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14.1 Introduction

The phenomenal growth of the social Web 2.0 and User-Generated Con-
tent (UGC), such as blogs and online social networks, is driven by tapping
into the social nature of human interactions, making it possible for people to
gain a wider audience for their opinions, become part of a virtual community
and collaborate remotely. Engaging actively with this high-value, high-volume,
distributed and dynamic content has now become a daily challenge for both or-
ganisations and ordinary people. Automating this process through intelligent
information access methods is therefore necessary; it is also computationally
viable.

Information access to UGC is an emerging research area, combining meth-
ods from many fields, e.g. speech and language processing, social science, ma-
chine learning, personalisation, and web science. Traditional search methods
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are no longer able to address the more complex information seeking behaviour
in UGC, which has evolved towards sensemaking, learning and investigation,
and social search [74].

At the same time, research on text summarisation of UGC is still in its
infancy, especially with respect to aiding information interpretation. Unlike
carefully authored news text or scientific articles, UGC poses a number of new
challenges for summary generation (see Section 14.3), due to its large-scale,
noisy, irregular, and social nature.

We start by providing a brief overview of automatic text summarisation,
as originally developed for well-formed, long textual documents, such as news
articles and scientific papers. The chapter then surveys the state-of-the-art
in UGC summarisation, including research on text-based UGC summaries
(Section 14.4), structured, sentiment-based summarisation (Section 14.5),
keyword- and topic-based summarisation (Section 14.6), and summary-based
visualisations (Section 14.7). Section 14.8 discussed evaluation challenges and
methods, followed by a concluding discussion on outstanding challenges (Sec-
tion 14.9).

14.2 Automatic Text Summarisation: A Brief Overview

Textual summaries are extremely common in online and printed media.
Table 14.1 lists some examples of types of summaries which are commonly
encountered. These classes have been described as either critical, informative
or indicative, where critical summaries attempt to appraise and evaluate a
work in some way, informative summaries try to capture the content of the
original document, and indicative summaries aim to enable a reader to decide
whether or not to read the whole document [56, 65].

Summary Purpose
Journal abstract Indicative
News report Informative
Movie review Critical
Novel blurb Indicative
Football highlights Informative

TABLE 14.1: Example classes of summary

Researchers have developed methods for summarising single and multiple
documents, either by combining sentences and phrases extracted from the
original texts (called extractive summarisation, e.g. [80, 7]) or by using Natural
Language Generation (NLG) to create abstractive, interpretative summaries
(also called concept-to-text generation) (e.g., [11, 94]). The former type of
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summary, the extract, is composed entirely from text which can be found in
the original document(s). Overall, extractive summarisation is arguably easier
to explain and implement, however, the resulting summaries reflect strongly
the original document(s), which could be problematic on short texts, such as
tweets.

Extractive summaries are generally produced according to two steps.

1. Score textual units (sentences, phrases, paragraphs etc) according to
some representation of the document or document set.

2. Generate summaries by selecting high scoring textual units until some
desired compression ratio has been achieved.

The textual unit to be included in a summary could be a word, phrase,
sentence or whole paragraph depending on the application. Different meth-
ods for scoring textual units have been developed, including word frequencies
(TF.IDF), sentence position in the document [54], and centroid-based methods
[77].

On the other hand, abstractive summarisation algorithms tend to be much
more complex. The advantage of the abstractive approaches is that they enable
succinct summaries of the content, independent of its original presentation in
the source document collection [15], as well as the generation of different
(personalised) summaries from the same formal input [11].

In addition to being described by their form (abstractive or extractive) and
their purpose (critical, informative or indicative) summaries can also be classi-
fied by whether they are derived from single or from multiple documents. The
two types are considered somewhat separate, because multi-document sum-
marisation must address different challenges to single document summarisa-
tion such as repeated text between documents, order of publishing and inter-
document references.

Summaries may be topic-centric (generic), user-focused (i.e. personalised)
or query focussed. The former class of summary is meant simply to summarise
the content with no bias as to whom can benefit from it. Query focussed sum-
marisation, on the other hand, involves building a summary to meet a specified
information need; in this sense it is related to the task of question answer-
ing. User focussed or personalised summarisation must model in some way
the information needs and interests of a specific user, arranging a summary
containing details which they alone may find salient.

14.3 Why is User Generated Content a Challenge?

State-of-the-art automatic text summarisation algorithms have been de-
veloped primarily on news articles and other carefully written, long documents
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[56, 65]. In contrast, user generated content tends to be very different: often
short, strongly grounded in context, temporal, noisy, and full of slang.

In more detail, a study comparing Twitter and New York Times (NYT)
news [97] has identified three kinds of topics: event-oriented, entity-oriented,
and long-standing topics. Topics are also classified into categories, based on
their subject area. Nine of the categories are those used by NYT (e.g. arts,
world, business) plus two Twitter-specific ones (Family&Life and Twitter).
Family&Life is the most predominant category on Twitter (called ‘me now’
by [62]), both in terms of number of tweets and number of users. Automatic
topic-based comparison showed that tweets abound with entity-oriented top-
ics, which are much less dominant in traditional news media.

With respect to message content, Naaman et al [62] found over 40% of
their sample of tweets were “me now” messages, that is, posts by a user
describing what they are currently doing. Next most common were statements
and random thoughts, opinions and complaints and information sharing such
as links, each taking over 20% of the total. Less common tweet themes were
self-promotion, questions to followers, presence maintenance e.g. “I’m back!”,
anecdotes about oneself and anecdotes about others. Messages posted from
mobile devices are more likely to be “me now” messages (51%). Females post
more “me now” messages than males. A relatively small number of people
undertake information sharing as a major activity; users can be grouped into
informers and meformers, where meformers mostly share information about
themselves. Informers and meformers differ in various ways. Informers tend to
be more conversational and have more contacts.

These idiosyncratic characteristics of user-generated content are also op-
portunities for the development of new text summarisation approaches, which
are better suited to media streams:

Short messages (microtexts) : Twitter and most Facebook messages are
very short (140 characters for tweets). Text summarisation methods
could supplement these with extra information and context coming from
embedded URLs and hashtags1.

Noisy content : social media content often has unusual spelling (e.g. 2moro),
irregular capitalisation (e.g. all capital or all lowercase letters), emoti-
cons (e.g. :-P), and idiosyncratic abbreviations (e.g. ROFL, ZOMG).
Spelling and capitalisation normalisation methods have been developed
[37], coupled with studies of location-based linguistic variations in short-
ening styles in microtexts [35].

Temporal : in addition to linguistic analysis, user generated content lends
itself to summarisation along temporal lines, which is a relatively under-
researched problem. Addressing the temporal dimension of UGC is a

1A recent study of 1.1 million tweets has found that 26% of English tweets contain a
URL, 16.6% – a hashtag, and 54.8% contain a user name mention [16].
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pre-requisite for summaries of conflicting and consensual information as
well changes in opinions over time.

Social context is crucial for the correct interpretation of UGC. Summari-
sation methods could make use of social context (e.g. who is the user
connected to, how frequently they interact), in order to tailor the con-
tent of summaries accordingly, e.g. make more prominent content from
users of specific interest, e.g. highly authoritative users, groups of similar
users.

User-generated : unlike traditional web content, UGC is a rich source of
explicit and implicit information about the user, e.g. demographics (gen-
der, location, age, etc.), interests, opinions. This enables new kinds of
summaries, e.g. location-based, by age groups.

Multilingual : UGC is strongly multilingual. For instance, less than 50%
of tweets are in English, with Japanese, Spanish, Portuguese, and Ger-
man also featuring prominently [16]. Unfortunately, text summarisation
methods have so far mostly focused on English, while low-overhead adap-
tation to new languages still remains an open issue. Automatic language
identification [16, 5] is an important first step, allowing applications to
first separate social media in language clusters, which can then be pro-
cessed using different algorithms.

In our experience, amongst all kinds of user generated content, tweets and
similar short status update messages pose the biggest challenge. This is due
to the fact, that state-of-the-art text summarisation methods tend to make
certain assumptions, which clearly do not hold for the short, interconnected,
and noisy messages typically found on Twitter, Facebook, and other similar
sites:

• Frequency-based methods, such as TF.IDF must necessarily make the
assumption that salient terms will be repeated within a document. How-
ever, individual UGC messages, e.g. tweets, are unlikely to contain any
repeated terms, so Term Frequency must be defined in some other scope
- usually by broadening the definition of a ’Document’ to include many
posts. Additionally, the IDF for infrequent and out-of-vocabulary words
is usually very high, and such terms are very common within microposts.

• Position is difficult to extract from a set of microposts - since messages
are generally only ordered temporally, it is not necessarily clear whether
or not the ordering within a stream of messages is due to some con-
scious effort by the author. The assumption that a series of ’documents’
extracted from microposts will contain some common structure is some-
what difficult to defend.

• Deeper parsing and discourse analysis methods generally assume that
the necessary tools have been developed for a domain. However, parsing
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tweets has been shown to be somewhat more difficult than parsing many
other kinds of text [79].

Consequently, the appropriateness of using a method developed for tradi-
tional text summarisation, without adaptation specific to microposts in par-
ticular, is deeply questionable, for a number of reasons.

Firstly, we dispute that a single tweet (or a similar micropost) is in any
way comparable to a single document as used in the classical document-based
summarisation setting. Though short units of text have been summarised in
the past, such as single paragraphs in isolation, short messages, such as tweets,
are almost unique in their conversational nature, diversity and length. Addi-
tionally, tweets are often far more context-dependent than longer documents.
While larger texts may reference one another, references between tweets are
often implicit and difficult to identify.

An alternative to defining a document as a single tweet is to form some
collection of them and treat that as a single document for summarisation.
There are also problems with this approach; the collection will carry far less
coherence than a longer document composed by a single author. If automat-
ically collected, the tweets are unlikely to all cover the same specific topic,
creating an additional summarisation challenge.

Aside from defining the granularity of a document when summarising
tweets, it is also unclear how large a textual unit should be. In some sense,
a single tweet might be analogous to a sentence, since their shortness makes
messages containing multiple sentences uncommon, but this cannot always be
assumed. However, while individual tweets are less self-contained than doc-
uments, they are more so than sentences. They do not always ’make sense’
when viewed alone, but a collection of tweets embodies less narrative than a
paragraph of sentences.

Depending on the source of messages used, Twitter can be informationally
efficient or contain lots of redundancy. Tweets can involve lots of co-reference
or none at all. Sometimes order matters and sometimes it does not. The prob-
lem of defining what summarisation for Twitter actually requires, or what
form summary takes, is still very much under-explored. However, the sheer
quantity of information nevertheless motivates work in this area.

The rest of this chapter provides an overview of the state-of-the-art in
summarisation of different kinds of user-generated content and then concludes
with open issues and future work.

14.4 Text Summarisation of UGC

Research on text-based summarisation of user generated content has pre-
dominantly focused on three kinds of UGC: online reviews, blogs, and short
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status updates (mostly Twitter messages). Both online reviews and blog posts
tend to be longer, which makes “traditional” text summarisation techniques
easier to apply, including single document and multi-document summarisation
methods. In contrast, the summarisation of short status updates has proven
much more challenging for state-of-the-art text-based methods. Now let us
examine these in more detail.

14.4.1 Summarising Online Reviews

Summarising product reviews is one of the most researched text-based
UGC summarisation topics. Sentiment-based quantitative summaries, e.g.
percentage positive vs negative or star ratings are covered in Section 14.5.
With respect to text-based review summaries, there has been work on aspect-
based summarisation [88, 15], comparative summaries of contradictory opin-
ions, and ultra-concise summaries.

In terms of approaches, abstractive summarisation is much more common
than extractive approaches, largely due to the specifics of product reviews.
In particular, Carenini et al [15] have argued that the abstractive summari-
sation paradigm achieves better results on product reviews than extractive
summarisation techniques.

One kind of product review summarisation that has been studied is aspect-
based summaries. This kind of summaries consist of a number of aspects or
product features (e.g. food, price for a restaurant), a numeric value for the
overall aspect rating from the reviews, and a set of textual snippets high-
lighting opinions on each of the aspects (e.g. ‘great price’, ‘awful waiter’). As
discussed in [88], aspect-based summarisation needs to solve two problems:
aspect mention extraction (e.g. service from the phrase ‘awful waiter’) and
sentiment classification (e.g. awful as being negative). Sentiment is also ag-
gregated for each aspect, in order to produce a numeric value for the overall
sentiment across all product reviews (e.g. service 1 star). For example, [41] use
association mining to identify frequently mentioned product features, coupled
with using opinion words as context for identifying infrequent ones. More re-
cently, [88] studied the problem of identifying all mentions of product aspects
(i.e. features) at a phrase level and using these textual snippets in the aspect
summaries. This abstractive summarisation method, called multi-aspect sen-
timent model, assigns words from the reviews to aspects using a topic model,
coupled with aspect-specific maximum entropy classifiers which predict the
sentiment rating towards each aspect. Carenini et al [15] instead propose an
approach based on Natural Language Generation (NLG) techniques, which
produce more qualitative aspect summaries of opinions (e.g. ‘Customers had
mixed opinions about the Apex AD2600..’). In addition, they define a con-
troversiality measure for a set of opinions and demonstrate that NLG-based
abstractive summaries are better than extractive ones, especially on highly
controversial topics.

Another UGC summarisation problem is that of contrastive opinion sum-
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marisation, where the aim is to extract contrastive pairs of sentences, which
contain contradictory opinions. [46] argue that such summaries are helpful for
people wanting to digest mixed product reviews, e.g. some reviews may rate
iPhone battery life highly, while others might criticise it. Kim and Zhai [46]
formulate the problem as an extractive summarisation task, where positive
and negative sentences are chosen based on two criteria. The first is represen-
tativeness, i.e. a similar positive/negative opinion must be expressed in many
reviews, and the second is contrastiveness, i.e. the contradictory opinions must
be on the same aspect or feature of the product. More recently, Paul et al [71]
have investigated summarisation of contrastive viewpoints of political opin-
ions, e.g. points raised by people for and against a new healthcare reform.
The algorithm has two stages. First it clusters opinionated texts by viewpoint
based on a topic model – a step called macro viewpoint summarisation. Then a
micro viewpoint summary is generated, containing multiple sets of contrastive
sentences.

Going below the sentence level, researchers have studied the problem of
generating very concise summaries. [33] present an unsupervised approach,
which given a product review (tested on reviews longer than 5 sentences)
selects a single supporting sentence, which best captures the overall senti-
ment of that review. Another kind is the pros and cons product summary,
which aims to convey the sentiment expressed by the majority of product
reviews. Branavan et al [12] develop a model that assigns keyphrases to prod-
uct reviews and generates a pros and cons list of these phrases, which tend to
be indicative of product properties. The Opinosis system [30] goes one step
further by generating text-based, pros and cons summaries, using a graph-
based method for abstractive summarisation. The method utilises the highly
redundant nature of product reviews, in order to extract the most representa-
tive phrases. The most recent abstractive approach [31] focuses on micropin-
ion review summaries, which in addition to product properties, also include
sentiment-bearing adjectives (e.g. very short battery life, big screen). Repre-
sentative phrases are chosen using point-wise mutual information and scored
for readability using the Microsoft n-gram service.2 The method improves on
the results of Opinosis and is evaluated on user-generated reviews for 330 prod-
ucts from CNET. The ROUGE evaluation metric [50] is used for quantitative
evaluation, while human assessors also assigned qualitative scores for gram-
maticality, non-redundancy, and informativeness. Although the method has
only been evaluated on product reviews, it should generalise to summarising
other types of short UGC, e.g. tweets, comments.

14.4.2 Blog Summarisation

Unlike product reviews, blog post summarisation has been approached
mostly through extractive summarisation techniques and modelled as the

2http://web-ngram.research.microsoft.com
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problem of selecting the most representative sentences from one or more blog
posts (i.e. single-document vs multi-document summarisation).

In order to determine which sentences need to be kept in the blog summary,
Zhou and Hovy [98] made use of the content of news articles, linked from
the blog post. In other words, only sentences in the blog post, which are
similar to the linked articles were retained. This approach was, however, only
tried on political blogs and it remains unclear whether it would generalise to
other kinds of links to external web content. The authors raise the question of
evaluating the quality of blog post summaries and propose, but do not carry
out, extrinsic, task-based evaluation instead.

One of the first papers on opinion-based blog summarisation is by Ku et
al [47], who distinguish between negative and positive documents for a given
topic, based on the topics and sentiment expressed in the individual sentences.
A brief positive/negative summary of these two sets of documents is generated
based on the document headlines. The detailed positive/negative summaries
consist of representative sentences with the required polarity, i.e. an extractive
summarisation approach.

Further research on this topic has been driven by the TAC 2008 opinion
summarisation task3, which built a gold standard dataset of summaries of
opinions expressed in a given set of blog posts, about a given target (i.e. a
multi-document summarisation problem). For instance, Schilder et al [82] ap-
proached the TAC 2008 opinion-based blog summarisation task by extending
the FastSum extractive multi-document summarisation system with a lexicon-
based sentiment tagging module and blog-specific pre-processing. In a follow-
up work [21], FastSum is applied to legal blogs and made less dependent on
the TAC 2008 task specifics. In more detail, following the blog pre-processing
step, the method filters out sentences from the blog posts, which do not match
the given opinion target (a named entity in TAC 2008 and a noun phrase in
the legal blogs). The remaining sentences are sentiment tagged, based on a
lexicon of positive and negative words. An SVM classifier is trained to rank
the sentences for inclusion in the opinion summaries, based on various word
frequency features, as well as sentence length and position features.

Using the TAC 2008 corpus, [61] carry out an error analysis of opinion-
based blog summarisation in comparison to news summarisation and note
that the latter is an easier task, where automated methods score higher. This
is attributed to the differences between the two genres, with blogs containing
much more pronounced opinions, being noisier, and not having a stereotypical
structure (e.g. sentence position in news articles is a very important feature).
A finer-grained analysis showed that errors in the summaries related to topic
irrelevancy, incoherent discourse, presence of irrelevant information and syn-
tactic and lexical mistakes are much more frequent in blogs than in news.

[42] address the problem of comments-oriented blog summarisation, i.e.
that of selecting representative sentences from a blog post, by leveraging the

3http://www.nist.gov/tac/2008/summarization/op.summ.08.guidelines.html
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topics covered in the associated comments. Sentence selection is based on
the representativeness scores of the contained words, normalised for sentence
length. Comment-based word representativeness scores are computed in four
ways: binary (whether a word appears in a comment); comment frequency
(number of comments containing the word); term frequency; and the best per-
forming ReQuT (Reader, Quotation, and Topic) model. The reader measure
is based on how often a user mentions other users in the comments; quotation
captures comments quoting other comments; whereas comments topics are
discovered via clustering and scored for importance via cosine similarity to
the cluster centroid. Even though the ReQuT model was defined originally for
blog summarisation, it could be applied also to the problem of summarising a
set of tweets, due to the fact that tweets have similar user mention networks,
can quote or reply to other tweets, and can be clustered around common topics
(e.g. [78]).

[85] addressed the problem of summarising the blog network by finding the
most influential blogs and the opinions they contain. Given a search query (e.g.
YouTube), a network of relevant blogs is constructed, where nodes correspond
to blogs and edges correspond to links between blog posts in the respective
blogs. The method ranks blogs for importance to other blogs and the novelty
of the information contained in the posts. Hassan et al [40] investigate a
different graph based approach which uses lexical centrality and is based on
the LexRank [27] extractive summarisation algorithm.

14.4.3 Summarising Very Short UGC

As discussed in Section 14.3, summarising tweets and other kinds of short
UGC (e.g. comments on a news or a video site) is a particularly challenging
problem. Here we will discuss methods that cast short message summarisation
as an extractive summarisation problem, where the goal is to select the most
representative subset of posts. Other ways to summarise short UGC are to
produce high-level overviews based on topics (see Section 14.6) or sentiment
(see Section 14.5).

Firstly, looking at Twitter, Inouye et al [44] have compared several sum-
marisation algorithms on producing multi-post summaries of tweets, where the
four most informative tweets are selected as the summary. A Hybrid TF.IDF
algorithm is defined, where term frequencies are computed by regarding all
tweets as a single document, but IDF computation considers each tweet as a
separate document. This is motivated by the shortness of tweets (and status
updates in general), which makes it very unlikely that a word appears more
than once in a tweet. The authors collect tweets containing a trending hashtag
and observe that even though there is a common overall topic, the posts often
tend to cluster around several aspects or sub-topics. Therefore, they also pro-
pose a clustering-based approach, which first applies k-means clustering (with
k set to 4) and then for each cluster of tweets, their Hybrid TF.IDF algorithm
selects the best tweet. Inouye et al [44] compared a number of summarisation
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algorithms, including a random baseline; a baseline selecting the most recent
tweets; the MEAD multi-document summariser [76]; LexRank [27]; and their
own cluster-based and Hybrid TF.IDF algorithms. The results (both quantita-
tive and human-produced scores) showed that the frequency-based extractive
summarisation algorithms, such as their Hybrid TF.IDF, did best, whereas
centroid and graph-based algorithms did not perform well, most likely due to
tweets being standalone and short.

A similar problem is summarising user comments on news sites, YouTube,
and other social web sites. [45], in particular, studied extractive comment
summarisation on YouTube and formulate the problem as selecting the most
representative top k comments, i.e. the same as [44] do for tweet summaries.
[45] also first cluster the user comments, then apply precedence-based rank-
ing to select the most representative comments for each of the clusters. Two
clustering approaches were tried – k-means (used also by [44] above) and
LDA-based topic clustering – with the latter producing better results. Dif-
ferent comment selection methods were tried: TF.IDF, mutual information,
MEAD [76] and LexRank [27]. Mutual information outperformed TF.IDF and
again, MEAD and LexRank did not perform as well.

One particular kind of short message (or microblog) summarisation is
event-based summarisation, where the structure of real-world events can be
used to help with the selection and ordering of the most relevant microblog
content. For summarisation of such short UGC sets, [8] select tweets based
on their textual quality (e.g. no spelling mistakes), relevance to the event,
and usefulness for conveying details about the event. The top 5 short posts
are selected on that basis, using methods based on centroid similarity, degree
centrality and LexRank [27]. Their findings indicate that the centroid method
is significantly better than the other two on the relevance and usefulness cri-
teria, with no significant difference between degree centrality and LexRank.
Again, similar to the methods discussed above, only tweet content is used as
input, in a bag of words fashion.

However, as discussed in Section 14.3, microblogs and social network up-
dates in particular, contain a wealth of implicit semantics which could be
used to improve the performance of purely text-based summarisation meth-
ods. In particular, information propagation metadata in tweets can be used as
additional source of relevance and importance. More specifically, Harabagiu
and Hickl [38] focus on retweets, responses (a user responds to another user’s
post), and quote chains (where a post quotes from another). The method
also makes use of richer semantic knowledge from the microposts themselves,
namely named entities, event mentions, temporal information, and inter-event
relationships (identity and temporal precedence).

In addition to exploring the graph-like relationships between tweets (e.g.
retweets, replies, mentions), researchers have also started to exploit informa-
tion from the social user networks. For instance, [93] propose a graph co-
ranking method which makes use of the following relations in Twitter to form
a user network graph; a micropost network based on content similarity and
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relationships between posts; and a bi-partite graph which connects the two
kinds of networks. The co-ranking approach is motivated by the connection
between the content of a post, who posted it, and what is their standing in
the social network (e.g. celebrities have millions of followers on Twitter).

Returning to the problem of event-based summarisation, researchers have
also studied ways to generate useful thematic/topical descriptors for auto-
matically discovered sub-events. For example, in the context of sub-events of
football games (e.g. red card, goal), [99] select one most representative tweet
per sub-event. They compare a term frequency count in tweets occurring in
the minute of the sub-event against the Kullback-Leibler divergence metric,
which not only captures frequency within a sub-event, but also takes into ac-
count the overall frequency in the entire event-related set of tweets, up until
the new sub-event occurred. The latter method was shown to produce consis-
tently better results, also evaluated across 3 languages: English, Spanish, and
Portuguese. Others [?] have used point-wise mutual information, coupled with
user geolocation and temporal information, in order to derive n-gram event
descriptors from tweets. By making the algorithm sensitive to the originating
location, it is possible to see what people from a given location are saying
about an event (e.g. those in the US), as well as how this differs from tweets
elsewhere (e.g. those from India). Similarly, the temporal information results
in different text descriptors being extracted on different days, as the event
unfolds.

14.5 Structured, Sentiment-Based Summarisation of

UGC

The focus of this section is on methods for generating structured sum-
maries, based on quantitatively aggregated sentiment from UGC. Naturally,
the first step of such methods is sentiment detection, followed by an quantita-
tive summarisation step.

Recently, techniques for sentiment detection and aggregation have begun to
focus on UGC, combined with a trend towards its application as a proactive
rather than a reactive mechanism. Understanding public opinion can have
important consequences for the prediction of future events.

It is beyond the scope of this chapter to provide an in-depth review of
automatic sentiment detection techniques, instead we refer the reader to [68].
In general, sentiment detection techniques can be roughly divided into lexicon-
based methods, e.g. [75, 81, 87] and machine-learning methods, e.g. [69, 89, 10,
67, 34]. Lexicon-based methods rely on a sentiment lexicon, a collection of
known and pre-compiled sentiment terms. Machine learning approaches make
use of syntactic and/or linguistic features [67, 34], and hybrid approaches are
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very common, with sentiment lexicons playing a key role in the majority of
methods, e.g. [22].

With respect to quantitative aggregation of sentiment and opinions, espe-
cially coupled with monitoring over time, methods can vary greatly in their
degree of sophistication. The simplest approach is to produce overall statistics
of positive vs negative opinion, e.g. in a given set of documents or towards a
given entity, such as a famous politician [48] or a product [41]. A slightly more
complex approach is to calculate quantitative statistics within specific time
intervals, e.g. daily, weekly. In some applications, more detailed approaches
are needed, such as modelling the opinion holders and strength of conflicting
opinions and how they change over time.

A number of methods are surveyed next, grouped according to the type of
user-generated content they focus on.

Starting with product reviews, [41] propose a semi-structured, aspect-
based summarisation approach to quantitative sentiment summarisation. For
each sentence in a product review the method discovers which feature is talked
about, then categorises the sentences into positive vs negative, and increments
the aggregated sentiment for this feature. The result, for example, on a set
of digital camera reviews would be: picture quality (positive 253; negative 6);
size (positive 134; negative 10).

Sentiment detection and aggregation research has also gone beyond the
basic positive vs negative sentiment, towards assigning multi-point ratings to
the entire review [70] or at aspect level (called rated aspect summaries [51]),
e.g. [51, 36, 52]. These ratings can be viewed as stars (e.g. 1 to 5 stars) or
discrete values and aggregated across multiple reviews for the same product
or shown on a review by review basis.

Similar methods have also been studied on Twitter data. [67] classify arbi-
trary tweets on the basis of positive, negative and neutral sentiment and then
aggregate the overall sentiment. They construct a binary classifier which used
n-gram and POS features, and train it on instances, which had been annotated
according to the existence of positive (’:)’) and negative (’:(’) emoticons. Their
approach has a lot in common with an earlier sentiment classifier constructed
by [34], which also used unigrams, bigrams and POS tags, though the for-
mer demonstrated through analysis that the distribution of certain POS tags
varies between positive and negative posts.

[48] tackles a somewhat different sentiment analysis and aggregation task.
Tweets relating to president Obama are analysed and a daily overall “strong
sentiment” is calculated. This figure is given as the ratio of the count strongly
positive tweets over the strongly negative ones. The strength and polarity of
Tweets in the dataset is calculated according to learned lexicons, which are
lists of keywords which in general correspond to either positive or negative
sentiment.

[22] also made use of a sentiment lexicon to annotate and aggregate positive
and negative sentiment in tweets related to political events. They performed
supervised learning with manually annotated examples to train a binary clas-
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sifier of political opinion, using this second classifier when the former failed to
make a classification. They only report the overall sentiment from a collection
of Tweets during a specific time-window, and their system will refrain from
reporting sentiment when no concensus appears to be reached for that period.

There also exists a plethora of commercial search-based tools for perform-
ing quantitatively aggregated sentiment analysis of tweets. Generally, the user
enters a search term and gets back all the positive and negative (and some-
times neutral) tweets that contain the term, along with some graphics such
as pie charts or graphs. Typical basic tools are Twitter Sentiment4, Twends5

and Twitrratr6. Slightly more sophisticated tools such as SocialMention7 al-
low search in a variety of social networks and produce other statistics such
as percentages of Strength, Passion and Reach, while others allow the user to
correct erroneous analyses. On the surface, many of these appear quite im-
pressive, and have the advantage of being simple to use and providing attrac-
tive quantitative summaries with copious information about trends. However,
such tools mostly aim at finding public opinion about famous people, sports
events, products, movies and so on, but do not lend themselves easily to more
complex kinds of opinion or to more abstract kinds of searches. Furthermore,
their analysis tends to be fairly rudimentary, performance can be quite low,
and many of them do not reveal the sources of their information or enable
any kind of evaluation of their success: if they claim that 75% of tweets about
Whitney Houston are positive, or that people on Facebook overwhelmingly
believe that Greece should exit the eurozone, we have no proof as to how
accurate this really is.

14.6 Keyword-based Summarisation of UGC

While textual summarisation typically attempts to address not only the
content of a summary but also its properties as a single piece of text, such
as its coherence and cohesiveness, there is a specific formulation of the task
of summarisation in which these issues are avoided altogether. In keyword
extraction, a summary is simply a list of terms which can be considered salient.

Automatically selected keywords are useful in representing the topic of a
document or collection of documents, and less effective in delivering arguments
or full statements contained therein. It is therefore necessary to consider key-
word extraction as a form of indicative summarisation, allowing the reader
to decide whether or not to view the full text. Keywords can also be used in
the context of information retrieval, as a means of dimensionality reduction

4http://twittersentiment.appspot.com/
5http://twendz.waggeneredstrom.com/
6http://twitrratr.com/
7http://socialmention.com/
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and allowing systems to deal with smaller sets of important terms rather than
whole documents.

In early summarisation, terms with high frequency within a document
were assumed to be important and sentences which contained these terms
were favoured for inclusion in a summary [53]. Additionally, [13] used TF.IDF
to characterise important terms in a document. Both these approaches share
the property that they rely on models of term significance.

Later approaches to keyword extraction exploited term co-occurrence;
forming a graph of terms with edges derived from the distance between oc-
currences of a pair of terms and assigning weights to vertices [60]. This class
of keyword extraction was found to perform favourably on Twitter data com-
pared to methods which relied on text models [91].

These graph-based approaches to extracting keywords from Twitter per-
haps perform well because the domain contains a great deal of redundancy
[96]. While this property of Twitter is somewhat beneficial when producing
keyword summaries, another less helpful trait is the sheer variety of topics
discussed on the service. When it is not known that a document discusses a
single topic, it can be more difficult to extract a coherent and faithful set of
keywords from it.

Personal twitter timelines, when treated as single documents, present this
problem. Users are generally capable of posting on multiple topics. While
[91] use TextRank on the whole of a user’s stream, they do not attempt to
model or address topic variation, unlike [92], who incorporated topic modelling
into their approach. Theirs is not the only application of Topic Modelling to
Twitter data, as it is similar to [78]. However in the latter work topics are
discovered, but never summarised.

Document clusters can still be somewhat difficult for humans to read,
containing a great many tweets. For summarisation of these document sets,
[8] evaluate methods based on centroid, degree centrality and LexRank, finding
that centroid works the best in some cases, but without statistically significant
differences.

Larger threads, like trending topics on Twitter, tend to contain a great deal
of redundancy thanks to retweeting of messages and copying-and-pasting. [84]
extracted keyphrases for trending topics by exploiting textual redundancy
and selecting common sequences of words. Their short phrases are similar
to the pithy, manually generated summaries created by users of services like
WhatTheTrend.

It could be argued that many events, once successfully extracted from
Twitter, remain too coarse to be used for informative summaries. Though
[8] investigate the effectiveness of various traditional summarisation methods
when applied to clusters of tweets belonging to events, the granularity of an
event is somewhat unpredictable; while the TDT initiative defines an event
as ”Something interesting which occurs at a specific time and place” [2], in
practise this constraint is difficult to enforce.
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14.7 Visual Summarisation of UGC

Twitter data can be summarised visually as well as textually. These ’visual
summaries’ can take many forms, including graphs and charts, maps and
timelines. In this section we will briefly discuss the forms which non-textual
summaries of UGC can take in existing systems.

One of the simplest and widely used summary visualisations is word clouds.
These generally use single word terms, which can be somewhat difficult to
interpret without extra context. Word clouds have been used to assist users in
browsing social media streams, including blog content [6] and tweets [83, 63].
For instance, Phelan et al [73] use word clouds to present the results of a
Twitter based recommendation system. The Eddi system [9] uses topic clouds,
showing higher-level themes in the user’s tweet stream. These are combined
with topic lists, which show who tweeted on which topic, as well as a set
of interesting tweets for the highest ranked topics. The Twitris system (see
Figure 14.3) derives even more detailed, contextualised phrases, by using 3-
grams, instead of uni-grams [63].

The main drawback of cloud-based visualisations is their static nature.
Therefore, they are often combined with timelines showing keyword/topic fre-
quencies over time [1, 9, 43, 90], as well as methods for discovery of unusual
popularity bursts [6]. [22] use a timeline which is synchronised with a tran-
script of a political broadcast, allowing navigation to key points in a video of
the event, and displaying tweets from that time period. Overall sentiment is
shown on a timeline at each point in the video, using simple colour segments.
Similarly, TwitInfo (see Figure 14.1 [57]) uses a timeline to display tweet ac-
tivity during a real-world event (e.g. a football game), coupled with some
example tweets, colour-coded for sentiment. Some of these visualisations are
dynamic, i.e. update as new content comes in (e.g. topic streams [23], falling
keyword bars [43] and dynamic information landscapes [43]).

In addition, some visualisations try to capture the semantic relatedness
between topics in the media streams. For instance, BlogScope [6] calculates
keyword correlations, by approximating mutual information for a pair of key-
words using a random sample of documents. Another example is the infor-
mation landscape visualisation, which convey topic similarity through spatial
proximity [43] (see Figure 14.2). Topic-document relationships can be shown
also through force-directed, graph-based visualisations [24]. Lastly, Archam-
bault et al [3] propose multi-level tag clouds, in order to capture hierarchical
relations.

Another important dimension of user-generated content is its place of ori-
gin. For instance, some tweets are geo-tagged with latitude/longitude infor-
mation, while many user profiles on Facebook, Twitter, and blogs specify a
user location. Consequently, map-based visualisations of topics have also been
explored [59, 57, 43, 63] (see also Figures 14.2 and 14.1). For instance, Twitris
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FIGURE 14.1: TwitInfo tracks a football game
(http://twitinfo.csail.mit.edu/)

[63] allows users to select a particular state from the Google map and it shows
the topics discussed in social media from this state only. Figure 14.3 shows the
Twitris US 2012 Presidential elections monitor, where we have chosen to see
the related topics discussed in social media originating from California. Click-
ing on the topic “female democratic senators” displays the relevant tweets,
news, and Wikipedia articles.

Opinions and sentiment also feature frequently in UGC summarisation
interfaces. For instance, Media Watch (Figure 14.2 [43]) combines word clouds
with aggregated sentiment polarity, where each word is coloured in a shade
of red (predominantly negative sentiment), green (predominantly positive),
or black (neutral/no sentiment). Search results snippets and faceted browsing
terms are also sentiment coloured. Others have combined sentiment-based
colour coding with event timelines [1], lists of tweets (Figure 14.1 [57]), and
mood maps [1]. Aggregated sentiment is typically presented using pie charts
[90] and, in the case of TwitInfo, the overall statistics are normalised for recall
(Figure 14.1 [57]).

Researchers have also investigated specifically the problem of summarising
visually social media conversations about real-world events, e.g. broadcast
events [83], football games (Figure 14.1 [57]), conferences [23], and news events
[59, 1]. A key element here is the ability to identify sub-events and combine
these with timelines, maps, and topic-based visualisations.

Lastly, given the user-generated and social nature of the media streams,
some visualisations have been designed to exploit this information. For in-
stance, the PeopleSpiral visualisation [23] plots Twitter users who have con-
tributed to a topic (e.g. posted using a given hashtag) on a spiral, starting with
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FIGURE 14.2: Media Watch on Climate Change Portal
(http://www.ecoresearch.net/climate)

the most active and ‘original’ users first. User originality is measured as the ra-
tio between the number of tweets authored by the user versus re-tweets made.
OpinionSpace [28] instead clusters and visualizes users in a two-dimensional
space, based on the opinions they have expressed on a given set of topics.
Each point in the visualisation shows a user and their comment, so the closer
two points – the more similar the users and opinions are. However, the purely
point-based visualisation was found hard to interpret by some users, since they
could not see the textual content until they clicked on a point. ThemeCrowds
[3] instead derives hierarchical clusters of Twitter users through agglomerative
clustering and provides a summary of the tweets, generated by this user clus-
ter, through multilevel tag clouds (inspired by treemap visualisation). Tweet
volumes over time are shown in a timeline-like view, which also allows the
selection of a time period.

14.8 Evaluating UGC summaries

In any domain, the task of summarisation can be a difficult one to evaluate.
Summaries can take many different forms, and even for the common case of
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FIGURE 14.3: The Twitris Social Media Event Monitoring Portal
(http://twitris.knoesis.org)

textual summarisation it is difficult to automatically compare summaries to a
gold standard. Issues arise from the ability to validly represent a compressed
form of a document in any of a number of ways. The problem can be even
more acute on short UGC, such as tweets, where summaries may take the form
of lists, or visual representations of tweet volume or other types of timeline.

Additionally, since it is generally impossible to read all of the short mes-
sages for a corpus to be summarised, gold-standard human generated sum-
maries can be very incomplete or may miss information which should have
been included.

The difficulty of evaluating visual summaries of UGC is so acute that
many choose not to address it at all [90, 83, 63, 20]. Visual summaries typi-
cally contain information other than raw text, for example they may display
information from tweets on a map, or include timelines of topics and tweet
volume. They may include less local information, like news stories or video.
The variability of such summary makes them very difficult to evaluate using a
single standard method. Addressing this very issue, [22] carry out a user study
of their system, performing extrinsic testing by having journalists attempt to
use the summariser to form ideas about possible articles. The 18 journalists
taking part were asked to complete surveys about the experience, and the sto-
ries they produced were assigned individual types. Though the authors admit
that evaluation on such a small set of users is not enough to truly test the
efficacy of their summariser, they argue that the experiment has allowed them
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to see the ways in which it could be used, and they believe that testing on a
larger set of users could lead to more significant results.

For truly textual UGC summaries on relatively small test corpora, authors
can reasonably hope to use the standard DUC evaluation measures on their
systems. For instance, [84] gather 100 tweets per topic for 50 trending topics
on Twitter, and then ask volunteers to generate summaries which they feel
best describe each collection. The automatic summaries produced by their
algorithm are then tested using a manual content annotation method, testing
that the same content is available as in the gold standard, and automatically
using Rouge-1. [39] again make use of model summaries, though they eschew
Rouge in favour of the Pyramid method [66].

Another class of evaluation treats summarisation as a document retrieval
problem. [17] use knowledge about the significant plays in a sports match
to build a gold standard for what must be discussed in a summary. After
simplifying the problem somewhat by assuming that the search process is
perfect and manually validating the input to their system, they calculate recall
based on the events from the game, before asking users to subjectively classify
the content of tweets in the summaries. Tweets with a certain content type
are said to be irrelevant, providing a measure of precision.

[8] similarly have users score the quality, relevance and usefulness of the
selected tweet summary, though they do not attempt to address the problem
of calculating recall.

14.9 Outstanding Challenges

Within the scope of this chapter, we have discussed the current strands
of research into summarising user-generated content. Many of the methods
discussed here have not traditionally been considered types of summarisation,
e.g. the creation of keyword-based and visual summaries of UGC.

We believe that summarisation for Twitter and similar online social net-
works is a problem of the utmost practical relevance. While users post an
enormous wealth of extremely useful UGC with frightening regularity, it is
simply impossible to filter and manually process all but the smallest data
stream. Where the task of summarisation might once have been to find the
salient points in a document collection, it is now required to find the salient
points to a particular user, on a particular topic, in the entire of the Twitter-
verse.

This need for compression and summarisation - the requirement for users
to be shown what is relevant to them and little else, has driven our interpreta-
tion of many existing strands of work in the light of UGC summarisation. In
the remainder of this chapter we discuss several major outstanding research
challenges.
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14.9.1 Spatio-Temporal Summaries

Even though UGC is strongly grounded in the spatio-temporal context,
this additional semantic information has so far mostly been neglected in UGC
summarisation. For instance, where visualisation is concerned, it is mostly lim-
ited to map-based and topic-based timeline visualisations (see Section 14.7).
Additional summarisation dimensions can be users’ age, gender, political
views, interests, and other such latent characteristics (see Section 14.9.4 be-
low). In addition, UGC summarisation methods based on social networks (e.g.
hubs and authorities) could be combined with the currently prevailing topic-
and content-centric approaches.

The main sources of user location information are GPS coordinates at-
tached to a message and self-disclosed location information in user profiles.
However, [19] found that only around 36% of users actually provide a valid
location in their profiles. Furthermore, when we analysed a dataset of over
30,000 tweets discussing the 2011 London Riots, less than 1% of microposts
contained any GPS information.

Therefore, an important pre-requisite for location-based summarisation
is the automatic geolocation of users of social networks, based on publicly
available data, e.g. their profile, posts and social network. Broadly speaking,
existing methods fall into two different categories: content-based (i.e. using
the textual posts of a given user) and network-based (i.e. using the social
network).

Content-based methods (‘you are where you write about’) typically gather
the textual content produced by the user and infer their location based on
features, such as mentions of local place names [29] and use of local dialect. In
the work of [25, 19], region-specific terms and language that might be relevant
to the geolocation of users were discovered automatically. A classification ap-
proach is devised in [55] that also incorporates specific mentions of places near
to the user. One obvious disadvantage to this method is the fact that someone
might be writing about a popular global event which is of no relevance to his
actual location. Another is that users might take deliberate steps to hide their
true location by alternating the style of their posts or not referencing local
landmarks.

In contrast, network-based geolocation methods (‘you are where your
friends are’) aim to use the user’s social network to infer their location. To the
best of our knowledge, the only existing method of this kind (i.e., relying on
the user’s social network alone) is the work of [4], who first create a model for
the distribution of distance between pairs of friends, before using this to find
the most likely location for a given user. The influence of distance in social
network ties is demonstrated by the earlier work of [49]. Two limitations of
this approach are that it assumes all users globally have the same distribution
of friends in terms of distance and fails to account for the density of people in
an area. In conclusion, automatic user geolocation is still a relatively under-
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explored problem, but nevertheless, where known, location information could
usefully be incorporated in UGC summaries.

One example application, needing spatio-temporal summaries, is monitor-
ing political elections and the popularity of political parties and politicians
over time. These not only vary on a local, regional, and national level, but
also change over time. As part of the TrendMiner8 project, we are currently
developing methods for spatio-temporal summarisation of Twitter streams.

14.9.2 Exploiting Implicit UGC Semantics

Although inroads have been made already, current methods for UGC sum-
marisation have many limitations. Firstly, most methods address the more
shallow problems of keyword and topic extraction, while frequency-based ex-
tractive summarisation techniques do not reach the significantly better per-
formance obtained by more sophisticated methods on longer text documents.

Secondly, the majority make very few or no adaptations to better model
the specifics of user-generated content. UGC abounds with implicit semantic
information, which is very different from the discourse and positional features
in traditional text documents. More specifically, UGC summarisation methods
need to tap better into the knowledge from the user social networks (who is
connected to who), information diffusion networks (who retweeted, replied,
and mentioned who), the user’s own produced UGC, temporal information
(e.g. recency), and user demographics. For instance, one could envisage a new
kind of opinion-based summaries, which summarise opinions, according to
influential groups, demographics and geographical and social cliques.

14.9.3 Multilinguality

With fewer than 50% of tweets in English [16], another related major chal-
lenge is multilinguality. Most of the methods surveyed here were developed and
tested on English content, with some exceptions, e.g. [99] who also considered
Spanish and Portuguese for event-based summarisation.

Multilingual summarisation is a challenge even in the context of standard,
well-formed documents. As recently as 2011 the Text Analysis Conference
(TAC) ran the MultiLing pilot competition9, specifically with the aim to pro-
mote the development of multilingual algorithms for summarisation. The task
was to create short summaries of around 240 words of 10 news texts on a
given topic. Seven languages were covered and each system had to produce
summaries in at least two languages. The best performing system [86] used
a summarisation algorithm based on latent semantic analysis, in order to de-
termine the highest scoring sentences for the summaries. The only language-
specific resources were stop word lists. The question of how well such an

8http://www.trendminer-project.eu
9http://users.iit.demokritos.gr/ ggianna/TAC2011/MultiLing2011.html
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approach would cope with user-generated content and the different kinds of
UGC summaries that could be produced, requires further experimentation.

14.9.4 Personalisation

The forth major challenge is the generation of personalised summaries of
UGC. As discussed in Section 14.9.1 above, the user’s profile and the content
they contribute online to the various social networking sites can be a useful
source for deriving information about the user and using that to personalise
the summaries.

For instance, [93] have recently proposed a way to inject a topic-based
model of user interests in their tweet recommendation system. There have
also been efforts to discover user demographics information, when it is not
available already. [14] classify users as male or female based on the text of
their tweets, their description fields and their names. They report better-
than-human accuracy, compared to a set of annotators on Mechanical Turk.
[72] present a general framework for user classification which can learn to
automatically discover political alignment, ethnicity and fans of a particular
business.

With respect to capturing user interests from tweets, further work is re-
quired on distinguishing globally interesting topics (e.g. trending news) from
interests specific to the given user (e.g. work-related, hobby, gossip from a
friend, etc.).

What is interesting to a user also ties in with user behaviour roles. In
the case of online forums, the following user behaviour roles have been iden-
tified [18]: elitist, grunt, joining conversationalist, popular initiator, popular
participant, supporter, taciturn, and ignored. In Twitter, the most common
role distinction is between meformers (80% of users) and informers (20% of
users) [62].

In turn, this requires more sophisticated methods for the automatic as-
signment of user roles, based on the semantics of posts and user interaction
patterns, as well as the successful integration of these features into the UGC
summarisation algorithms.

14.9.5 Training Data, Evaluation and Crowdsourcing

Two of the major stumbling blocks faced by researchers working on UGC
summarisation methods are the lack of lack of training data and the need
for human assessors for evaluating the quality of the generated summaries.
Consequently, crowdsourcing, primarily using Amazon Mechanical Turk, is
being tried as means to address these two bottlenecks.

When humans are asked to create a text summary for one or more given
documents, this is effectively a content generation problem. Gathering these
through crowdsourcing has been shown to be particularly challenging, since
naive task definitions produce low-quality corpora [95, 64].
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Consequently, the design and quality control of the summary collection
crowdsourcing tasks is non-trivial. This is only partly due to cheating, but
mainly due to the fact that the crowdworkers generate multiple diverse an-
swers, all of which could be correct, i.e. different, good summaries can be
provided for the same UGC content. For instance, [26] create a corpus of
extractive summaries for Arabic texts collecting three summaries per text
where summaries consist of a sub-set of representative sentences from the ar-
ticle. They use majority voting to determine which sentences need to be kept
in the summary, i.e. at least two of the workers need to agree.

When crowdsourcing is used instead to crowdsource human evaluations of
summary quality, researchers are reporting mixed experiences so far.

For instance, [32] have found that non-expert evaluation of summarisation
systems produces noisier results thus requiring more redundancy to achieve
statistical significance and that MTurk workers cannot produce score rankings
that agree with expert ranking. The authors suggest that redesigning the
AMT task definition according to other summarization evaluation approaches
could improve results. Indeed, a key challenge in using MTurk for summary
evaluation is to transform a complex expert-based evaluation protocol (which
typically relies on detailed instructions) into smaller, simpler tasks that can
be explained to non-experts [58].

One simpler task design has been used by [44] for evaluation of tweet sum-
maries. Inouye et al asked the MTurk workers to indicate on a five point scale,
how much of the information from the human produced summary is contained
in the automatically produced summary. Another simpler task design that has
achieved successful results on MTurk is pair-wise ranking [33]. The summari-
sation task in this case is to identify the most informative sentence from a
product review. In this case, the crowdworkers are asked to indicate whether
a sentence chosen by the baseline system is more informative than a sentence
chosen by the author’s method. Sentence order is randomised and it is also
possible to indicate that none of these sentences are a good summary.

Overall, even though crowdsourcing is increasingly playing a role in sum-
marisation research, using it successfully still requires significant expertise.
Further research is required in making the process scalable, repeatable, and
capable of producing high quality summaries and evaluation results.

The next step forward would be to make freely available reusable task
definitions and crowdsourcing workflow patterns, as well as providing more
details in the research papers on the exact methodology that was followed.
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