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The abundance of opinions on the web has kindled the study of opini on summarization over the last
few years. People have introduced various techniques and paradigms t o solving this special task.
This survey attempts to systematically investigate the di erent techniq ues and approaches used
in opinion summarization. We provide a multi-perspective classicati  on of the approaches used
and highlight some of the key weaknesses of these approaches. This survey al so covers evaluation
techniques and data sets used in studying the opinion summarization pr  oblem. Finally, we provide
insights into some of the challenges that are left to be addressed as thi s will help set the trend for
future research in this area.
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Database ApplicationsBata mining A.1 [Introductory and Survey]:
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Additional Key Words and Phrases: Opinion summarization, Opinion Mining

1. INTRODUCTION

With the growth of the web over the last decade, opinions camlre found almost every-
where - blogs, social networking sites like Facebook andt@éwinews portals, e-commerce
sites, etc. While these opinions are meant to be helpful, dseawailability of such opin-
ions becomes overwhelming to users when there is just todrfudigest. Consider a
user looking to buy a laptop. Figure 1 shows all the availddyiop reviews for @ell
laptop obtained from Google Product Search. Although these opinéwe meant for just
one product, there are more than 400 reviews for this oneugtdtbm around 20 different
sources. Such overwhelming amounts of information makensarization of the web very
critical.

Over the last few years, this special task of summarizingiops has stirred tremendous
interest amongst thdatural Language Processin@NLP) andText Miningcommunities.
“Opinions' mainly include opinionated text data such aghleview articles, and associ-
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Dell Inspiron 1545 - Pentium 2 GHz - 15.6 " - 3 GB Ram - 250 GB HDD fiom Dell in Notebooks

Overview - Compare prices - Reviews - Technical fications - Similar items
494 new, $331 used fom 15 sel :

$ -8 o s topic sources

Fdr e 491 reviews
Reviews .

reviews
Summary - Based on 491 reviews Show reviews by source
2B (

— Editorial reviews (9)
“Amazing laptop at an amazing price!” "Battery is awful lasts for about 1 hour.” User reviews (482)
“Great value, lightweight, and decent battery time_" “"Competitive pricing and a good value.”
"l love my laptop and it is easy to use.” "Very durable laptop. great features for the price.”

Amazon.co.uk (3)

Dell Inspiron 1545 review Amazon.com (17) )

# By Chris Jager - Sep 22, 2009 - Editorial review - PC Advisar Best Buy Product Reviews (66)
The Dell Inspiron 1545 notebook is an affordable all-purpose notebook with a 15 6in widescreen LCD. Buzzillions.com (35)
While it's unlikely to tumn heads with its pedestrian style, this Dell Inspiron 1545 laptop remains a perfectly

serviceable notebook that punches well above its weight. (We use the term figuratively, as it is far from a petite Epinions (2)

notebook.) Expert Reviews (2)
Weighing in at around 3kg and measuring 374x25 938mm, the Dell Inspiron 1545 is one of the bigger entry level Laptop Reviews UK (1)
notebooks on the market. This makes it a bit of a pain to lug around, but it will make an adequate desktop (
replacement - provided you're not into gaming. Notebookcheck (1)

The main benefit of this added real-estate is a 15.6in screen with a native resolution of 1366x768. The display did a PC Advisor (1)

good job during movie playback, with excellent viewing angles and minimal reflective glare. While the inbuilt PC Pro (1)

speakers are a little on the weak side, they're more than adequate for a notebook in this price range.

PCMag com (1)

Business IT reviews and advice P
Laptops reviews and buying advice Reevoo (215)

.. Read full review ReviewStream.com (2)
TechRadar UK (1)
TrustedReviews (1)
Viewpoints (35)

Walmart (107

Fig. 1. Example Google product search research on Dell ldptop

ated numerical data like aspect rating is also included. &\different groups have differ-
ent notions of what an opinion summary should be, we considgstudy that attempts to
generate a concise and digestible summary of a large nunfilogirdons as the study of
Opinion Summarizatian

The simplest form of an opinion summary is the result of geetit prediction (by ag-
gregating the sentiment scores). The task of sentimenigbi@d or classi cation itself
has been studied for many years. Beyond such summariesgewer generation of opin-
ion summaries includes structured summaries that providelaorganized breakdown
by aspects/topics, various formats of textual summariestamporal visualization. The
different formats of summaries complement one another byiging a different level of
understanding. For example, sentiment prediction on weviE a product can give a very
general notion of what the users feel about the product.efuger needs more speci cs,
then the topic-based summaries or textual summaries maybe umseful. Regardless of
the summary formats, the goal of opinion summarization ikelp users digest the vast
availability of opinions in an easy manner. The approachiiged to address this sum-
marization task vary greatly and touch different areas eéaech including text clustering,
sentiment prediction, text mining, NLP analysis, and soSwome of these approaches rely
on simple heuristics, while others use robust statisticzdeis.

Currently, there are three surveys that are related to thy stf opinion summarization.
Chapter 11 of Liu's book [Liu 2006] covers various technigte opinion mining and
summarization. In the book, Liu rst de nes the notion of ian’ and “opinion mining'
and introduces basic concepts related to these de nitidieen he describes techniques
in opinion mining covering sentiment classi cation, oni summarization, and opinion



Comprehensive Review of Opinion Summarization 3

spam detection. While Liu summarizes this area with a noahéwork, as this book
was published in 2006, his survey does not cover some of thie reoent work in opinion
summarization. A big portion of Liu's book is dedicated topkining de nitions and
techniques in sentiment classi cation (the simplest fofraropinion summary), and only
a small portion of his book discusses the task of summaryrgéone beyond sentiment
classi cation. In addition, most of the opinion summaripat works discussed by Liu
are rule-based and heuristics-oriented techniques, myissit on some of the probabilistic
methods that were published during the same time period.

In 2010, Liu wrote another book chapter about “Sentimentlysim and Subjectivity'
[Liu 2010]. Although the new book chapter covers some reegtitles, the content in
general is very similar to the previous book chapter. Thei$auf the new book chapter is
purely sentiment classi cation techniques, not coveringe of the state-of-the-art opin-
ion summarization methods. As there are already multipteeyss touching the sentiment
classi cation task, in our survey, we focus purely on thear@dechniques used in opinion
summarization that goes beyond sentiment classi catiamses sentiment classi cation as
one of the components in summarization.

Pang and Lee's survey [Pang and Lee 2008] on Opinion MinimgSentiment Analysis
provides a better coverage of works related to opinion surizatgon. Although this survey
covers a lot of recent works, it is focused on “opinion mihlomgadly rather than opinion
“summarization'. In Pang's survey, the methods are expthat a very high level, and the
classi cation of related works is different from the view wall take. In Pang's survey,
works in opinion summarization are categorized as singteiaent, multi-documents, tex-
tual and visual approaches. In our survey, we will provideeakdown of the techniques
used into distinct steps (e.g. stepl: aspect/featureatitna step 2: sentiment prediction,
and step 3: summary generation) and attempt to classifiettteitques used in each step
to provide both a broad perspective and detailed underistguodithose techniques. By fo-
cusing on the smaller scope of study, we are able to use mphessicated categorization
for opinion summarization. This will allow readers to compand contrast the approaches
with ease.

In this survey, we cover a comprehensive list of state-efdtt techniques and paradigms
used for the task of opinion summarization that goes beyentiraent classi cation. We
will classify the approaches in various ways and descrikgébhniques used in an intu-
itive manner. We will also provide various aspects of eviaurein opinion summarization,
which was not covered by other previous surveys. Finallyillgorovide insights into the
weaknesses of the approaches and describe the challeagesrttain to be solved in this
area.

The rest of the paper is organized as follows. We rst introglthe related topics in
Section 2 where we provide background information of thateel research areas involved
in opinion summarization. Then, we go on to describing thpeesentative opinion sum-
marization approaches, aspect-based opinion summarnzand techniques used for it.
After that, we discuss non-aspect-based approaches ioSéct In Section 6, we dis-
cuss various aspects of evaluation of opinion summarigzaéohniques. In Section 7, we
conclude with a discussion on the open challenges that refnie solved.
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2. BACKGROUND

Before we describe various opinion summarization works,wileprovide background

knowledge on some important relevant topics used to solrgtbblem of opinion sum-
marization. Many works in opinion summarization are bufbn some closely related
research areas such as sentiment classi cation, text suzatian, etc. In this section,
we will brie y discuss some of the core related areas useditl lopinion summarization

systems. Many of these topics are covered by Pang's sunasg[Bnd Lee 2008].

2.1 Sentiment Classi cation

Sentiment classi cation focuses on determining the semantentation of words, sen-
tences, and documents. The earliest works in sentimerti claon were at the level of
individual words. The usual approach is to extract adjestivom texts and try to identify
their orientation. Different approaches were proposedHerpurpose later. [Hatzivas-
siloglou and McKeown 1997] utilized the linguistic constita on semantic orientations of
adjectives. [Kamps and Marx 2001] proposed a WordNet-bappdoach, using semantic
distance from a word to “good” and “bad” as a classi catioitemion. [Turney 2002] used
pointwise mutual information (PMI) as semantic distanceveen two words to measure
sentiment strength of words. Later, [Turney and Littman3d0und that using cosine
distance in latent semantic analysis (LSA) space as a distaxe@asure leads to better ac-
curacy.

Among the works of the document level classi cation, thelieat work was done by
[Pang et al. 2002] who experimented with several machinmieg techniques with com-
mon text features to classify movie reviews. Authors présgm number of further re-
nements in their subsequent works [Pang and Lee 2004; 2005¢ther good evaluation
for various sentiment classi cation methods based on weviwas given by [Dave et al.
2003]. They experimented with a number of methods for désggeentiment classi ers
using training corpus. Other related works in this regadudes [Osgood et al. 1967,
Wilson et al. 2004; Mullen and Collier 2004].

Sentiment classi cation has been used in opinion summioizas one of the most im-
portant key steps. While the results of sentiment classiocatan be used as a simple sum-
mary in itself, the notion of opinion summarization invadv@uch more than just identify-
ing orientations of phrases, sentences or documents. @pgummarization approaches
provide a holistic method starting from some raw opinioddgt up to the generation of
human understandable summaries.

2.2 Subijectivity Classi cation

Subjectivity classi cation aims at differentiating sentes, paragraphs, or documents that
present opinions/evaluations from those that presenuda@formation. [Wiebe 2000]
attempted to nd high quality adjective features by wordstiring. [Riloff and Wiebe
2003; Riloff et al. 2003] used subjective nouns learned mataally from un-annotated
data. [Yu and Hatzivassiloglou 2003] presented a Bayeganoach to identify if a docu-
ment is subjective or not.

Subjectivity classi cation, however, is different fromrg@nent classi cation in that the
former only aims at nding if an opinion is present or not araked not attempt to identify
the orientation of these opinions. Sometimes subjectaldgsi cation is used as an input
data preprocessing step for sentiment classi cation. Bgrihg out objective sentences in
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advance of sentiment classi cation, subjectivity clagsition can increase the accuracy of
sentiment classi cation.

2.3 Text Summarization

There are two representative types of automatic summamizatethods Extractive Sum-
maryis a summary made by selecting representative text segnusuotly sentences, from
the original documentdAbstractive Summargoes not use the existing sentences from the
input data; it analyzes documents and directly generatgesees. Because it is hard to
generate readable and complete sentences, studies artiggtsammary are more popular
than that on abstractive summary.

Research in the area of summarizing documents focused @oginy paradigms for
extracting salient sentences from text and coherentlymizgeay them to build a summary
of the entire text. The relevant works in this regard inchiffeaice 1990; Kupiec et al.
1995; Hovy and Lin 1999]. While the earlier works focused omsuarizing a single
document, later, researchers started to focus on summgriziltiple documents.

Due to the characteristics of data itself, opinion sumnagion has different aspects
from the classic text summarization problem. In an opiniamshary, usually the polarities
of input opinions are crucial. Sometimes, those opiniores @ovided with additional
information such as rating scores. Also, the summary fasmpeiposed by the majority of
the opinion summarization literature are more structuredature with the segmentation
by topics and polarities.

However, text summarization techniques still can be usefapinion summarization
when text selection and generation step. After separatipgtidata by polarities and
topics, classic text summarization can be used to nd/gatieethe most representative
text snippet from each category.

2.4 Topic Modeling

Topic model is a generative probabilistic model which usasabulary distribution to nd
topics of texts. Topic modeling captures word frequencies@-occurrences effectively.
For example, if word A and B co-occur regularly, word A and ereco-occur, we can
assume there is one topic including word A and B, and theraifferent topic including
C. Representative topic modeling approaches are Prostabiliatent Semantic Analysis
(PLSA) [Hofmann 1999] and Latent Dirichlet Analysis (LDABlEi et al. 2003].

The goal of topic modeling is to identify a set of topics orrties from a large collec-
tion of documents. Based on topic probability, researchgro identify documents that
are relevant to each of themes. For example, in a documelettioh being comprised
of laptop reviews, some of the themes may be battery lifet, ezranty, etc. It is clear
that many of these themes represent product features avchind opinions may need to
be summarized. If words used in positive documents are \iffigreht from those used in
negative documents, topic modeling may identify positiy@ds and negative topics. Thus,
topic modeling approaches can be greatly useful in autendgnti cation of features as
well as sentiment classi cation for opinion summarizatidoepic modeling naturally nor-
malizes features as clusters, and users do not need to waoty eomplicated parameter
tuning. Also, if there is existing knowledge to incorporatée can use prior probabili-
ties. Depending on prior knowledge of topics, each topicwark as a feature or one of
sentiment orientations.
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Opinion Summarization
Aspect-based

1. Aspect/Feature 2. Sentiment 3. Summary
Identification * Prediction * Presentation

Combined approach

Non-Aspect-based

+ Simple Opinion Classification Summarization
+ Text Summary

+ Entity-based summary

+Visualization

Fig. 2. Overview of opinion summarization techniques

3. CONCEPTUAL FRAMEWORK FOR OPINION SUMMARIZATION

Going by our scope of survey and de nition of opinion sumrration, the related body
of work in this area can be very broadly classi ed into thosattrequire a set of aspects
and those that do not rely on the presence of aspects. We Bdhera asaspect-based
summarizatiorandnon-aspect-based summarizatidfigure 3 shows the overview of our
opinion summarization classi cation.

Aspect-based summarization divides input texts into a@spedich are also called as
features and subtopics, and generates summaries of eaett.asfor example, for the
summary of “iPod', there can be aspects such as “battety lifesign’, “price’, etc. By
further segmenting the input texts into smaller units, aspased summarization can show
more details in a structured way. Aspect segmentation cagvbe more useful when
overall opinions are different from opinions of each asettause aspect-based summary
can present opinion distribution of each aspect separdtblyaspect-based approaches are
very popular and have been heavily explored over the lastyfavs [Hu and Liu 2004a;
2004b; 2006; Ku et al. 2006; Liu et al. 2005; Lu et al. 2009; leteal. 2007; Popescu and
Etzioni 2005; Titov and McDonald 2008; Zhuang et al. 2006].

Non-aspect-based summarization includes all other kirfdspmion summarization
works which do not divide the input texts into sub topics. Hom-aspect-oriented sum-
maries either assume that the opinion text has been preesggdhby aspects or simply
produce a generalized summary without consideration afcsp Such approaches touch
diverse concepts from text summarization to informatisualization [Lu and Zhai 2008;
Kim and Zhai 2009; Ganesan et al. 2010; Balahur and Montoy@82Chen et al. 2006;
Mishne et al. 2006; Stoyanov and Cardie 2006b; 2006a; 2008he next sections, we
will introduce the relevant approaches in each of theseyoaies.

4. ASPECT-BASED OPINION SUMMARIZATION

The most common type of opinion summarization technigéeigect-based Opinion Sum-
marization Aspect-based summarization involves generating opisiwnmaries around a
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Aspect/Feature Identification battery life,
Identify salient topics sotnd gaallty

ease of use, ..
Sentiment Prediction battery life is great = +ve
Determine polarity of text containing longpatieny fie & e
topics
Summary Presentation Battery Life: YA e
« Aggregate polarity ratings Sound Quality: YTYTICHON

+ Present opinion summaries

Fig. 3. General three steps of aspect-based opinion sumrtianiza

set of aspects or topics (also known as features). Thesetaspe usually arbitrary top-
ics that are considered important in the text being sumradrizn general, aspect-based
summarization is made up of three distinct stepspect/feature identi cationrsentiment
prediction andsummary generationSome approaches, however, integrate some of the
three steps into a single model. Figure 4 shows brief exfitamaf the three steps in
aspect-based summarization. The feature identi catiep #& used to nd important top-
ics in the text to be summarized. The sentiment predictiop & used to determine the
sentiment orientation (positive or negative) on the aspkxind in the rst step. Finally,
the summary generation step is used to present processéts fesm the previous two
steps more effectively.

Various methods and techniques have been proposed to $ailerges in each of these
steps. In the following three subsections, we will desciibee techniques used in the
aspect/feature identi cation step, the sentiment préalicstep, integrated approaches, and
the summary generation step. Table | shows the technigeesingach step. The studies
are ordered by the last name of the rst author followed byytbar of publication.

4.1 Aspect/Feature ldenti cation.

Aspect/feature identi cation involves identifying satietopics within the text to be sum-
marized. For example, if we want to generate an opinion sumyataout iPod’, some of
the common aspects are “battery life', “sound quality' asase of use'. The purpose of
this step is to nd these subtopics. In some cases, thesestape assumed to be known
and hence this step is not required.

4.1.1 NLP Techniques for Feature Discoveriylost approaches [Lu et al. 2009; Popescu
and Etzioni 2005; Hu and Liu 2004b; 2004a] attempt to idgrightures in the opinion text
with the help of NLP-based techniques. Part-of-speech [R&yging and syntax tree pars-
ing are very common starting points for feature discoveoy.é@xample, as aspects/features
are usually noun phrases, even basic POS tagging alloweémphd candidate aspects.
The annotated opinion texts are then further analyzed ug@tg/text mining techniques
explained in Section 4.1.2.
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Table I.

Techniques used in Aspect-based summarization

Aspect/Feature Identi cation

Sentiment Prediction

Summary Generation

[Hu and Liu 2004a;
2004b; 2006]

NLP-based Technique.
Perform POS tagging and
generate n-grams.

Mining . Use association rule
mining to nd all rules.

Lexicon-based.Use seed
sentiment words and then use|
WordNet to generate more
sentiment words.

Statistical summary.
Sentiment distribution of each
aspect with classi ed
sentences. Graph
representation proposed by
[Hu and Liu 2006].

[Ku et al. 2006]

Mining. Use the frequency of
terms in paragraphs and acros
paragraphs.

Lexicon-based.Use sentiment
sswords to assign opinion score
to sentences.

D

Text Selection.Sentence
selection based on TF-IDF
scores of words

Summary with a timeline.
Show opinion changes over a
timeline.

[Liu et al. 2005]

Same techniques used in [Hu
and Liu 2004a; 2004b]

Known in advance.
Orientation assigned to
phrases based on whether it
comes from "Pros” or "Cons’
reviews.

Statistical summary. Opinion
observer. Generate
graph-based statistics with
comparison of several
products.

[Lu et al. 2009]

NLP-based technique.
Identify head terms and cluste|
head terms into k interesting
aspects.

Learning-based technique
r Use overall ratings and a
Naive Bayes classi er.

Text Selection.Show the most
occurring phrase in each
aspect.

Aggregated ratings.Average
sentiment rating of phrases
within each aspect.

Text selection.Choose
phrases with highest support i
each aspect.

n

[Mei et al. 2007]

Integrated Approach. Joint topic and sentiment

modeling using Topic Sentime

nt Mixture (TSM).

Model and extract multiple subtopics and sentiments in

a collection of blog articles.

Text selection.Top scored
sentence by topic modeling
results.

Summary with a timeline.
Show opinion changes over a
timeline.

[Popescu and Etzioni
2005]

NLP-based technique Use
KnowltAll system to extract
features

Other.

NLP-based technique:
Dependency parsing to nd
heads and modi ers to
discover opinion phrases.
Statistical: Use relaxation
labeling to predict sentiment
orientation of opinion phrases

Text Selection.Show the
strongest opinion word for
each aspect.

[Titov and McDonald
2008]

Integrated Approach. Joint topic and sentiment
modeling using Multi-Grain LDA (MG-LDA). Extract
ratable aspects using local and global topics.

Text selection.Top probability
words for each topic.

[Zhuang et al. 2006]

Other. Use lexicon and
regular expressions.

Lexicon-based.Use seed
sentiment words and then use
WordNet to generate more
sentiment words.

Statistical summary.
Sentiment distribution of each
aspect class and correspondir
sentences for each aspect an¢
sentiment.

«
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In the recent work [Lu et al. 2009], shallow parsing was usedéentify aspects for
short comments. In short comments, most opinions are esgulén concise phrases, such
as "well packaged' and “excellent seller'. With this in miitds assumed that each phrase
is parsed into a pair of head term and modi er, where the head ts about an aspect or
feature, and the modi er expresses some opinion towardsatspect (e.g. “fast{modi er]
shipping[head]’). The head terms in the text are then ctestto identifyk most interesting
aspects.

[Popescu and Etzioni 2005] used the KnowltAll system [Eikiet al. 2004], a web-
based domain-independent information extraction systeraxtract explicit features for
the given product class from parsed review data. This woekl asmore involved approach
to extracting features compared to other works. First, ffstesn recursively identi es
bothparts(e.g. scanner cover) amtioperties(e.g. scanner size) of the given product class
until no more candidates are found. Then the system ndseaelaoncepts and extracts
their parts and properties. To nd parts and properties,nnplarases are extracted from
reviews, and the phrases that satisfy a minimum supporéetamed. Then the KnowltAll's
Feature Assessor evaluates each noun phrase by computirsg8ids between the phrase
and meronymy discriminators associated with the produsgsc{e.g. of scanner, scanner
has, scanner comes with, etc. for the Scanner class). Rarthen distinguished from
properties using WordNet.

Shallow NLP approaches like POS tagging and parsing are gffiective for feature
extraction as these techniques are well studied, and materat-the-art parsers and tag-
gers are known to have high accuracies. One potential proisi¢he practicality of these
approaches. The speed of parsing or tagging is still notiefit' enough for large scale
processing. Also, such shallow NLP-based techniques migyesuf cient in discovering
all the features. This is because features are not alwaysspamd often times they are
not explicitly speci ed in the text. For example, the serten The mp3 player is small’,
implicitly mentions the “size' feature, but there is no nientof the word “size' in the
sentence. This may require some domain knowledge or heip $ame ontological word
dictionary.

4.1.2 Mining Techniques for Feature Discoverjnother commonly used methods to
identify features is a ‘'mining' approach [Archak et al. 20B@pescu and Etzioni 2005; Hu
and Liu 2004b; 2004a]. Frequent itemset mining can comperiba weaknesses of pure
NLP-based techniques. This approach does not restricbtiigtcertain types of words
or phrases can become candidate features. Instead, ofbenation like thesupport
information is used to determine if a particular word or derés a feature or not. Certain
non-promising features are even pruned with the use of rhiatieamation and redundancy
rules. This approach to feature discovery shows reasomefermance especially with
product reviews.

[Hu and Liu 2004b; 2004a] used supervised association rutenmrbased approach
to perform the task of feature extraction. Their methodsba®ed on the idea that each
sentence segment contains at most one independent fe&iusE. each review sentence
is divided into a set of sentence segments based on sepabatid, *,', “and’, “but', etc;
then all the feature words are manually tagged. With the se¢ggd and tagged data set,
Association Rule Mining is performed to learn rules of thefd\1A,::A, )  [feature]
for predicting feature words, based on the remaining ward@ssentence segment and their
POS tags. Since association rule mining does not accoutitdarder ofA1; A,::Ap ina
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sentence, many of the learnt rules can be pruned based orsiatancy of the patterns with
English grammar. Features on a new input dataset are theaced using these trained
rules. In case two rules resulted in two different featumesltie same sentence segment,
the more frequently occurring feature is chosen.

[Zhuang et al. 2006] used a slightly different approach fdraeting features in movie
reviews. Since many of the features in their case are ardwendast of a movie, they build
a feature list by combining the full cast of each movie to baewed. A set of regular
expressions is then used to identify whether a word in awem@tched one of the words
in the feature list.

[Ku et al. 2006] introduced a fairly simple approach to disrdeatures. They consider
paragraph level frequencies as well as document level ortesdp identify features. While
most previous works used document frequency or just terquénecies within a document,
this work analyzes frequencies across paragraphs andefnes within paragraphs.

The study by [Archak et al. 2007] is different from other apgwhes so far. Their meth-
ods use a combination of text mining and econometric tectasigThe methods attempt to
rst decompose product reviews into segments that evaltreténdividual characteristics
of a product (e.g., image quality and battery life for a dibtamera). Then they adopt
methods from the econometrics literature, speci cally kieelonic [Rosen 1974] regres-
sion concept, to estimate: (a) the weight that customersepa each individual product
feature, (b) the implicit evaluation score that customesign to each feature, and (c) how
these evaluations affect the revenue for a given productuddyg product demand as an
objective function, they derive a context-aware inter@tiionh of opinions. Based on the
analysis, they show how customers interpret the posted @mtsvand how the comments
affect customers' choices. The intuition here is that tlsilts can be used by manufactur-
ers to determine which features contribute most to the ddrfartheir product. Such in-
formation can also help manufacturers facilitate chang@saduct design over the course
of a product's life cycle.

One problem with mining-based approaches is that it may widfé&rently in different
domains. Sometimes, heuristics used for nding feature=irte be rede ned for differ-
ent domains. Also, parameters like the support threshotdl he be tuned for different
applications since a stable and uniform performance capea@uaranteed with a global
setting.

4.2 Sentiment Prediction

The feature discovery step is often followed by sentimeatljmtion on the text containing
features that are previously found. Sentiment predictidtself is an active research area.
While there are many techniques solely for this task, in thidien, we will discuss the
techniques used within the framework of opinion summaidpat

The purpose of sentiment prediction in the current conteio iallow for the discovery
of sentiment orientation (positive or negative) on the as8feature. Different people may
have different views about similar aspects. For examplmespeople may nd that the
iPod's battery life “is excellent', while others may nd thé "does not last long'. Thus,
the results of aspect-based sentiment predictions wolpdusers digest the general senti-
ments on the aspect.

4.2.1 Learning-based Methods for Sentiment Predictibearning-based prediction
can incorporate many features and formulate a problem asrsan classi cation. All
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types of information can be potentially cast as featuregidoms and rules which will be
mentioned in Section 4.2.2 are one of the important feafordearning-based predictions.
By using characteristics of words around the target texthime learning method even can
capture context to some extent.

[Lu et al. 2009] is one of the few studies useing a learningedastrategy in aspect-based
summarization. They propose two methods for classifyirdngdarase clustered into the
interesting aspects (see Section 4.1.1) into a rat{hy. Firstthey assume that the rating of
each aspect is consistent with its overall ratings. In otlwds, each phrase mentioned in
a comment shares the same rating as the overall rating of eatsmith this assumption,
the aspect ratings can be calculated by aggregating ratingts the phrases about each
aspect.

In the second method, instead of blindly assigning the satgeto each phrase as the
overall rating of the comment, they learn aspect level gatitassi ers using the global
information of the overall ratings of all comments. Thentepbrase is classi ed by the
globally trained rating classi er. They essentially clég®ach phrase by choosing the
rating class that has the highest probability of generdtiegnodi er in the phrase, which
is basically a Naive Bayes classi er with uniform prior onckarating class. The ratings
are then aggregated by averaging the rating of each phrasean aspect. This method
of prediction is shown to work much better than just usingdberall ratings.

While many studies on sentiment prediction use machine itegiimased approaches, it
is the least common approach within the context of opinionmearization. This was prob-
ably due to the dif culty in obtaining labeled examples taitr a high accuracy classi er.
Preparing big enough annotated data is a challenge in usamgihg-based methods. It is
even harder to nd a data for general domain, and the trainedahin one domain may
not work well in other domains.

4.2.2 Lexicon/Rule-based Methods for Sentiment Predictloexicon-based sentiment
prediction is very popular in the context of opinion sumrration [Hu and Liu 2004b;
2004a; Zhuang et al. 2006; Ku et al. 2006]. This techniqueegly relies on a senti-
ment word dictionary. The lexicon typically contains a b$fpositive and negative words
that are used to match words in the opinion text. For exanifpde, opinion sentence has
many words from the positive dictionary, we can classifysihaving a positive orientation.
These word lists are often used in conjunction with a set lefsrar can be combined with
the results of POS tagging or parsing.

For identifying the opinions about features and their dééon, [Hu and Liu 2004b;
20044a] proposed a simple yet effective method based on Wardihey start with a set
of about 30 seed adjectives for each prede ned orientapasiive and negative). Then
they use the similarity and antonymy relations de ned in Wéet for assigning positive or
negative orientations to a large set of adjectives. Thésptlentation of an opinion about
a feature was decided by the orientation of the adjectiveratd.

Similarly, [Ku et al. 2006] used a set of positive and negativords to predict senti-
ments. They used two sets of sentiment word$ @&hd CNSD®. They enlarged the seed
vocabulary using two thesauri Cilin [J. et al. 1982] and BGWIhe orientation of an

2http://www.wjh.harvard.edu/ inquirer/
Shttp://134.208.10.186/WBB/EMOTIOMEYWORD/ Atx_emtwordP.htm
4http://bow.sinica.edu.tw/
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opinionated sentence is decided based on the orientatfatssveords. Instead of using a
set of rules, they assigned sentiment scores to sentersigaexd to topics. These scores
represent the sentiment degree and polarity. In addititiaving a polarity of positive and
negative, if certain words like “say', “present’, and “shawgre present in the sentence, a
zero opinion score was assigned as a neutral opinion.

[Zhuang et al. 2006] used dependency relationships toifgieaginions associated with
feature words. In order to identify the orientation of thenigns, they used a strategy
similar to that of [Hu and Liu 2004b; 2004a]. They identi edet top 100 positive and
negative opinionated words from a labeled training set &rd tised WordNet synsets to
assign orientations to other words. Furthermore, the taiem of a word was reversed if
there was a negation relation such as "not' or "anti' invdlve

This line of work is popular because it is faily simple andidexs can be good features
for learning-based methods. Lexicon-based approachésawen to work well in domains
like product reviews where people are explicit about theiressions (e.g. "The battery life
is bad"). However, in harder domains like movie reviews vehgeople are often sarcastic,
such a method yields in poorer performance because thextovds often ignored. Also,
the performance of this method depends on the quality ofittedary used. For the best
performance, different dictionaries have to be de ned fiffedent domains and aspects.

4.2.3 Other Methods for Sentiment PredictiofiPopescu and Etzioni 2005] used words
in the vicinity of the features found as a starting point iegicting the sentiment orien-
tation. Basic intuition is that an opinion phrase assodiati#h a product feature tends to
occur in its vicinity. Instead of using simple word window ¢beck the words in vicin-
ity, they use syntactic dependencies computed by MINIPAIR [1998]. Heads and their
corresponding modi ers in dependency parsing results ansidered as potential opinion
phrases.

They then use a well-known computer vision technique, adlar labeling [Hummel
and Zucker 1987], to predict the polarity of extracted ominphrases. Relaxation labeling
uses an update equation to re-estimate the probability @ird label based on its previous
probability estimate and the features of its neighborhobite initial probability is com-
puted using a version of Turney's PMI-based approach [fueral Littman 2003]. This
technique is found to generate opinions and its correspgrablarity with high precision
and recall. However, this is tested only on user reviews énpifoducts domain, so it may
not be general enough to be used in any arbitrary domain.ditiaw, since the sentiment
prediction step alone is multi-faceted and very involvée, approach can have scalability
issues.

4.3 Integrated Approaches

Some studies in aspect based summarization do not haverasefgaration of the sum-
marization steps explained earlier. We refer to these aghes as integrated approaches
[Mei et al. 2007; Titov and McDonald 2008] which mainly uselpabilistic mixture mod-
els namely PLSA [Hofmann 1999] and LDA [Blei et al. 2003].

4.3.1 Topic Sentiment Mixture ModeBefore we introduce Topic Sentiment Mixture
model, it is necessary to describe a general modeling apptbased topic nding task.
Now, let us assume that we have reviews on similar productsteese reviews come from
multiple sources. We would like to know what the common theare across the different
sources and also want to get an idea of what each speci ¢ edalks about. For such a
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[esnaN

Fig. 4. Generation process of topic sentiment mixture modeli el. 2007]. d: document, w: word, B:
background model, : topic model, 4 : the probability of choosing jth topic in document dy.r=p=n
sentiment coverage of topic j in document d.

task, [Zhai et al. 2004] proposed a nice way of doing this weithapproach calle@om-
parative Text MinindCTM). The task in this approach was to discover any latentroon
themes across all collections as well as summarize theasitgibnd differences of these
collections along each common theme. This is done by simedtasly performing cross-
collection clustering (to obtain the common theme) and iwittollection clustering (to
obtain the differences). This approach focuses on ndingetent summaries on different
topics. Also, this approach is general enough that we carCli$é on any type of text
collection. However, this approach is not for opinionatetlections, so it does not have
consideration in sentiment analysis.

For opinion summarization, by adding sentiment models tMC[Mei et al. 2007] pro-
cessed sentiment prediction and aspect identi cation & step with topic modeling. In
this approach, they use PLSA to capture the mixture of topicssentiments simultane-
ously. The propos&opic Sentiment Mixturél SM) model (Figure 4.3.1) which can reveal
the latent topical facets in the collection of text and thessociated sentiments. TSM
has an additional level on top of CTM. They assume that topiesgenerated by one of
the neutral topics and one of positive and negative topigs sditing basic positive and
negative sentiment words as priors, they let positive argetinee topics work as intended.

Apart from obtaining summaries based on topics and sentandéimey also design a
Hidden Markov Model (HMM) structure to utilize the sentimenodels and topic models
estimated with TSM to extract topic life cycles and sentitdmamics. The TSM model
is quite general in that it can be applied to any text coltexiwith a mixture of topics and
sentiments. Thus, it has many potential applications, ssctearch result summarization,
opinion summarization, and user behavior prediction.

4.3.2 Multi-Grain LDA Model. A recent work by Titov and McDonald [Titov and
McDonald 2008] jointly modeled text and aspect ratings.hiis tvork, the key idea is to
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nd ratable aspects within texts on a given topic, and thed rapresentative summaries for
each aspect. For example, once an aspect sustafiss found, representative summaries
like waitressandbartenderbecome part of thetaff topic. The approach uses a model
based on extensions to the standard topic modeling metHad, to induce multi-grain
topics. This approach proposes a multi-grain model as bravg appropriate for this sort
of a task since standard models tend to produce topics thatspmnd to global properties
of objects (e.g., the brand of a product type) rather thaaspects of an object that tend to
be rated by a user. The propogdditi-Grain LDA (MG-LDA) models two distinct types
of topics: global topics and local topics. The hypothestha ratable aspects are captured
by local topics, and global topics capture properties ofeseed items. The main goal of
this work is to use rating information to identify more cobetr aspects.

MG-LDA does not directly predict sentiment orientation. isver, because they gen-
erate features using rating information, it can be pot#ntapplied to other models that
consider sentiments such as TSM. Therefore, we categdrizstudy into the integrated
approach section.

4.4 Summary Generation

Using the results of feature discovery and sentiment ptiedidt is then critical to generate
and present the nal opinion summaries in an effective arsy é@aunderstand format. This
typically involves aggregating the results of the rst twiggs and generating a concise
summary.

In the following subsections, we will describe various gatien methods for opinion
summarization. While each technique has its own focus, seatmiques can be combined
with others. For example, we may add a timeline to text selechethods.

4.4.1 Statistical SummaryWhile there are various formats of summaries, the most
commonly adopted format is a summary showing statistia®duiced by [Hu and Liu
2004b; 2004a; 2006; Zhuang et al. 2006]. Statistical summiaectly uses the processed
results from the previous two steps - a list of aspects andtsasf sentiment prediction. By
showing the number of positive and negative opinions fohespect, readers can easily
understand the general sentiments of users at large. Alithghe positive and negative
occurrences, all sentences with sentiment predictioncéh aapect is shown (Figure 4.4.1).

[Hu and Liu 2006] showed statistics in a graph format. With ¢naph representation,
we can obtain people's overall opinions about the targeemduitively. [Liu et al. 2005]
developed software, Opinion observer, which shows siaistf opinion orientation in
each aspect and even enables users to compare opinioticitatfsseveral products. An
example result is shown in Figure 4.4.1, which comparesiopion three cell phones
from three different brands.

This format of summary has been widely adopted even in thentential world. Fig-
ure 7 shows a sample structured summary used onBing

4.4.2 Text SelectionWhile statistical summaries help users understand the lbvera
idea of people's opinion, sometimes reading actual tex@cessary to understand speci cs.
Due to the large volume of opinions on one topic, showing apletea list of sentences is
not very useful. To solve this problem, many of the recendisti[Titov and McDonald
2008; Popescu and Etzioni 2005; Lu et al. 2009; Mei et al. 26Qret al. 2006] try to

Shttp://www.bing.com
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Fig. 5. Feature-based textual statistical summary. Rawwesttences are classi ed by sub features and senti-
ment orientations.

Fig. 6. Visualization of an aspect summary by [Liu et al. 2005]

show smaller pieces of text as the summary. They use diffgranularities of summaries
including word, phrase and sentences level granularities.

With the topic modeling methods, a word level summary arallgprovided for each
topic [Titov and McDonald 2008] because the list of words tiredr probability is a natural
output of the topic modeling approaches. [Popescu and ft2i@05] also used word
selection as the summary. They rank opinion words assactatéeatures and show the
strongest opinionated word for each aspect. Going beyood] ¥evel summaries, [Lu
et al. 2009] show that is is possible to generate short reptatve phrases (that are high
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Fig. 7. Structured summary on Bing Product Se&rch

occurring) using clustering approaches. This approacheliewis only tested on eBay
comments, which are rather short to start with.

A sentence level summary can provide a deeper level of utathelimg of a topic. [Mei
et al. 2007] score the probability of each sentence to eguic tsing word probability
in topic modeling of TSM model. By choosing the top rankedtsaoe in each category,
they are able to show the most representative sentence. t[ldu 2006] on the other
hand, score sentences based on the TF-IDF of their wordsedext the most relevant and
discriminative sentence to be shown as summary.

4.4.3 Aggregated Ratings[Lu et al. 2009] proposed the advanced summaggre-
gated ratings which combines statistical summary and text selectionseBaon the dis-
covered aspects using clustering and topic modeling, thenage the sentiment prediction
results of phrases for each aspect as the nal sentimemigrér that aspect. Aspect rat-
ings are shown with representative phrases. Figure 8 showsample of their summary
generation.

4.4.4 Summary with a TimelinglKu et al. 2006; Mei et al. 2007] showed opinion
trends over a timeline. General opinion summarization $esuon nding statistics of
the “current' data. In reality, opinions change as time dnesOpinion summary with a
timeline helps us see the trend of opinions about a targédyeasd it also can tell us ideas
for further analysis. To gure out what changes people'snignis, we can analyze the
events that happened at the drastic opinion change. ForpeaRigure 4.4.4 shows the
change of opinions towards four election candidate, andame=asily identify that there is
a drastic opinion change on the Election Day.
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Fig. 8. Structured summary generation by Lu et al. [Lu et al 9300

Fig. 9. Opinion summary with a timeline. Show the change of apisitowards four targets along the timeline
[Ku et al. 2006].

5. NON-ASPECT-BASED OPINION SUMMARIZATION

In addition to studies we introduced in previous sectioneré are many opinion summa-
rization works which do not tinto the aspect-based sumnfannat. They are not bound

by the aspect-based format and suggest different formatgfoion summarization. Some
of them can be combined together or incorporated into adpess#d summarization meth-
ods. We have categorized them into basic sentiment sumatianz advanced text sum-
marization, visualization, and entity-based summaratiFollowing is the summary of

non-aspect-based summarization methods.

(1) Basic Sentiment Summarization

(2) Text Summarization
(a) Opinion Integration [Lu and Zhai 2008]
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Fig. 10. Opinion integration example [Lu and Zhai 2008]. Rdevsimilar and supplementary opinions from
non-expert reviews (right two columns) to the structuredhimpis from expert reviews (left two columns).

(b) Contrastive Opinion Summarization [Kim and Zhai 2009]
(c) Abstractive Text Summarization [Ganesan et al. 2010]
(d) Multi-lingual Opinion Summarization [Balahur and Mogb 2008]

(3) Visualization [Chen et al. 2006; Mishne et al. 2006]
(4) Entity-based summary [Stoyanov and Cardie 2006b; 200@28]

5.1 Basic Sentiment Summarization

Using the prediction results from sentiment classi cati@ection 2.1), basic sentiment
summary can be generated. Sentiment classi cation detisesentiment orientation of
the input texts per classi cation unit (sentence, documettt). By simply counting and
reporting the number of positive opinions and negative iopis, we can easily generate a
simple statistical opinion summary.

This summary can show the overall opinion distribution gfuhdata set without so-
phisticated aspect identi cation steps. However, thistgpsummarization only can show
sentiment analysis results at a very coarse granularity.lé/thé format used in simple
opinion classi cation has been widely adopted, such a summaay not be suf cient
enough to help people understand the speci cs within thaiops. This motivates studies
on aspect-based summarization and textual summaries.

5.2 Text Summarization

5.2.1 Opinion Integration.[Lu and Zhai 2008] used different strategies to process
texts depending on the type of sources. (Figure 5.2.1). Thagle opinion documents
into two categories, expert opinions and ordinary opinioBgpert opinions are articles
which is usually well structured and easy to nd featuresr &mample, CNET expert re-
views or Wikipedia articles are expert opinion articlesthlugh expert opinions are pretty
complete by itself, they are not updated often; therefdrey tdo not usually re ect latest
changes immediately. Ordinary opinions are the other uattred articles. Most of the
private blog articles and user reviews are considered argiapinions. They may have
unimportant information, but they tend to be updated motemftherefore, they re ect
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recent news very well.

Opinion integration is for integrating these two kinds ofisges and getting a complete
opinion summary. First, they extract structured informatjaspect and feature data) from
the expert opinions to cluster general documents. By uss&na-supervised topic model
using PLSA technique, they take advantage of two differentees. Features extracted
from the expert opinions are used as prior to the second btgps to analyze ordinary
opinions. Similar opinions were integrated into the expevtews, and information which
was not covered by the expert opinions for each aspect wasladib the summary as sup-
plementary opinions. In addition, even information frondioary opinions about aspects
which is not covered by the expert opinions are added to therary as supplementary
opinion on extra aspects. Because we can insert any kindgefteopinions as input, this
task can be applied to any domain.

The proposed approach uses one type of expert review aswn khpvever, there can be
con icts among different expert reviews with different @gpstructures. Data cleaning and
alignment method would be helpful to analyze and combingcgires of various expert
reviews; then, we would be able to have more complete lisspéets.

5.2.2 Contrastive Opinion SummarizatioExisting opinion summaries usually gen-
erate two sets of sentences; positive and negative. Afpead methods further divide
sentences according to subfeatures. However, usersesill to read divided sentences to
understand the details opinions. Especially, there cambesces with mixed orientation
which are dif cult to be classi ed clearly. For example, tvgentences, "The battery life is
long when we rarely use buttons' and "The battery life is stunen we use buttons a lot'
would be classi ed as positive and negative respectivaly,they are actually saying the
same fact.

[Kim and Zhai 2009] proposed a method to show contrastivaiops effectivelyCon-
trastive Opinion Summar{COS). COS further summarizes the output of the existing
opinion summary. Given positive and negative sentencesmgs, COS generates con-
trastive paired sentences. To be a good contrastive summeangrated sentence pairs
should be representative of input sentences as well asastine to show contradiction
more effectively. They formulate the problem as an optirtiara framework and pro-
pose two approximation methods for generating represeatahd contrastive sentence
pairs. Representative- rst approximation method clustsach positive and negative sen-
tence set into k clusters and nds contrastive pairs. Catitre- rst approximation method
nds contrastive pairs rst and selects representativegpamong them. They mainly use
similarity functions based on word overlap and also expenited with the variation like
semantic similarities between words for similarity fuocts.

This work suggest new summarization problem, contrastpimion summarization. By
further summarizing already classi ed sentences, it desee the volume of data that users
should read. In addition, by showing contrastive pairs,aiiches the important points
we should compare more effectively. However, the basicriggles used in COS are
simple. They mainly use the word overlap-based contentiaiityi functions. By using
more sophisticated NLP techniques, the accuracy of theittigocan be improved. For
example, tree alignment distance measure can be used tensersimilarity techniques.
Also, they can select sentiment words more carefully thah ¢ghoosing adjectives and
negation words for contrastive similarity measure.
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5.2.3 Abstractive Text SummarizatioAs explained in Section 2.3, because of the dif-
culties in text generation, abstractive summary is a lessimon strategy in text summa-
rization. As we saw in previous sections, most of the tealesgn opinion summarization
use simple keyword/phrase extraction or extractive seetselection methods.

Unlike other studies in opinion summarizati@pinosigGanesan et al. 2010] proposed
an abstractive opinion summarization method using a naeglgbased framework. Due
to the nature of opinions (redundant and scattered), gkteamethods may not capture
all the major opinions if the wrong set of sentences are ssded his becomes especially
crucial when there is a limit on the summary size where onigalknumber of sentences
may be selected. In this case it would be hard to capture rseggehat summarize all the
opinions. Also, extractive methods tend to be quite vertaose may not be suitable for
smaller screens.

In Opinosis, the rst step is to generate a textual word gr@aified the Opinosis-Graph)
of the input data, where each node represents a word, andgarrepresents the link be-
tween two words. Using three unique properties of the gragih structure (redundancy
capture, collapsible structures, gapped subsequen@®us promising subpaths in the
graph that act as candidate summaries are scored and stedrtlThe top candidate sum-
maries are then used to generate the nal Opinosis summaries

It was shown that with such an approach it is possible to geeeeadable and concise
textual opinion summaries without redundant informati&@ince the Opinosis approach
is domain-independent, syntax-lean, and no training carpeeded, the approach itself is
practical and general. However, due to the reliance on thfaciorder of words in the
text, the semantic similarity between sentences is noucegt For example, a sentence
like “very good battery life' and “fantastic battery life'ould be considered two separate
sentences with different meanings. To further improve as, th deeper level of natural
language understanding would be needed.

5.2.4 Multi-lingual Opinion SummarizationAs the different aspeciulti-lingual Opin-
ion SummarizatiofBalahur and Montoyo 2008] tried to introduce opinion sumiaetion
in to translation. Pre-processing steps are similar to igém@inion summarization tech-
nigues. After analyzing features from English texts, thegpraoncepts to Spanish using
EuroWordNet.

This technique completely relies on EuroWordNet; themfdhe performance of the
system is also completely depended on the performance ol Nétr Because WordNet
does not include all the words and may even have errors, ctingevords by utilizing
general web information can be a possible solution.

5.3 Visualization

While most of previous introduced works showed summarinati® a simple table-based
statistical summary with representative text snippeteotences, there were also attempts
to show summary result in different ways to give more intuitio readers and increase
readability.

[Chen et al. 2006] showed opinions on one topic with difféignaph structures. They
present term clusters with polarity information, words ichieation, and decision tree-
based review representation.

MoodViewgMishne et al. 2006] is a visualization tool for blog mood bysés. There
are three sub applications, Moodgrapher, Moodteller, andddignals. Moographer is for
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Fig. 11. Example entity-based summary

showing aggregated mood level based on mood tags by userd@adteller is a similar
tool using natural language processing steps for mood gudMoodSignal is for nding
reasons of special events which are represented as spiltessrimood aggregation graph.

A variety of analysis aspects can help to understand opidistnibution and character-
istics. For example, users easily can tell whether therarames positive opinions than
negative ones or not. Visualization is useful not only foblmiusers who just want to
understand opinions, but also for researchers who needtsinobetter intuition to the
summarization results. For example, from Chen et al.'s jGHen et al. 2006], a polarity
term distribution graph shows large term variation in negatpinions. By analyzing the
reason of the phenomenon, researchers could nd that them@are speci ¢ explanations
for criticism in negative opinions; as a result, classiicatperformance can be different in
positive and negative opinions.

5.4 Entity-based summary

[Stoyanov and Cardie 2006b; 2006a; 2008] introduced areiffitype of summarntity-
based Summarywhich focused on “who' talks what to "'whom'. The entity-bedssum-
mary shows the entities in text and their relationships wipimion polarity annotations.
This type of summary is also called “term-based summarye §immary is composed of
opinion sources, targets, and opinions of sources to wrdr example, there are three
sentences. “Tom likes apples. Jane hates apples. Tom lames For the rst sentence,
“Tom' is a source, "apples' is a target, and “like' shows thamns of "Tom' to “apples'.
This relation also can be represented as the diagram; sanctéarget entities are con-
nected by an arrow annotated by opinion polarity. For th@lgial summary of example
sentences will be like the Figure 5.4.

For entity-based summary, nding and managing entitieskeyissue because entities
are used as main sources and targets. In actual texts, katany entities are referred by
references such as a pronoun, the problem to nd the coreéetent, that is, coreference
resolution, has been popularly studied as the rst step.

[Stoyanov and Cardie 2006b; 2006a] proposed coreferesotuten techniques to link
sources mentioning the same entity. They use both mined fateopinion data set and
general noun phrase coreference resolution techniquésydisov and Cardie 2008] pro-
posed a method for topic/target identi cation problem gstoreference resolution.

The entity summarization is suggested but not all the sibtase completely studied
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yet. As an initial step, only coreference resolution hasnbiegensely studied. For the
complete summary, we need other techniques for the nexa steyh as opinion identi ca-
tion, polarity determination, and ranking opinions.

Moreover, adding intensity of opinions can increase theesgivity of proposed opinion
summary. Previous entity summarization shows only thergipalarity of opinion from
one entity to the other. However, there can be differentisitées in opinions. For example,
we can think that “love' has stronger positive opinion thidte". For expressing intensity
in the graph summary, we may add more notations. For exari@ehickness of arrow
may express the intensity of opinions. Or using multiple benof + and - can show the
intensity of opinion.

6. EVALUATION OF OPINION SUMMARIZATION

In this section, we will discuss various aspects of opiniemmharization evaluation; how
they obtain data set, which measures are used, and whetrerahe any public demo
systems.

6.1 Data Set

The basic requirement of opinion summarization is the needinionated data. Popular
data sets are reviews and blog articles on the web. Manyndsra obtain data set by
themselves by crawling target web sites with speci ¢ quefléu and Liu 2004a; 2004b;
2006; Lu et al. 2009; Kim and Zhai 2009; Titov and McDonald 0Bhuang et al. 2006].

Review sites are popularly crawled; for example, AmazorgyeBnd CNET for product

reviews, TripAdvisor.com for hotel reviews, and IMDB for mrie reviews are used.

Some researchers directly queried search engines, ebpbbig search engines, and
crawled the results pages for evaluation [Ku et al. 2006; &ail. 2007; Kim and Zhai
2009; Titov and McDonald 2008; Lu and Zhai 2008].

There are some standard data sets that are commonly useduateuthe task of opinion
summarization; TREC, NCTIR 8, and MPQA?®. These data sets are initially designed
for sentiment classi cation. Because there is no standatd det specially designed for
opinion summarization, not many researchers used staddsadsets.

Making gold standard data to compare with system resultsaghar issue in evaluation.
Most of previous opinion summarization researches relieBwonan annotations [Hu and
Liu 2004a; 2004b; 2006; Ku et al. 2006; Lu et al. 2009; PopeswlEtzioni 2005; Zhuang
et al. 2006; Lu and Zhai 2008; Ganesan et al. 2010; Stoyand\Candie 2006b; 2006a;
2008]. Usually they provided data set and instructions teis# human annotators to
make labels. Most studies also show agreement rate amongrhassessors in evaluation
section. Other than human annotations, [Lu et al. 2009y Tted McDonald 2008] used
ratings in the review data as a gold standard. [Mei et al. P0§&d output of other system,
Opinmind which is commercialized not#, as a gold standard.

Some researchers make their data set and annotation usealuate®n public. Table
Il shows the list of publicized data set used for previougaeshes. [Hu and Liu 2004a;
2004b; 2006] posted product review data set with featurepaharity annotation on their

7 http://trec.nist.gov
8http://research.nii.ac.jp/ntcir/index-en.html
9http://nrrc.mitre.org/NRRC/publications.htm
10 http://www.adaramedia.com
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Table Il. List of publicized data set used for the previousegrch

Data Set
[Hu and Liu 2004a; 2004b; 2006] http://www.cs.uic.edu/ liub/FBS/sentiment-analysisiht
[Ku et al. 2006] http://nlg18.csie.ntu.edu.tw:8080/opinion/index.html
[Kim and Zhai 2009] http://sifaka.cs.uiuc.edul/ir/data/cos
[Ganesan et al. 2010] http://sifaka.cs.uiuc.edu/ir/data/opinosis

web site!!. [Ku et al. 2006] posted annotated opinion corpttaData set and annotation
used for contrastive opinion summarization [Kim and Zh&@|6° and abstractive opinion
summarization [Ganesan et al. 2016hre also publicized on their project pages.

6.2 Measures

The most popular evaluation measures are precision anlil freezore are also used when
authors want to show general performance combining pmtiand recall [Hu and Liu
2004a; 2004b; 2006; Ku et al. 2006; Lu et al. 2009; PopescuEarioni 2005; Zhuang
et al. 2006; Kim and Zhai 2009; Stoyanov and Cardie 2006atBaland Montoyo 2008].
In case of aspect-based opinion summarization, becausastkef each step is fairly well
divided, most studies evaluate each step separately. Thetask of opinion summariza-
tion is nding appropriate information from input data. Fexample, feature identi cation
is necessary in aspect-based summarization, and textisalezethod should choose the
right contents in summary generation. Therefore, recalsisd as one of the main mea-
sures. Measuring precision is also used in many subtasksniioo summarization. First,
any tasks using classi cation can be evaluated by precidtapecially, precision is a good
method for evaluating sentiment classi cation which is @fithe most important subtasks
in opinion summarization. Also, precision is a good methmdieasure the performance
when clustering or assigning texts into some categoripsfds.

Entity based opinion summarization methods [Stoyanov ardi€ 2006b; 2006a; 2008]
additionally use evaluation measures for coreferencéutign which is the main task. B-
CUBED [Bagga and Baldwin 1998], CEAF [Luo 2005], and Kripderif's  [Krippen-
dorff 2003; Passonneau 2004] are representative corefemasolution evaluation mea-
sures.

In case proposed summarization methods generate someasuwbranking of results,
rank correlation and rank loss are used as evaluation nmesafiur et al. 2009; Titov and
McDonald 2008]. Rank correlation is a measure comparirfgrdince between two ranks.
Kendal's and Spearman's rank correlation coef cient are repredemetaneasures. Rank
loss [Snyder and Barzilay 2007] measures the average destaetween the true and pre-
dicted numerical ratings. Because both [Lu et al. 2009] diitdy and McDonald 2008]
used actual ratings of reviews obtained from the web as a gtalddard, they need to
compare actual values.

There are other quantitative measures. To evaluate howgeakrated summary rep-
resents the original inputs, coverage is used as a measurand Zhai 2008; Kim and
Zhai 2009]. [Mei et al. 2007] use KL divergence to comparegbrerated model with the

L hitp://www.cs.uic.edu/ liub/FBS/sentiment-analysisiht
12 http://nlg18.csie.ntu.edu.tw:8080/opinion/index.html
13 http://sifaka.cs.uiuc.edufir/data/cos

14 http://sifaka.cs.uiuc.edu/ir/data/opinosis
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gold standard model. [Ganesan et al. 2010] use ROUGE [LidP@®ich is a popular
evaluation measure for general text summarization.

In addition to rigorous quantitative evaluation, qualitatobservations are widely used
to analyze example results [Mei et al. 2007; Lu and Zhai 2608 and Zhai 2009; Titov
and McDonald 2008]. The best evaluation would be human ghsen to all cases. How-
ever, because of limited resources, usually researchergrdimteresting usage scenarios
and shows usefulness by analyzing one or two results inldddaie to its own charac-
teristics, usually, evaluation of visualization works &neited to showing screen shots of
generated visual [Chen et al. 2006; Mishne et al. 2006]

Although opinion summarization is becoming active areasya can see above, there
are not standardized data sets and evaluation measuregifitdrosummarization. Many
of research studies use small data set crawled by themsalve®valuation is performed
in each sub task separately, not in the entire picture. Wedigituss this problem more in
Section 7.3.

6.3 Toolkits and Systems

To maximize the usefulness of research results, researtties to implement systems
based on their studies. Some researches even publicizelémo system on the web.

[Liu et al. 2005] propose Opinion observer, which generatatistical opinion summary
in each aspect. Opinion observer helps users to compagezatiff products easily. Also,
Opinion observer provides tagging interface for human tatnes.

MoodViews [Mishne et al. 2006}° shows various demo applications based on blog
opinion analysis. Basic application simply shows sentifceanges over a timeline (Mood-
grapher), and the more sophisticated system even nds ahpgak in mood (Moodsig-
nals).

[Kim and Zhai 2009] implemented two web demo systéfnsFirst system is a simple
implementation of comparative opinion summarization whisers can try with their own
inputs. The second system, Ooops!, is an opinion searchemgih various opinion sum-
marization features such as opinion ltering, graph-basepthion summary generation,
opinion trend summary, and comparative opinion summarggion.

[Chen et al. 2006] show various possible visualization éstin their paper with screen
shots. [Ganesan et al. 2010] posted executable demo systémioproject pagé’.

7. SUMMARY AND OPEN CHALLENGES

Because of its usefulness and needs from the people, opinmioing became an active

research area. As the volume of the opinionated data ireseasalyzing and summariz-
ing opinionated data is becoming more important. To satisége needs, many kinds of
opinion summarization techniques are proposed. Proktbiipproaches using statistics
of terms and heuristic approaches using prede ned rulesegm@sentative works. In ad-

dition to the general opinion summarization studies, weothiced other types of opinion

summarization works such as advanced text summarizaigumglization, and entity-based

summarization.

15 http://moodviews.com
16 http://sifaka.cs.uiuc.edufir/data/cos
17 http://sifaka.cs.uiuc.edu/ir/data/opinosis
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Opinion summarization started with heuristic methods. Wahheuristic rule-based
methods showed a reasonable performance and let peopletkeousefulness of opin-
ion summarization. In recent years, various probabilistadels such as PLSA and LDA
started to be used. Most of integrated approaches werelghstia model methods. Re-
cent works such as opinion integration also used the présibmodeling approach.

Despite of a lot of research efforts, current opinion sunizagion studies still have
many limitations and margins for improvement. In the pregicubsections, we briey
mentioned limitations and possible future directions afisdechniques. In this section,
we will discuss the open challenges for overall opinion suarzation area.

7.1 Improve Accuracy

Despite of a lot of research works, there are not many conialeservices using opinion
summarization. Although there are some services usinga@psummarization, many of
subtasks in the services are done by human effort.

One of the main reasons that companies cannot take advaritagi@ion summarization
techniques is their unsatisfactory accuracy. Unlike acadeesearch works, commercial
services require high accuracy. They cannot just proviggsuwith erroneous services.
However, because of dif culties in understanding langyagm@nion summarization does
not support high accuracy enough to satisfy customers yedrelare a lot of complex sen-
tences and vague expression to analyze. The accuracy prabkven worse in informal
articles. Private blogs are one of the most important opisimurces. However, unlike ex-
pert articles, due to slangs, emoticons, and typos, peradizes have a lot of dif culties
to analyze them automatically.

To solve this problem, techniques in each step should beowvepr Because opinion
analysis also starts from the understanding the meaningxts,tdeeper NLP may help
to improve accuracy. Otherwise, if it is dif cult to develogp good general technique,
specializing in one domain and using the domain knowledgebesone way to overcome
the accuracy problem. As vertical search engine reseagasieelsecoming popular in the
general information retrieval area, opinion summarizaiidso can be domain-speci c.
Another possibility is using long-tail user efforts. Segies such as crowd sourcing can
be very helpful to make a large volume of labeled data.

7.2 Improve Scalability

The second important task for the better opinion summaoizatystem is making the tech-
nigues scalable. The most useful and possible usage ofoopiimmarization is a web
application. To satisfy users on the web, fast processiegas necessary. However, so
far, there has not been much consideration in scalabilitiyigharea. Because the volume of
data on the web is huge and even keeps increasing, scalabgih unavoidable challeng-
ing. Moreover, using complicated NLP techniques for bedisruracy makes scalability
more challenging.

For better scalability, developing parallel algorithm mcassary. Cloud/grid comput-
ing is popularly used in web services because of its scilabDeveloping parallelized
algorithms for subtasks in opinion summarization is needédother way to make the
service faster is using off-line processing as much as plessNot all the computations
are needed to be done on-line. As people designed index dnniaftion retrieval, well
organized precomputed opinion indexes can make the sysiser f
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7.3 Need of Standardized Data Set and Evaluation Environment

Although there are some adhoc data sets for sentiment clatgsn, there is no stan-
dardized data set for opinion summarization. Many of exgstbpinion summarization
researchers crawled data from the web depending on theipowgose. Despite some of
them published their data set [Hu and Liu 2004a; 2004b; 26@6¢et al. 2006; Kim and
Zhai 2009; Ganesan et al. 2010], there is no widely used d@atges.

Absence of evaluation measures which are widely used arat eotire opinion summa-
rization steps is another issue to resolve. In previousarekes, people usually evaluated
the accuracy of the goal of each step and did not considemtive step at once.

Good data sets and evaluation measures are necessary tmmfgiarison among differ-
ent methods. Because each study uses different evaluatieniacon different data set, it
is very dif cult to judge whether one method is clearly bettiean the other or not. In ad-
dition, if the data set has publicized labeled data to eva|uewould be even more helpful
for researchers to try various methods or nd the best onereldeer, standardized data
sets and measures will facilitate to start similar resessch

One possible way is following practice in general summaidraarea. In summariza-
tion, there are some evaluation measure such as ROUGE [ 2d pyramid method
[Nenkova et al. 2007]. We may try to develop measures suchpsidd-ROUGE or
Opinion-pyramid method which consider opinion aspects

7.4 Beyond Aspect-based Summarization

As we discussed above, many of opinion summarization warksneaspect-based sum-
mary format. Although aspect-based summarization engedrdeveloping techniques in
each step, it also stereotyped opinion summarization. thoee-step and non-aspect-based
summary can provide novel bene ts to users.

Integrated approaches may be useful even for better agcuBecause each step is
closely connected, using intermediate information fromghevious and next steps can be
useful for a more accuracy system. Like studies we introdit&ection 5, different types
of summaries may provide novel aspects to users. For exacyment summary cannot
answer questions such as “what is the biggest complainteoiPthd screen’. Adopting
Question/Answering techniques in opinion summarizatiso aan be very useful.

7.5 Quality Control

Not all the opinions on the web are useful and trustable. Bszthere are many non-expert
writers on the web, the quality of article varies a lot. Moreg the more attention to opin-
ionated articles, the more spamming attempts exist. Adgjfiality control techniques is
necessary for better opinion summarization.

As brie y covered by Liu's tutorial [Liu 2008], spam deteoti techniques [Jindal and
Liu 2008; Bencar et al. 2005] can be useful for Itering out low quality afés. Opinion
summarization also should pay attention to researcheagtviorthiness, such as trust
prediction/ranking [Agichtein et al. 2008; Kale et al. 20Qiu et al. 2008; Juf nger et al.
2009] and expert nding [Zhang et al. 2007; Agarwal et al. 80Bouguessa et al. 2008].
Based on the obtained quality information, as opinion irgégn (see Section 5.2.1) does,
handling articles depending on its quality can be anothedgeay for high quality opinion
summary.
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