}.

(c) If z, AP is a “burst” topic, 05 ..

“burst” words in u;’s tweets at time ¢.

Typically, traditional summarization does not cover the evolution of a specific event.
Given a split of a user’s history into time periods, the task of time-aware tweets sum-
marization is to select the most representative tweets for each time period, covering the
whole event evolution on a timeline. More precisely, given a set of tweets D, a set of time
periods 7', and a maximum number of tweets per period, IV, time-aware tweets summa-
rization aims to extr