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Abstract In the past years we have witnessed Sentiment Analysis amddDMin-
ing becoming increasingly popular topics in Informationial and Web data anal-
ysis. With the rapid growth of the user-generated contgmresented in blogs, wikis
and Web forums, such an analysis became a useful tool fonmthie Web, since it
allowed us to capture sentiments and opinions at a large.scal

Opinion retrieval has established itself as an important plsearch engines.
Ratings, opinion trends and representative opinions lerthie search experience of
users when combined with traditional document retrievatdvealing more insights
about a subject. Opinion aggregation over product revieavste very useful for
product marketing and positioning, exposing the custohadtisude towards a prod-
uct and its features along different dimensions, such as, tgaographical location,
and experience. Tracking how opinions or discussions evover time can help us
identify interesting trends and patterns and better unaledshe ways that informa-
tion is propagated in the Internet.

In this study, we review the development of Sentiment Arialgsid Opinion
Mining during the last years, and also discuss the evolutifoa relatively new re-
search direction, namely, Contradiction Analysis. We gineoverview of the pro-
posed methods and recent advances in these areas, and wdayput the future
research directions in the field.
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1 Introduction

Since the World Wide Web first appeared two decades ago, itlesged the way
we manage and interact with information. It has now beconssipte to gather the
information of our preference from multiple specializedises and read it straight
from our computer screen. But even more importantly, it Haanged the way we
share information. The audience (i.e., the receivers oirtfeemation) does not only
consume the available content, but in turn, actively arteetthis content, and gener-
ates new pieces of information. In this way, the entire comitytbecomes a writer,
in addition to being a reader. Today people not only commarthe existing infor-
mation, bookmark pages, and provide ratings, but they dlacestheir ideas, news
and knowledge with the community at large.

There exist many mediums, where people can express thezsseivthe web.
Blogs, wikis, forums and social networks are examples ofisnediums, where users
can post information, give opinions and get feedback froneotsers. In their own
right, they collectively represent a rich source of infotima on different aspects of
life, but more importantly so on a myriad of different topicanging from politics and
health to product reviews and traveling. The increasingupafiy of personal pub-
lishing services of different kinds suggests that opintveanformation will become
an important aspect of the textual data on the web.

Due to the ever-growing size of the information on the web anenow barely
able to access the information without the help of searclinesgThis problem gets
harder, when we want to aggregate the information from ifiesources. Multiple
solutions have been proposed to solve this problem, andaiteesnainly specialized
in factual information retrieval. To achieve this, subjeity filtering is applied (Riloff
et al, 2005), in order to remove texts that may provide a bligeent of view. These
texts can be distinguished by analyzing sentiments exgddsg the authors, or by
discovering explicit marks of contradiction with other t&XEnnals et al, 2010b).
This dimension of web search emphasizes the importance pftblem of analyzing
subjective data.

We now turn our attention to the following interesting qu@stwhether the sub-
jective data that exist on the web carry useful informatinfarmation can be thought
of as data that reduce our uncertainty about some subjectrding to this view, the
diversity and pluralism of information on different topican have a rather negative
role. It is well understood, that true knowledge is beingcdiégd by facts, rather
than subjective opinions. However, this diversity in opims, when analyzed, may
deliver new information and contribute to the overall knedge of a subject matter.
This is especially true when the object of our study is thituake of people. In this
case, opinionative data can be useful in order to uncovelisfigbution of sentiments
across time, or different groups of people.

It is now becoming evident that the views expressed on theaaatbe influen-
tial to readers in forming their opinions on some topic (kgan, 2008). Similarly,
the opinions expressed by users are an important facton iake consideration by
product vendors (Hoffman, 2008) and policy makers (Mullew &alouf, 2006).
There exists evidence that this process has significantoeaicreffects (Antweiler
and Frank, 2004; Archak et al, 2007; Chevalier and MayzId06). Moreover, the



opinions aggregated at a large scale may reflect politiedépences (Tumasjan et al,
2010) and even improve stock market prediction (Bollen g2@l0). These argu-
ments are illustrated in the following examples.

Example 1.Today we can see a growing number of blogs focused on various
aspects of politics. They cover the entire spectrum of @geed parties: from sim-
ple citizens expressing their opinions on everyday issteeppliticians using this
medium in order to communicate their ideas (as was best dierdluring the last
USA presidential elections), and from journalists criting the government to the
government itself. It is to the benefit of all the parties ni@med above to follow the
opinions that are expressed on a variety of topics, and tbled@identify how these
opinions or public sentiments change and evolve across time

Example 2Imagine a potential buyer of a digital camera, who is not feamivith
the details of this technology. In this case, reading theerarspecifications can be
an arduous task. In contrast, the opinion of the communay shares the same in-
terests with the buyer, can be very informative. Therefag;stem that accumulates
feedback and opinions originating from multiple sourcégatively aggregates this
information, and presents the result to the user, can behsdifiul and influential.

In this study, we introduce readers to the problem®pinion MiningandOpin-
ion Aggregationwhich have been rapidly developing over the last decadegliss
with a rather new trend related to these areas, nar@elytradiction Analysisin the
rest of this document, we will use the te®ubjectivity Analysito refer to all three
of the above problems together.

The rest of this document is organized as follows. In Secfiome provide a
general view of subjectivity analysis and outline majorkgeons of this domain. De-
velopment, problems, definitions and main trends of thia are described in Sec-
tions 3 through 5. We analyze and discuss the state of the Sddtion 6. Finally, we
conclude in Section 7.

1.1 Relation to Previous Work

The interested reader can also refer to previous surveyeiarea, among which we
point out Pang and Lee (2008) and Tang et al (2009), that tHeipthe systematic

study of opinion and review mining. Our current study hasbt differences to the
ones mentioned above, with respect to both new content, lsnd@the way that

some common references are being treated.

The Tang et al (2009) survey has a different focus than ouatystiiosely exam-
ining the particular problem of sentiment extraction froemiews. When compared
to the Pang and Lee (2008) survey, we provide a consideratdeiat of new in-
formation specific to opinion mining: discussions of 26 &iddial papers, and more
extensive discussions for another 7 papers. Moreovegadsdf focusing only on
the machine learning aspect of the relevant methods andthlgs, we build up our
discussion of the opinion mining field around a classificatid the papers into four
different approaches, following the trends in this fielde$&é approaches ama-
chine learning dictionary-basedstatistical andsemantic We provide discussions
on what the form of the problem that all papers in each oneesfdétour approaches
solve is, and, where applicable, we also include a matheaidtirmulation.



In addition, our study includes new discussions on somesdpiat have emerged
only recently:opinion mining in microblogs and streaming datehere we describe
6 studies focused on mining continuously arriving shonglé textsppinion quality
and spamwhere we present 5 techniques that try to detect artifie@dhstructed
opinionated data; andontradiction analysiswhere we report on 17 approaches,
whose focus is on identifying and analyzing conflicting opirs.

Furthermore, this study presents novel comparative inftion (in the form of
graphs and tables) on the algorithms in this area, relatéuettechniques they use,
their performance, as well as to the datasets used for tkpérenental evaluation.
This information helps the reader form an overall pictunetfi@ general area of Sub-
jectivity Analysis: where the past efforts have conceetlain, which the most pop-
ular methods and techniques are, and what the current teeads

Finally, we note that this study should be considered as temmntary to the
earlier surveys in the area, which contain much additiomfarimation. The purpose
of our study is to highlight the development of the field witfioaus on the recent
years, examine the main trends that have appeared in the aittige field and their
evolution over time, report in a systematic way the perfarogeresults of competing
algorithms and the characteristics of the available dégased discuss some of the
emergent topics and open research directions in the arazbgd@ivity Analysis.

2 Subjectivity Analysis: A General View

Subjectivity Analysis involves various methods and teghes that originate from
Information Retrieval (IR), Artificial Intelligence and Maal Language Processing
(NLP). This confluence of different approaches is explaimgthe nature of the data
being processed (free-form texts) and application requérgs (scalability, online
operation). Therefore, Subjectivity Analysis shares mafdts terminology and prob-
lem definitions with the domains mentioned above.

The Subjectivity Analysis domain is still in the process efrig shaped, and its
problem statements touch upon different domains. Beingjraally studied in dif-
ferent communities, the problems Gfpinion Miningand Sentiment Analysisave
slightly different notions. Opinion Mining originates frothe IR community, and
aims at extracting and further processing users’ opinitwesiaproducts, movies, or
other entities. Sentiment Analysis, on the other hand, wisiglly formulated as the
NLP task of retrieval of sentiments expressed in texts. Kbetess, these two prob-
lems are similar in their essence, and fall under the scof@ubjectivity Analysis.
For the rest of this document, we will use both these terneschiangeably.

At a first level of approximation, the various Subjectivitpdlysis techniques can
be described as being composed of the following three steps:

1.identify, 2.classify 3.aggregate

These steps also implicitly list the most important prokddm Subjectivity Analy-

sis. For example, a typical opinion mining process involtresfirst two steps, and
results in producing sentiment values for texts. In opiraggregation, the third step
is involved as well, in order to aggregate these sentimélutte that even though this



aggregation can be considered as a post-processing steppitess important than
the previous steps. Indeed, the analyst is often times méeeeisted in determining
the common features and interesting patterns that emergegh sentiments from
many different data sources, rather than in the opinionsdfqular authors.

In the following paragraphs, we discuss in more detail ttezdiure on the prob-
lems of Opinion Miningand Opinion AggregationWe review the recent develop-
ments in these areas, and then present the fiebafradiction Analysiswhich has
recently started to attract interest.

3 Opinion Mining

Opinion Miningis the problem of identifying the expressed opinion on aipaldr
subject and evaluating the polarity of this opinion (e.chetiher the expressed opin-
ion is positive or negative). Opinion Mining forms the basgn which other tasks
under Subjectivity Analysis can be built. It provides ardiepth view of the emotions
expressed in text, and enables the further processing oftiagin order to aggregate
the opinions, or identify contradicting opinions. Evidignthe quality of the results
of Opinion Mining is crucial for the success of all subseduesks, making it an
important and challenging problem.

3.1 Definitions of Opinion Mining

Opinion Mining operates at the level of documents, thatiiesces of text of varying
sizes and formats, e.g., web pages, blog posts, commemiauct reviews.

Definition 1 (Document)DocumenD is a piece of text in natural language.

We assume that each document discusses at least one tapiepiall topics dis-
cussed in the same document have to be related to each other.

Definition 2 (Topic) Topic T is a named entity, event, or abstract concept that is
mentioned in a documen.

Usually, a particular information source covers some gartepic (e.g., health, poli-
tics, etc.) and tends to publish more material about thig@opic than others. Yet,
within a general topic, the author may discuss several mpeeific topics. Being
able to identify the specific topics is vital for the successinalysis of sentiments,
because sentiments are usually attached to them and belceimedits.

Examples of such topics are product features, famous p&reews events, hap-
penings, or any other concept s that may attract our intefdisat we are interested
in is analyzing these topics in connection to any subjeatlaéns that accompany
them. Therefore, for each of the topics discussed in a dootjwe wish to identify
the author’s opinion towards it.

Definition 3 (Sentiment) SentimentSis the author’s attitude, opinion, or emotion
expressed on topit.

1 From here on, we will refer to specific topics simply as “tafic



Sentiments are expressed in natural language, but as weegilbelow, they can
in some cases be translated to a numerical or other scalehvéuiilitates further
processing and analysis.

There are a number of differences in meaning between ensmtentiments and
opinions. The most notable one is tlaginionis a transitional concept, which always
reflects our attitude towards something. On the other hadirsents are different
from opinions in that they reflect our feeling or emotion, abtays directed towards
something. Further still, our emotions may reflect our adigts.

Generally speaking, the palette of human emotions is sq trestit is hard to
select even the basic ones. Most of the authors in the NLP eomtynagree on the
classification proposed by Paul Ekman and his colleague2j19hich mentions
six basic emotionsanger, disgust, fear, joy, sadness, surpriskhough this classifi-
cation is consistent in itself, it needs to be further exezhdy antonyms in order to
allow capturing positive and negative shifts in opinioncadingly, Jianwei Zhang
et al. (2009) propose to group the basic emotions along fouernsionsJoy«< Sad-
ness, Acceptanee Disgust, Anticipatior= Surprise, and Fea& Anger However,
such a division requires a rather complex processing anigsisaf the input data,
which is not always feasible. Therefore, the majority of élehors accept a simpler
representation of sentiments according to tpelarity (Pang and Lee, 2008):

Definition 4 (Sentiment Polarity) The polarity of a sentiment is the point on the
evaluation scale that corresponds to pasitiveor negativeevaluation of the meaning
of this sentiment.

Sentiment polarity allows us to use a single dimension érathan the four dimen-
sions mentioned above), thus, simplifying the represemtand management of the
sentiment information.

3.2 Problems in Opinion Mining

In the area of Opinion Mining, studies usually follow a wodkfl consisting of two
stepsidentify (topics, opinionative sentences), atldssify(sentences, documents).

In the first step, we need to identify the topics mentionedhi@ input data,
and also associate with each topic the corresponding opitiie sentences. During
this step, we may also try to distinguish between opinimeatind non-opinionative
phrases (i.e., perforsubjectivity identification This additional task is useful, be-
cause not all phrases that contain sentiment words aregtindfinionative. The re-
verse claim is also true: some of the opinionative phrasemtoontain positively (or
negatively) charged words. Therefore, performing thisidieation task can be an
effective addition to the classification step in order to ioye precision (Wiebe et al,
2001; Dave et al, 2003; Pang and Lee, 2004; Riloff et al, 20Upe and Riloff,
2005; Wilson et al, 2005). Furthermore, retrieval of opivdtive documents evolved
into a separate task with many specific algorithms, like in &¥vid Hatzivassiloglou,
2003; Ku et al, 2006; Zhang et al, 2007; He et al, 2008).

During the second step, the problensehtiment classificatiois most often a bi-
nary classification problem, distinguishing betwe@esitiveandnegativetexts. Nev-
ertheless, additional classes can also be introduced dier @0 make the analysis



more robust and increase the quality (i.e., granularitylstilts. For example, some
of the works include theeutralor irrelevantsentiment categories, which mean that
there is no sentiment. By doing this, we can avoid the suibjactdentification task
mentioned above, and have the classifier distinguish betepmionative and non-
opinionative phrases. There is evidence that this apprbasha positive effect on
the precision of the final results (Koppel and Schler, 20B63vious work Zhou and
Chaovalit (2008) has also tried to improve sentiment digssion by running this
task separately for each of the topic’s features (deterdnfiyean ontology) and av-
eraging the output. Though, this step is generally consitlas separate from topic
identification (Pang and Lee, 2008).

In summary, we could argue that Opinion Mining can be viewgea elassification
problem, distinguishing between several classes of sentisnmost oftenpositive
negativeandneutral). This division is applicable to some extent even to the mesh
that produce sentiments on a numerical scale, in which tesdivision becomes a
matter of setting thresholds (between the sentimentsadass

3.3 Development of Opinion Mining

Opinion Mining has been studied for a long time. Yet, the aesiein this area accel-
erated with the introduction d¥lachine Learningnethods and the use of annotated
datasets (Morinaga et al, 2002; Pang et al, 2002; Yi et al32D@ve et al, 2003).
Other types of approaches have also been usedDigtonary, Statistica] andSe-
mantic Yet, since the early days of opinion mining, machine leagrtias been the
most frequently exploited tool for tackling the relevanbipiems.

TheMachine Learning Approach is a sophisticated solution to the classification
problem that can be generally described as a two-step motgéearn the model
from a corpus of training data (supervised, unsupervise®),2) classify the unseen
data based on the trained model.

Below, we provide a formal statement for the (superviseairimg step, adapted
to our terminology. We assume training data are documeptesented in a spade,
whose dimensions are document features (e.g., frequenegrals, bi-grams, etc.).
Furthermore, these documents have been assigned a sertibedrirom a spacs:

Given training datd(D; € D,S €S)}, findg: D — S, g(Dj) =argmaxf (D;,S) (1)
S

The above formulation says that given a set of training paieswant to find a func-
tion g that maps documents to sentiment labels, according to thiepbediction of
some scoring functiofi. This function takes as input documents and sentimentdabel
and gives a sentiment label probability prediction (usiitgez conditional or joint
probability). Without loss of generality, the learning pess can be considered as an
estimation of the scoring function. Examples of such sgpfimctions are feature
vectors inlD, computed relative to class separating hyperplanes, atins based
on decision trees.



The machine learning approach involves the following gersteps. First, a train-
ing dataset is obtained, which may be either annotated wittiraent labels (super-
vised learning), or not (unsupervised learning). Secoach document is represented
as a vector of features. We describe examples of such repatisas further in the
text. Third, a classifier is trained to distinguish amongtiseent labels by analyz-
ing the relevant features. Finally, this classifier is usedredict sentiments for new
documents.

The current popularity of the machine learning approaclfanion mining orig-
inates from the work “Thumbs up?” by Pang and Lee (2002). Thkbas proposed
and evaluated three supervised classification methodgeMaiyes (NB), Maximum
Entropy (ME) and Support Vector Machines (SVM). Accordingheir evaluation,
SVM showed the best performance, while NB was the least ggemit of the three
(though, the differences among them were small). Nevesiselall the algorithms
clearly surpassed the random choice baseline, exhibitingvarage precision of
around 80%. Dave et al. (2003) further extended the work oigRend Lee, em-
phasizing feature selection. They also used Laplacian #rrapfor NB, which in-
creased its accuracy to 87% (for a particular dataset). Mexéhe SVM classifier
has achieved similar results, performing below NB only whsimg unigram features
(refer also to Table 2). Pang and Lee (2004) also used sijgadentification as a
preprocessing step in order to improve the precision of NB.

The sentiment analysis task is very similar to the ratingri@fce task, in which
the class labels are scalar ratings, such as 1 to 5 “stagggsenting the polarity
of an opinion. The need to provide a finer resolution of seaitits, without affect-
ing the classification accuracy, required different maléiss categorization methods
compared to traditional SVM. Although the SVM method hasverbits efficiency
for binary classification, the new problem demanded moraistipated solutions.

To address this challenge, Pang and Lee (2005) in their $feling Stars” pro-
posed to use SVM in multi-clagme-versus-alflOVA) andregressionSVR) modes,
combining them with metric labeling, so that similar clasaee positioned closer to
each other on a rating scale. Metric labeling is a specia cdsa-posterioriopti-
mization of class assignment with respecptmr assignment. This class assignment
minimizes the sum of distances between labels of adjacéntsypenalized by point
similarities. Their results clearly demonstrated thatmbimation of SVM with other
unsupervised classification methods results in betterigioec A subsequent work
on support or opposition in the context of political textsdsed further extensions to
the SVM approach, through modeling relationships and agea¢ between authors
(Thomas et al, 2006).

The performance of machine learning methods is highly deégeton the quality
and quantity of training data, which is scarce compared ¢catimount of unlabeled
data. In the paper titled “Seeing Stars When There Are NotyV&tars”, Goldberg
and Zhu (2006) proposed a semi-supervised learning teglrmiperating on a graph
of both labeled and unlabeled data. The authors representrents with a graph,
where vertices correspond to documents, and edges are detwaen similar doc-
uments using a distance measure computed directly fromndecufeatures. These
assumptions are similar to metric labeling, except tha tve useda-priori, thus,
allowing to use even unlabeled data for training. Althouuggirt approach exhibited



better performance than SVR, the authors mention that @nsitve to the choice of
the similarity measure, and not able to benefit from the uselditional labeled data.

In the studies discussed above, rating inference tasks lieae considered at
the document level, thus showing an 'average’ precisionairrogeneous reviews,
which mention multiple aspects of the product with diffdreantiments expressed
on each one. This brings up the problem of contextual senticiassification, which
requires algorithms not only operating at the sentencd,lew¢ also involving the
context of each sentence in their analysis (Wilson et alp20Bxtending on (Pang
and Lee, 2005), Shimada and Endo (2008) proposed to analyags on the product-
feature level, naming their work “Seeing Several Stars’eylhave demonstrated that
SVR, despite being less precise than SVM, produces outpeldadhat are closer to
the actual ones. This evidence also supports the claim img(Bad Lee, 2005) that
with the use of a “gradual” function in SVR “similar items ressarily receive similar
labels”.

Apart from the choice of algorithms and data selection, tadgsmance of ma-
chine learning approaches is heavily dependent on feagleet®on. The most straight-
forward (yet, in some cases very effective) way is to encatd deature in the set
by its presence or absence in the document. In the case offeatutes, this would
produce a simple binary vector representation of a docuniénding this repre-
sentation, we can instead use relative frequencies of wocdsirrence. Though, not
all words are equally representative and, therefore, U$efisubjectivity analysis.
This provides an opportunity to make the learning proces®rafficient by reducing
the dimensionality ofd (refer to Formula 1). Osherenko et al. (2007) demonstrate
that it is possible to use just a small set of the most affeatiords as features, almost
without any degradation in the classifier’'s performancezé¥heless, the direct use
of sentiment values from such dictionaries has shown littleo increase of preci-
sion. Therefore, studies usually use frequencies of worstead. For example, Devitt
and Ahmad (2007) identify sentiment-bearing words in a doeot by using Senti-
WordNet, but then use just their frequencies of occurreactk classification task.
This approach is also popular with dictionary methods, Whve describe below.

Finally, we should mention that machine learning is usedtber problems of
opinion mining, like subjectivity identification. Zhang at (2007) describe an ap-
proach that uses an SVM trained on a set of topic-specificlestiobtained from
Wikipedia (objective documents) and review sites (subjeatocuments).

The Dictionary Approach relies on a pre-built dictionary that contains opin-
ion polarities of words, such as the General Inqdiréine Dictionary of Affect of
Languagé, the WordNet-Affect, or the SentiWordNet (Esuli and Sebastiani, 2006),
which is the most popular dictionary today.

Existing works exploit these resources mainly for iderdificn of opinionative
words, although some recent studies showed that it is gedsiluse polarity scores
directly, providing a sentiment value on a continuous sffedérni and Klenner, 2008;
Tsytsarau et al, 2010; Missen and Boughanem, 2009). Botdré sentence or doc-

2 http://www.wjh.harvard.edu/~inquirer/
3 http://www.hdcus.com/
4 http://wndomains.fbk.eu/wnaffect.html
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ument in this case is usually determined by averaging tharpels of individual
words. For instance, most of the dictionary methods aggedba polarity values for
a sentence or document, and compute the resulting sentirsi@gtsimple rule-based
algorithms (Zhu et al, 2009). More sophisticated tools like Sentiment Analyzer
introduced by Yi et al. (2003), or the Linguistic Approach Diyet et al (2009), ex-
tract sentiments precisely for some target topics usingiackd methods that exploit
domain-specific features, as well as opinion sentencerpatind Part-Of-Speech
tags. The above two approaches lead to better performdbed, @ the expense of
increased computational complexity.

We now describe a formula that defines the most general cakecament opin-
ion assignment using a dictionary:

_ S web Sw-weightw) - modifier(w)

Sb) Y weight(w)

)

In the above equatiorg, represents the dictionary sentiment for a document word
w, which is being aggregated with respect to some weightingtfanweight) and
modifier operatomodifier() (which handles negation, intensity words, and other
cases affecting-priori sentiment). Weighting functions may be defined staticalty f
each sentence, or computed dynamically, with respect tiiguus of topic words.
Usually weighting functions represent a window around tigd word, thus, taking
into account the sentiments of the words that are immedigitghbors of the topic
word in the document. For example, a weighting function caretthe value of 1 for
two or three words surrounding the topic word, and 0 elseaiidpre sophisticated
methods may also be used, such as NLP processing, which adridex dynamic
computation of the weighting function for each sentendéntainto account its spe-
cific structure.

Nevertheless, the use of dictionaries can also be combiitadwvachine learning
methods, as we mention in the previous paragraphs. We natteglging on the po-
larity values assigned by a dictionary is not always feasihs the dictionary may not
be suited for use on particular datasets (e.g., may notdecktome domain-specific
lexicons). Furthermore, dictionary methods are usualtyahte to adapt polarity val-
ues to particular contexts. It turns out that words can chahgir polarity when
used in different contexts (Fahrni and Klenner, 2008). @iwrg¢he adjectives “cold”
(generally regarded as negative), and “warm” (regardecaatiye). When these ad-
jectives are used in the phrases “cold wine” and “warm beb€ir polarities change
to positive and negative, respectively. In contrast to fthéahary approach, machine
learning methods naturally adapt to the corpus they aneddaon.

The Statistical Approach aims to overcome the problems mentioned above. For
example, Farni and Klenner (2008) propose to derive pastealarities using the co-
occurrence of adjectives in a corpus. In this case, addpyabiachieved through the
construction of a corpus-specific dictionary. Regardirggghoblem of unavailability
of some words, the corpus statistics method proposes tc@wverit by using a corpus
that is large enough. For this purpose, it is possible to iseettire set of indexed
documents on the Web as the corpus for the dictionary castgin(Turney, 2002).
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We can identify the polarity of a word by studying the freqcies with which
this word occurs in a large annotated corpus of texts (Letiad, 2006; Miao et al,
2009). If the word occurs more frequently among positivgyaiize) texts, then it has
a positive (negative) polarity. Equal frequencies indéaagutral words. It is also in-
teresting to mention, that applications working with theér@se language are able to
recognize polarity even for unseen words, thanks to thetfettphonetic characters
determine the word’s sense (Ku et al, 2006, 2007). In this,cae can analyze fre-
guencies of single characters rather than words. Althooghputationally efficient,
the basic method requires a large annotated corpus, whadn®es a limiting factor.

The state of the art methods are based on the observatiosithiddr opinion
words frequently appear together in a corpus. Correspghgdiif two words fre-
quently appear together within the same context, they kedylito share the same
polarity. Therefore the polarity of an unknown word can béedained by calcu-
lating the relative frequency of co-occurrence with anotkerd, which invariantly
preserves its polarity (an example of such a word is “goo@id) achieve this, Pe-
ter Turney (2002; 2003) proposed to use the Point-wise Muidarmation (PMI)
criterion for statistical dependence (Church and Hank89),2eplacing probability
values with the frequencies of term occurref¢&) and co-occurrende(x near y):
F(x neary ; 3)

FXF(y)
Sentiment polarity (expressed BMI-IR) for word x is then calculated as the dif-
ference betweeRMI values computed against two opposing lists of words: p@siti
words,pWords such as “excellent”, and negative wordgyords such as “poor”:

PMI-IR(X) :% PMI(X, p) — % PMI(X, N) 4)

pepWords nenWords

PMI(X,y) = log,

Along with the formulas above, Turney et al. proposed toiotitee co-occurrence
frequencie$ by relying on the statistics of the AltaVista web search aagExtend-
ing on this work, Chaovalit et al. (2005) used Google’s searine to determine the
co-occurrence of words, increasing the precision. Reald €@09) further extended
this approach, employing Semantic Spaces and Distribaiti®imilarity as alterna-
tive weakly-supervised methods. A detailed study on caisirg dictionaries of this
kind was made by Taboada et al. (2006), mentioning some @mubthat occur due
to the unavailability of the “near” modifier or non-persiste of the search engine’s
output. On the other hand, search engines allow retrieViagbd-occurrence scores
(thus, polarities) not only for words, but also for phrasesich is a useful feature.

The use of statistical methods in computing opinion pofdrds found an inter-
esting development in the work of Ben He et al. (2008), wheey fpropose to use
an opinion dictionary along with IR methods in order to ®tg opinionative blog
posts. Their approach first builds a dictionary by extracfiequent terms from the
entire collection, which are then ranked according to tfreguency among opinion-
annotated texts. The sentiment polarity of each documeatiiguted as a relevance
score to a query composed of the top terms from this dictio@nally, the opinion
relevance score is combined with the topic relevance sq@oo®iding a ranking of
opinionative documents on that topic.



12

The Semantic Approachprovides sentiment values directly (like the Statistical
Approach), except that it relies on different principles é@amputing the similarity
between words. The underlying principle of all approacimethis category is that
semantically close words should receive similar sentimehites.

WordNet (Fellbaum, 1998) provides different kinds of setitarelationships be-
tween words, which may be used to calculate sentiment pieriThe possibility to
disambiguate senses of words using WordNet can serve as wasfude the con-
text of these words into the opinion analysis task. Simiestatistical methods, two
sets of seed words with positive and negative sentimentssa® as a starting point
for bootstrapping the construction of a dictionary.

Kamps et al. (2004) proposed to use the relative shortdstdigtance of the “syn-
onym” relation, demonstrating a good degree of agreem&3b)Wvith an annotated
dictionary. Another popular way of using WordNet is to ohtai list of sentiment
words by iteratively expanding the initial set with synorg/land antonyms (Kim
and Hovy, 2004; Hu and Liu, 2004a). The sentiment polarityafio unknown word
is determined by the relative count of positive and negatiugnyms of this word
(Kim and Hovy, 2004). Otherwise, unknown words may also lsealided (Hu and
Liu, 2004a). However, it is important to know that since tlyaanym’s relevance
decreases with the length of the path between the synonyrharatiginal word, so
should the polarity value, too. Additionally, the polardfa word is often averaged
over all possible paths to it. Though, as was pointed out byt@te et al. (2007), we
should only consider paths that go through the words of theegaolarity as initial.

3.4 Opinion Mining in Microblogs and Streaming Data

In the above paragraphs, we mostly considered static agipesaio the problem
of Opinion Mining, where the classifier's model does not deafter being con-
structed. However, there exists another class of appbicgtisuch as those analyzing
messages in microblogging, which require adaptabilithefrhodel to changing data
during the analysis.

The most prominent example of microblogging platforms,ahtallows for real-
time analysis, is Twitter. Its vast user community, alltaxd presence and informal
style of conversation make Twitter a rich source of up-teedaformation on dif-
ferent events and a good indicator of users’ moods. Recehthas demonstrated
that sentiments from Twitter messages correlate withipalipreferences (Tumasjan
et al, 2010), and even improve stock market prediction @uoét al, 2010).

Recent works have identified several differences betweeraypmining in mi-
croblogs when compared to conventional opinion analysidogiiments. The main
difference is the availability of sentiment or mood anniotas in messages, providing
a good source of training data for classifiers (Go et al, 280f@t and Frank, 2010;
Pak and Paroubek, 2010).

Pak and Paroubek (2010) performed statistical analysimgtistic features of
Twitter messages and report interesting patterns which gy distinguish among
sentiment classes. They demonstrate that an NB classiéisedbon negation ex-
tended bi-gram features, achieves good accuracy (albéii @xpense of low recall)
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and can be useful to information retrieval applicationstcniiagham and Smeaton
(2010) compared the performance of SVM and Multinomial aBayes (MNB)
classifiers on microblog data and reviews, and demonstth&tdn most cases these
classifiers yield better results on short-length, opinieh-microblog messages.

Since class distributions may vary along the stream of dat#e is a necessity to
follow these changes and update the classifier's model dicggly. Bifet and Frank
(2010) studied the problem of using an adaptable classifigr Wvitter data and
examined relevant evaluation methods. They proposed tthasgtochastic Gradient
Descent (SGD) method to learn a linear classifier. The prxgbagpproach allows
specifying the rate with which model’'s parameters are wgdiand to monitor the
evolution of the impact individual words have on class pegdns. The latter may be
used as an indicator of users’ support or opposition to @aer topics in a stream.
In addition, SGD demonstrated an accuracy smaller but coabpeto that of MNB
(67.41% versus 73.81%).

4 Opinion Aggregation

The analysis of opinions at a large scale is impracticaleuttautomatic aggregation
and summarization. In this case, we are interested in iiyémgiopinions at a higher
level than that of an individual: we would like to identifyelaverage or prevalent
opinion of a group of people about some topic, and track itdugion over time.

What distinguishes Opinion Aggregation from other tasksthie necessity to
provide summaries along several features, aggregatecoessr more dimensions.
Therefore, feature extraction and aggregation appeareaketh problems here, and
we are going to concentrate our attention on these tasks.

The problem of mining product reviews has attracted paeicattention in the
research community (Morinaga et al, 2002; Dave et al, 20@B8etal, 2005; Carenini
et al, 2005). This problem imposes certain challengesa@l& the extraction of
representative features and the calculation of the avesageément or rating. The
final goal though, is to determine the overall opinion of tleenenunity on some
specific product, rather than the individual user opiniorrat product.

N [

-
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Fig. 1: An example of Google and Bing review aggregationtu@dmages and text
were arranged for better representation).
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Today we can already see working examples of opinion agtjcegat several
web sites that visualize collaborative ratings assigned bbpmmunity of users. In
Figure 1, we depict two examples of opinion aggregatiormftbe Google and Bing
web search engines. Both of them feature images, shortipésos, and aggre-
gate ratings. Additionally, they include statistics fockaating category (number of
“stars”). Overall, these two approaches show similar tketai the featured product,
except that Google offers a representative summary (seedgeat the bottom), while
Bing displays aggregated ratings for each product featlisplayed on the right).

4.1 Problems in Opinion Aggregation

Review mining is the main application domain for opinion egggation. Therefore,
the problems that have been studied in relation to opinia@regation are mainly
formulated around the aggregation of product reviews. Thelyde the processes of
collecting, mining and reasoning on customer feedback depaesented in the form
of textual reviews (Tang et al, 2009).

Figure 2 illustrates the review mining process. The pros&sss with the identifi-
cation of opinionative phrases, which may additionallyoiwe a collection of phrase
patterns, or comparative sentences (in this case, serisraenexpressed by means
of comparison of an object to another similar object) (Li01Q). Identified phrases
are then passed on to the feature extraction step, which xygiea product tax-
onomy database (Carenini et al, 2005) in order to improvedbalts. Features and
opinionative phrases are used in the sentiment classificatep, which outputs sen-
timent polarities to be aggregated over frequent featuréseaopinion aggregation
step. This process can be iterative, using the identifietlifes in order to improve
the phrase extraction step.

Although Opinion Aggregation is a separate task havinguits problems, practi-
cal applications also involve information retrieval andtsment analysis techniques
during the data pre-processing. Thus, the Opinion Aggiegétchniques have been
developing in close connection to other methods, and websesjuently revisited
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when improved sentiment analysis and feature extracticthods were introduced.
Generally speaking, Opinion Aggregation methods are quibelular and may be
used with different Opinion Mining algorithms. For exampGarenini et al. (2005)
describe a system that relies on sentiment extraction anly preprocessing task,
concentrating their attention on the aggregation of usgeves.

Aggregation of opinions for a product, expressed in a docurellection 7,
may be formulated as the problem of determining a set of mthatures (each
labeled with a corresponding sentiment), satisfying @extdteria:

{(f,us)} [rep(f,2) > pr, us=aggS, f), satisfyingcon(S) (5)

Wheref is a product feature that is important for the descriptionthef product in
2, according to some representativeness measyx(@, and s is the sentiment for
f, computed ove according to some aggregating functegy(). During this pro-
cedure, we may only consider features with a representesgemeasure over some
thresholdps, and corresponding sentiments that satisfy some contstyaixpressed
by con(S). Examples of such constraints are imposing a limit on théreemt's ab-
solute value (e.g., consider only moderate opinions), @tithestamp (e.g., consider
only recent opinions).

We note that Opinion Aggregation is different from (textjreuarization, which
is the problem of producing a shortened version of the cpording text. These
problems are complementary to each other, and in this stedpeus on the former
since it involves Opinion Mining.

4.2 Development of Opinion Aggregation

A typical method for opinion aggregation was proposed by Hal.e(2004a). They
describe a system that aims at discovering words, phrasdsemtiments that best
characterize some product. At a high level, their solutmtoivs the steps we listed
in the previous section. We note though, that not all stuftibew this pattern. For
example, Morinaga et al. (2002) reversed the ordering pksteand 2, and the exper-
iments revealed that their system achieves a similar padnoce. By running opinion
classification prior to identification of features, we effeely apply some kind of fil-
tering on features: we remove those that were not mention@d opinionative phrase
(since these are features that are irrelevant for our aisalys

Different approaches to feature extraction have been peghdu et al. (2004b)
identify features by building a list of noun-noun phrasesg®n NLP parser, and
then determining the most frequent ones. Feature frequaribis case corresponds
to therep() function in Formula 5. However, their approach outputs mamevant
words and should be used in conjunction with other methoslsyas suggested by
Carenini et al. (2005). Accordingly, they introduce a damtakonomy in the form of
user-defined features, which are used to annotate datafioiniy a feature classifier.
Opinions are then collected and aggregated based on theetudif features, which
consists of features extracted automatically (unsupedJdisarning) and also through
the classifier (supervised learning). Alternatively, Kuadt (2006) proposed a sys-
tem that identifies features by using information retriewathods. They use TF-IDF
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Fig. 3: An example of geographical sentiment aggregatidvafig et al, 2009).

scores per paragraph and per document, and a dictionarydomdee polarity. The
intuition here is that relevant features appear frequentfew of the paragraphs of
many documents, or in many of the paragraphs of few documehis technique is
also efficient for eliminating the irrelevant features désed above.

Aggregation of opinions has been traditionally performeerall the documents
in some collection. Miao et al. (2009) proposed a time-dempynggregation ap-
proach, retrieving only the most recent reviews that werekethby users as helpful.
The above constraints are represented bycth®) function in Formula 5. Jianwei
Zhang et al. (2009) introduced a novel technique, whichrawtitvely aggregates and
displays sentiments based on different granularitiesoé tand space (geographical
location). Moreover, the sentiments are represented Brakdimensions, making it
the most robust Web-scale application we observed in odysAn example of such
an aggregation is shown in Figure 3. In this figure, we can seerll map and the
time evolution of the sentiments in news articles for digfergeographical regions
of the world. These results are illustrated in pop-up boxdsch report the val-
ues of four sentiment dimensions (i.e., joy-sadness, &aoee-disgust, anticipation-
surprise, and fear-anger) over time. This system autoaibtietrieves and displays
sentiments around some particular time periodadthocqueries, aggregating them
over different locations as the user navigates the map,a@nzan and out.

4.3 Opinion Quality and Spam

With the rapid growth of web sites featuring product ratirmgel their increasing
impact on users’ opinions and/or buying decisions, it coa®gao surprise that we
observe a significant interest to this area from commercgamizations (Hoffman,
2008). These organizations include product manufactureagketing and advertising
agencies. Opinion Aggregation plays an important role is tield, because it has
the potential to capture the opinions of the community. Heveit also has some
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weak points, such as the smoothing of the variances in apsramd the possibility

to manipulate the aggregate values by introducing artifjc@nstructed data. This

makes opinion quality assessment and spam detection ysefplrocessing steps for
Opinion Aggregation.

The first problem, opinion quality assessment, aims at aetémg the quality of
opinions expressed in a review. Lu et al (2010) describe ami@pquality classifier
relying not only on the review’s textual features, but onrdgewer’s social context,
as well. The authors propose a method that optimizes an feimotion for training
data in a feature space, subject to four regularizationtcainss. These constraints
capture the intuition that the quality of reviews from thengauser, as well as from
users connected in a social context to that one, should he #imsame. The intro-
duced constraints do not employ annotated labels, therefioay be used to train a
model on unlabeled data. The study shows that the propos#tbdacreases the
accuracy of identifying reviews of high quality.

At the same time, we observe that the phenomenon of opiniam gpr fake re-
views) is also growing (Jindal and Liu, 2008; Chen et al, 2006 et al, 2010).
The detection of opinion spam is a hard problem, since spaargeted to specific
products (therefore, resistant to aggregation), and rsifyyedistinguishable from real
reviews. This problem had not been studied in depth untéméyg. Below, we briefly
discuss two of the papers in this area that are relevant tge&tiity Analysis. The
aim of these studies is to identify opinion spam in a pre-pssing step. Then, the
review spam can be excluded from further consideratiors, tresulting in more ac-
curate and truthful Opinion Aggregation.

The work of Lim et al. (2010) proposes a method for detectpapsmers, rather
than individual spam reviews. Each user is attributed whth following statistical
measuresRating Spammingwhich is the average similarity among the user’s rat-
ings for each producReview Text Spamminghich is the average similarity among
the user’s review texts for each produsingle Product Group Multiple High (Low)
Ratings which is the number of extremely high (low) ratings postgdtie user for
each product group in time intervals where such quantitgess a certain thresh-
old; General Deviationwhich is the average deviation of the user’s ratings froen th
mean of each produdEarly Deviation which is the same as General Deviation, only
weighted according to time. All the individual measures moemalized against all
users, and the overall final measure for each user is compatérbir weighted sum.
To classify a user as spammer, one needs to compare themsassire against some
threshold.

Jindal and Liu (2008) classify opinion spam into the follogiithree categories:
untruthful opinionsreviews on brands onlgndnon-reviewsThe first categoryn-
truthful opinions is represented by intentionally biased reviews, eithesitpe or
negative. The second categorgyiews on brands on)yconsists of opinions about
some brand in general, without discussion of specific profdatures. The third cat-
egory,non-reviewsrefers to explicit advertisement, technical data or offit text.
The authors propose classification techniques to idertéyspam reviews, the ones
belonging to the first category being the most challengindjsoover.
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5 Contradiction Analysis

By analyzing a community’s opinions on some topic, we uniaei how people in
general regard this topic. However, people do not alwaysesih& same opinions on
different topics. Therefore, opinion aggregation may picaa lossy summarization
of the available opinion data, by ignoring and masking thesidiity that inherently
exists in data. In order to find an answer to this interestirablem, we have to
employ more advanced techniques, as we discuss in thissecti

In several cases, performing simple aggregations on amsr®not enough for
satisfying the requirements of modern applications. We beinterested in focusing
on the topics for which conflicting opinions have been exgpedsin understanding
these conflicting opinions, and in analyzing their evolatiwer time and space. Ev-
idently, we need to be able to effectively combine diversimiops inad hocsum-
maries, and also to further operate on these summariesén wrdupport more com-
plex queries on the dynamics of the conflicting, or contriaggcopinions. An exam-
ple of a problem requiring this kind of complex analytic&Oentradiction Analysis
an emerging research direction under the general area g@&ivity Analysis.

5.1 Definitions of Contradiction Analysis

The contradiction analysis area is a relatively new dicgctf research. As such,
there is no established common framework for describingraodeling the relevant
problems. Though, some recent studies have made the fipst tst@ards this direc-
tion.

De Marneffe et al. (2008) introduce a classification of cadittions consisting
of seven types that are distinguished by the features thstibate to a contradic-
tion (e.g., antonymy, negation, numeric mismatches). Ayrioy are words that have
opposite meanings, i.e., “hot - cold” or “light - dark”. Amtgmy can give rise to a
contradiction when people use these words to describe site Negation imposes
a strict and explicit contradiction, e.g., “l love you - | l®you not”. Numeric mis-
matches form another type of contradiction, which may besediy erroneous data:
“the solar system has 8 planets - there are 9 planets orlilimgun”. Their work
defines contradictions as a situation where “two sentermeesxdremely unlikely to
be true when considered together”. In other words, corttiadis may be defined as
a form of textual entailment, when two sentences expressatiytexclusive infor-
mation on the same subject (Harabagiu et al, 2006).

The works discussed above rely on human-perceivable defisibf contradic-
tion that summarize our expectations about which featuragibute to a contradic-
tion. Opposite sentiments are also very common sourcesifaxtictions. However,
they may be described in different terms compared to the&trntailment problem.
Consider the following example: “I like this book - This rélagl makes me sick”.
Both sentences convey a contradiction on opinions expiesdseut a book, yet they
may appear together if they belong to different authorsréfoee, we may relax the
‘exclusivity’ constraint of textual entailment and propdie following definition:
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Definition 5 (Contradiction) There is a contradiction on a topi€, between two
sets of documents?y, %, C 2 in a document collectior?, where 21 (%, = 0,
when the information conveyed aboltis considerably more different betweén
and %, than within each one of them.

In the above definition, we purposely not specify what it neetnhave some infor-
mation on a topic to be very different from another piece &imation (on the same
topic). This definition captures the essence of contramhisti without trying to im-
pose any of the different interpretations of what might esasontradiction to arise.
For example, if we assume that opinion polarity is the retewaformation, then a
contradiction would mean that two groups of documents esgarentrasting opinions
on some topic.

When identifying contradictions in a document collectiiiris important to also
take into account the time in which these documents wereighda. LetZ; be a
group of documents containing some information on tdpi@nd all documents in
21 were published within some time interval Assume that; is followed by time
interval t;, and the documents publishedtin %,, contain a conflicting piece of
information onT. In this case, we have a special type of contradiction, wkieh
call Asynchronous Contradictigisince2; and &, correspond to two different time
intervals. Following the same line of thought, we say thathage aSynchronous
Contradictionwhen both?;, and %, correspond to a single time interval,

An interesting application of contradiction analysis isupplementing informa-
tion retrieval systems, which in most of the cases are fantric. Diverse opinions
introduce extra noise to such systems, which are intendguiawide a solid and
unbiased representation of information about differepit® (Riloff et al, 2005). Un-
derstanding contradicting opinions allows informatiottieval systems to deal with
opinionative data using special methods, for example bgaetihg the ground truth
from different discussions or representing user suppainag different conflicting
topics.

5.2 Problems in Contradiction Analysis

A typical Contradiction Analysis application needs to émlithe same steps we iden-
tified for Opinion Mining, namely, topic identification andrgiment extraction. For
certain techniques of Contradiction Analysis it is possiiol rely directly on the out-
put of Opinion Mining, thus simplifying the entire workflowhen, we need to have
a contradiction detection step, where individual sentit®@ne processed in order to
reveal contradictions.

In the contradiction detection step, the goal is to effidiecdmbine the informa-
tion extracted in the previous steps, in order to deternfiaeédpics and time intervals
in which contradictions occur. In this step, statisticatihoels can be used, as well as
clustering, or other unsupervised methods. The contiadidetection step requires
efficient data mining methods, which will enable the onlideritification of contra-
dictions, and will have the ability to work on different timesolutions.
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5.3 Development of Contradiction Analysis

As with all other Subjectivity Analysis problems, reseaothContradiction Analysis
is under way in different domains. It is interesting to mentihat the identification of
contradicting claims first appeared in the speech recagndomain. The works by
Hillard et al. (2003) and Galley et al. (2004) establishegkif problem of recogniz-
ing agreement (positive) and disagreement (negativey,tbytlooking at sentiments
and negation. The authors exploited machine learning tqaks for classification
purposes, combining audio and text features.

Another approach to contradiction detection is to handksita textual entail-
ment problem. There are two main approaches, where coctiath are defined as
a form of textual inference (e.g., entailment identificajiand analyzed using lin-
guistic technologies. Harabagiu et al. (2006) presentradwork for contradiction
analysis that exploits linguistic information (e.g., tgpaf verbs), as well as seman-
tic information, such as negation or antonymy. Further ionprg the work in this
direction, de Marneffe et al. (2008) define several lindaif#atures that contribute
to a contradiction (discussed in Section 5.1). Exploitimese features, supplemented
by the sentence alignment tool, they introduced a contiiadidetection approach to
their textual entailment application (Pado et al, 2008).

Although the detection of contradictions using linguisticalysis and textual
entailment promises more accurate results overall, theecimethods do not yet
achieve high precision and recall values (Voorhees, 20@@n@iccolo et al, 2008).
For example, Pado et al. (2008) report their precision acdlr@alues of contra-
diction detection at the RTE-4 task as being 28% and 8%, otisply. Therefore,
scientists concentrate their efforts in finding contradits of only a specific type
when dealing with large-scale web analysis. In particiley analyze negation and
opposite sentiments.

Ennalsetal. (2010a; 2010b) describe an approach thatsdetedradicting claims
by checking whether some particular claim entails (i.es,tha same sense as) one of
those that are known to be disputed. For this purpose, they dggregated disputed
claims from Snopes.com and Politifact.com into a datab&dditionally, they have
included disputed claims from the web, by looking for an @ipstatement of con-
tradiction or negation in the text. Although this approaduid not reveal all types
of contradictions, it can help to identify some obvious sasehich can be further
used as seed examples to a bootstrapping algorithm.

The problem of identifying and analyzing contradictions ladso been studied
in the context of social networks and blogs. Relying on thel@ied data mining
algorithms, scientists proposed different measures fatradiction. Choudhury et
al. (2008) examine how communities in the blogosphere itréwe$ween high- and
low-entropy states across time, incorporating sentimemnaetion. According to their
study, entropy grows when diversity in opinions grows. Aergiowork by Liu et al.
(2009) introduces a system that allows comparing conirgsipinions of experi-
enced blog users on some topic. Then, they aggregate opioi@n different aspects
of the topic, which improves the quality and informativemesthe search results.
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10 Contradicting Reviews of “The Da Vinci Code”
10.0| From Chen et. al. (2006)
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Fig. 4: Opinion timeline visualization (Chen et al, 2006).

In some cases it is also interesting to examine how the blagesrof a single
user change over time. The study in (McArthur, 2008) focusethe analysis of the
sentiments of individual users, and how these change asctidarof time. Similar
to the approaches we discussed in the previous paragraptotiradicting opinions
are not aggregated. It is up to the user to visually inspectdlults and draw some
conclusions.

Kim and Zhai (2009) also propose a novel contrastive opirsiemmarization
problem, which aims at extracting representative, butrd®&eopinions from prod-
uct reviews (annotated with sentiment labels during pregssing). Their solution is
based on the measuresrepresentativenessandcontrastiveness.c

1 1
|X| Irenlk (p( ) |Y| Irenilialé (p(ya VI k Zl.U U|,V| (6)

The first measure is based on the weighted sums of maximagmrbsimilarities,

@, among positiveX, and negativeY, sets of sentences and their corresponding
summariesy andv. Representativeness reflects how well the summaries approx
mate the original text. Contrastiveness captures the aiityilbetween positive and
negative sentences in the summaries, but is computed basbe contrastive sim-
ilarity (¢ that is the same as content similarity, except that it is astegb without
taking into account sentimental words. Elimination of gaental words results to
improved precision for this similarity matching. Bothand ¢ rely on similarities
among a review’s individual words, either restricted to aact match or a semantic
(probabilistic) match.

Chen et al. (2006) study the problem of contradicting opisitn a corpus of
book reviews, which they classify as positive and negafivee main goal of their
work is to identify the most predictive terms for the abovassification task, but
the results are also used to visualize the contradictingiops. An example of such
visualization can be seen in Figure 4. The visualizatioroimgosed by two trends
of opposite (positive, negative) opinions, along with theoving averages. The user
can determine contradicting regions by visually compathese trends. However,
such an analysis, which is based on manual inspection, diiexale and becomes
cumbersome and error-prone for large datasets.



22

-0l Contradiction Level Among Blog Posts for the Topic “Internet Government Control’
From Tsytsarau et. al. (2010)
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Fig. 5: Contradiction timeline visualization (Tsytsardwak 2010).

Tsytsarau et al. (2010; 2011) propose an automatic anddealalution for the
contradiction detection problem. In their work, they stuldg contradiction problem
by focusing on the analysis of sentiments. An example regidtich an analysis is
represented in Figure 5, which depicts the evolution of trgradiction level for the
topic “internet government control”, covering a time pefiof about one year. The
graph shows the peaks in contradiction for this topic, énglthe analyst to focus on
the interesting time points (and the corresponding doctshaiong the time interval.

The intuition behind the proposed contradiction measutleaswhen the aggre-
gated value for sentiments (on a specific topic and timevatis close to zero, while
the sentiment diversity is high, then the contradictiondtide high. The authors de-
fine theAggregated Sentimenpis as the mean value over all individual sentiments,
andSentiment Diversitg2 as their variance. Combinings and o2 in a single for-
mula, the authors propose the following measure for coittiads:

8- 03 n-n

:WW, W = [1+exg 5

wheren is the cardinality ofZ, andW is a standard weight function to account for
the varying number of sentiments in the time interval ofiegt. The constant is

the expected arrival rate (i.e. average number) of sentspnandg is the deviation
of the rate; these parameters can be estimated based orapastlde facto # 0
limits the level of contradictio® when(us)? is close to zero.

Contradictions may occur not only on the opinion level, bgbaon the topic
level. For example, Varlamis et al. (2008) propose clustgaiccuracy as an indicator
of the blogosphere topic convergence. Clustering accuwlegn represented by the
utility function) measures the relative separation of thuster centers with respect to
cluster sizes and a number of unclustered blogs (noise) nWheeclustering is very
good, this function reaches its maximum value. It is easyetoahstrate, that diver-
gence in topics leads to greater separation of individuag$in the feature space
and, therefore, less reliable clustering. By analyzing hoaurate the clustering is in
different time intervals, one can estimate how correlatediverse the blog entries
are. We note that this approach is relevant to the contiadidefinition we gave ear-
lier, in the sense that clustering is often defined as thegs®of finding distant (i.e.,
contradicting) groups of similar (i.e., non-contradigfjitems. However, the type of
contradictions that this approach discovers depends oseleetion of features.

C ) @)
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6 Discussion

In this section, we elaborate on the emerging trends, coengbar various methods
that have been proposed for Subjectivity Analysis, andlign problems and inter-
esting future research directions.

6.1 Analysis of Trends

We now discuss some trends that emerge when analyzing teetnegblications on
Opinion Mining (for a complete list of these papers, refetable 1).

We allocate the papers to several classes under differmetdiions: based on the
employed algorithms, datasets used for testing, and tdage&ins. In Table 1 we list
several of the properties of the papers we used for the abwalgsis, providing a
more detailed view of these studies. Here, opinion clasgifin and opinion aggre-
gation types are denoted B/andA correspondingly. Columfilopic” lists whether
algorithm uses topic-specific features, linguistic pagsdomain knowledge or other
techniques that allow topic-dependent analysis. ColtiRange” lists number of the
resulting sentiment categories,@in the case of continuous range. Coluf&tope”
represents target domains (and subdomains) for eachthlgorivhich were either ex-
plicitly mentioned by the authors, or inferred from the iag and testing data used
in the corresponding papefd (- movies,P - productsB - books,S- various services,
e.g. restaurants and travess; all or indifferent; we note that for some of the papers
we reviewed this detailed information is missing). Colufbata” lists one or more
used datasets, which are listed in Table 3. Finally, colt/&uale” represents a char-
acterization of the algorithmS(- small,M - medium,L - large) with respect to its
performance and adaptability as follows. Specializedritlgms, or algorithms with
high complexity (e.g., sophisticated NLP tools) were dfeext as small scale. Algo-
rithms, featuring moderate performance were assigned thumescale. Finally, we
classified as large scale those algorithms that are scalabi& in an unsupervised
way or may incrementally adapt as they process more dataot#dimat, even though
this classification may not be absolutely objective, it i gseful in order to reveal
some interesting trends.

In Figure 6, we depict the distribution of papers (using lstaicbars) along the
most popular types of algorithms and sentiment representatWe observe that the
majority of the publications use machine learning methadthe classification tool
of choice. Next to them are the dictionary-based methodsletthis category, we
also include corpus statistics and semantic approachdsiddyethods that combine
the above approaches (usually a combination of dictionathods with NLP tools),
are not that popular yet, probably due to their high compyexi

Regarding the representation of sentiments, the altemafiproaches are to use
a binary representation (i.e., two classes, positive agatne), discrete (i.e., more
than two classes; the algorithms we examined used up tasigdntinuous (i.e., sen-
timents represented using scalar values) (refer to Figurelést of the approaches
in the literature use the binary representation. Thoughother two representations
have recently gained in popularity, since they offer fineotetion and level of con-
trol. The relatively low amount of studies featuring theadé&te sentiment represen-
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Fig. 6: The number of algorithms (stacked bars) accordingetttiment representa-
tion, algorithmic approach, and scalability of the method.

tation for hybrid and dictionary methods can be explainedhgyavailability of the
continuous sentiment representation, which offers bptegision. These studies use
either the binary or the continuous representations, d#ipgron their purpose. On
the other hand, the continuous representation is not favoyethe classification al-
gorithms, making it a rare choice for the machine learningreaches.

The colors in each bar in the graph correspond to the numladgofithms capa-
ble of working with large, medium and small-scale datasgtedn, yellow, and red
color, respectively). This is directly related to the coaxily of the proposed algo-
rithms (e.g., there exist algorithms that operate only in@esvised mode, and evi-
dently cannot scale with the dataset size). The graph shmtvstiere are mainly two
approaches that favor large-scale operation, namelypdaty methods on contin-
uous scale, and machine learning methods with binary amdedésrepresentations.
However, their popularity comes from different sourcestidnary methods have the
ability of unsupervised rule-based classification, whic$iinple and computationally
efficient. On the other hand, machine learning methods eelsieperior results and
domain adaptability by paying the cost of the training phé&savertheless, they re-
main competitive in terms of computational complexity fbetinference task (after
the classifier has been constructed).

Figures 7 and 8 show the evolution of the scalability of therapches proposed
in the literature over the last years, as well as the apdicatomains on which these
approaches focused. We observe that at the beginning tharityajf the studies
analyzed review data, mostly at a large scale. As we merttiabeve, the machine
learning tools were the main contributors to this trend. Tke of NLP methods
since 2006 opened a new trend of complex review analysinlgton small scale
datasets, due to the computational complexity of these adsthAt approximately
the same time, another interesting pattern emerged, nathelgnalysis of news and
social media. The current trend shows that social netwonklsanline sources of
information are attracting increasingly more interestia tesearch community.
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2 ()

& ¢| & | & & ¥
¥ | authors é '@Q Algorithms & |& & &
'02 | Morinaga et al A | Y |RuleBased+Dictionary C |[Reviews (P) |N/A L
'02 | Turney C | N |Statistic C |Reviews(M,P,S)EP L
'02 |Pang et al C | N [NB, ME, SVM 2 |Reviews (M) |IMDB L
'03 | Liu et al C | N |NLP + Dictionary C |Texts N/A S
'03 | Turney and Littman C | N |[LSA, Statistic (PMI) C |Words Gl, HM S
'03 |Dave et al A | N [NB 2 |Reviews (P) |AZ,CN L
'03 |Yietal C | Y |Dictionary 3 [Reviews (M,P)[N/A L
'03 | Yu and Hatzivassiloglol C | N |Statistic 3 |News TREC L
'04 | Kim and Hovy C | Y |Semantic 2 |News DUC S
'04 | Galley et al C | N |ME,CMM 2 | Transcripts N/A S
'04 |Hu and Liu A | Y |Semantic + RuleBased 2 |Reviews (P) |AZ,CN L
'04 | Gamon C | N [SVM 4 |Reviews(S) N/A L
'04 |Kamps et al C | N |Semantic C |Texts Gl S
'05 |Alm et al C | N |Linear Classifier 2 |Fairytales N/A S
'05 |Ku et al A | Y |Dictionary 2 [News TREC L
'05 | Chaovalit and Zhou C | N [ML, Statistic (PMI) 2, C |Reviews (M) |IMDB L
'05 |Liu et al A | Y |Semantic + RuleBased 2 |Reviews (P) |N/A M
'05 |Pang and Lee C N |[SVMOVA, SVR+ML| 3, 4 |Reviews (M) |IMDB S
'06 | Thomas et al C | N [MultiSVM 2 | Transcripts GovTrack| S
‘06 |Leung et al C | N |Statistic 3 |Reviews (M) [N/A S
'06 | Taboada et al C | N |Statistic (PMI) 2 |Reviews EP L
‘06 | Carenini et al A | Y |Semantic 2 |Reviews (P) |[N/A M
'06 |Ku et al A | Y |[Statistic C |News, Blogs |TREC, L

NTCIR
'06 | Goldberg and Zhu C | N |Graph, SVR 4 |Reviews (M) [IMDB L
'06 | Taboada et al C | N [Dictionary C |Reviews (B) [N/A S
'07 |Godbole et al C | Y |Semantic C |News, Blogs |[N/A L
'07 | Osherenko and Andre| C | N |SVM + Dictionary 4 |Texts SAL L
'07 | Zhang et al C| Y |[SVYM 2 |Blogs EP, RA S
'07 | Devitt and Ahmad C | N |Semantic 2 |News News L
'07 [Mei et al C| Y |HMM 2 |Blogs N/A L
'07 |Ku et al C | N |Statistic C |[News NTCIR L
'07 |Chen et al A | N |DT, SVM 2 |Reviews (B) [N/A S
'08 | Annett and Kondrak C | N |SVM,NB, ADT 2 |Reviews (M) |[IMDB M
'08 [He et al C | N |[Statistic (IR) C |Blogs TREC M

Continued. . .
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& ¢| § S| & @ 5
| Authors 'éz '@Q Algorithms & | & il &
‘08 | Bestgen C | N |Statistics (SO-LSA) 2 |Words N/A L
'08 | Fahrni and Klenner C | Y |Statistic C |Reviews (S) [N/A L
'08 | Shimada and Endo C | Y |SYMOVA, ME, SVR | 3,6 |Reviews (P) |N/A L
'09 | Zhang et al A | Y |Corpus C |News N/A L
'09 |Miao et al A | Y |Dictionary 2 |Reviews (P) [N/A M
'09 [ Zhu et al A | Y |Dictionary 3 |Reviews (S) [N/A M
'09 |Nadeau et al C | N |LR,NB + Dictionary 4 |Dreams N/A S
'09 | Bodendorf C | N [SVMOVA 3 |[Blogs N/A M
'09 | Choi et al C | Y |[Clustering +Dictionary 3 |[News NTCIR S
'09 |Lin and He C | Y |LDA + Dictionary 2 |Texts IMDB S
‘09 | Nowson C|Y |[SVM 2 |Reviews (P) [N/A S
‘09 | Melville C | N [NB + Dictionary 2 |Blogs N/A L
'09 [Thet et al C | Y [Dictionary C |Reviews (M) (IMDB L
‘09 |Prabowo and Thelwall| C | N |RuleBased, Dictionary, 2 |Reviews(M,P) [IMDB,NA| L

Statistic, SVM
'09 |Feng et al A | Y |Dictionary 2 |Blogs N/A L
‘09 |Lerman et al A | N |Semantic C |Reviews(P) N/A L
‘09 |Hare et al C | Y [MNB,SVM 2, 3 |Blogs N/A L
‘09 | Dasgupta and Ng C | N |SVM + Clustering 2 |Texts IMDB,AZ | S
‘09 | Missen and BoughanemC | Y |Semantic C |Blogs TREC M
'09 | Read and Carroll C | N |Statistic 2 |News, IMDB, GI |L, S
Reviews(M)
'09 |Go et al C | N [NB, ME, SVM 2 [Microblogs Twitter L
'10 | Bollen et al A | N |OpinionFinder, C |[Microblogs Twitter L
Statistic (PMI)
10 | Tumasjan et al A | Y |Dictionary(LIWC) C |Microblogs Twitter L
'10 | Bifet and Frank C N |[MNB, SGD, 2 | Microblogs Twitter L
Hoeffding tree
'10 | Pak and Paroubek C | N |[MNB 3 |Microblogs Twitter L

Table 1: An overview of the most popular sentiment extracttgorithms, used in
Subjectivity Analysis.

6.2 Comparison of Methods

As can be seen in Figure 6, dictionary and machine learnipgogghes attract most
of the attention in the research community. They have beelvieg in parallel since
the beginning of this decade, and it comes as no surprisstindies have started to
compare their performance on different datasets. Below r@egmt the most inter-
esting comparisons and briefly discuss their results. A deraist of performance
evaluations is reported in Table 2.

Chaovalit et al. (2005) performed an evaluation betweenNtggram classifier
and statistical approach methods on a dataset of moviewsvia particular, their
study showed the machine learning precision ranging fro% & the unseen data)
to 85% (with 3-fold cross-validation), making it comparald the 77% precision
achieved with the unsupervised dictionary method.
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Gindl et al. (2008) compared the precision between varigctsodary and ma-
chine learning methods on web datasets (Amazon, IMDb, amgiAdivisor). The
results demonstrated the superiority of the machine legnmiethods over the dictio-
nary methods on all three datasets. The best results weeyadtby the ME method,
whose precision was in almost every case greater than 80%.

Another comparison between the most popular types of dlgos for senti-
ment extraction was made by Annett and Kondrak (2008), deinatng that some
semantics-based algorithms are able to keep up with maddmeing methods in
terms of precision, even though they do not require a contipatly-demanding
learning phase. In particular, a lexical algorithm utiigiWWordNet polarity scores
achieved a precision close to that of decision trees (60.&&us 67.4%). Neverthe-
less, these algorithms do not substitute, but rather camgri¢ each other.

As was demonstrated by Prabowo and Thelwall (2009), onlynabiwation of
different kinds of classifiers is able to achieve a solid perfance. In order to build
their hybrid approach, they combined several rule-basassiflers with a statisti-
cal approach method and an SVM classifier. Doing so, theyeaetia performance
ranging from 83% to 91%, depending on the dataset.

We also point the interested reader to other studies thapamhe performance
of various Sentiment Analysis algorithms on different data (Prabowo and Thel-
wall, 2009; Chaovalit and Zhou, 2005; Annett and Kondrald&0

However, a systematic comparative study that implemerdssaaluates all rele-
vant algorithms under the same framework is still missingteNhat the performance
results reported in Table 2 are not directly comparable th edher, because the
evaluation framework and testing methodologies are nosémee across the corre-
sponding studies.

Paper Dataset |Sentiment Algorithm (Precision, %)
Dave et al (2003) AZ,CN |SVM (85.8-87.2) NB (81.9 - 87.0)
Hu and Liu (2004a) AZ,CN |Semantic (84.0)
Turney (2002) EP Statistics (74.4)
Taboada et al (2006) EP PMI (56.8)

. HM SO-LSA (67.7 - 88.9) PMI (61.8 - 71.0
Turney and Littman (2003) Gi SO-LSA E65.3 - 82.0§ BMI 561.3 - 68.7;
Kamps et al (2004) Gl Semantic (76.7)

Gl PMI (71.7) Semantic Space (83.8) Similarity (67.5)

Read and Carroll (2009) SemEval [PMI (46.4) Semantic Space (44.4) Similarity (53.1)

IMDB PMI (68.7) Semantic Space (66.7) Similarity (60.8)
AZ (N/A) |Dictionary (59.5 - 62.4) NB (66.0) ME (83.8)
Gindl and Liegl (2008), average |TA (N/A) |Dictionary (70.9 - 76.4) NB (72.4) ME (78.9)
IMDB Dictionary (61.8 - 64.9) NB (58.5) ME (82.3)

Pang et al (2002) IMDB NB (81.5) ME (81.0) SVM (82.9)
Chaovalit and Zhou (2005) IMDB N-Gram (66.0 - 85.0) PMI (77.0)
Goldberg and Zhu (2006) IMDB SVR (50.0 - 59.2) Graph (36.6 - 54.6)
Annett and Kondrak (2008) IMDB NB (77.5) SVM (77.4) ADTree (69.3)
Thet et al (2009) IMDB Dictionary (81.0)

Ku et al (2007) NTCIR |Statistics (66.4)

Choi et al (2009) NTCIR |Dictionary + Clustering £70.0)

Osherenko and André (2007) SAL” SVM + Dictionary (34.5)
Yu and Hatzivassiloglou (2003) |TREC Statistics (68.0 - 90.0)

Continued. . .
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Paper Dataset |Sentiment Algorithm (Precision, %)
Ku et al (2005) TREC Dictionary (62.0)
Missen and Boughanem (2009) |TREC Semantic (MAP 28.0, P@10 64.0)
Yi et al (2003) N/A Dictionary (87.0 Reviews, 91.0 - 93.0 News)
Gamon (2004) N/A SVM (69.0 nearest classes, 85.0 farthest classes)
Kim and Hovy (2004) N/A Semantic (67.0 - 81.0)
Thomas et al (2006) N/A Multiple SVM (71.0)
Nadeau et al (2006) N/AT LR (35.0 - 50.0) NB + Dictionary (38.0)
Chen et al (2006) N/A DT (71.7) SVM (84.6) NB (77.5)
Devitt and Ahmad (2007) N/A Semantic (50.0 - 58.0, f-measure)
Shimada and Endo (2008) N/A™ SVM OVA (58.4) ME (57.1) SVR (57.4) SIM (55.7)
Hare et al (2009) N/A MNB (75.1) SVM (74.4)
Zhu et al (2009) N/A Dictionary (69.0)
Bodendorf (2009) N/A SVM OVA (69.0)
Melville (2009) N/A NB + Dictionary (63.0 - 91.0)
Prabowo and Thelwall (2009) N/A SVM-only (87.3) SVM + RuleBased + Dictionary|+
Statistics (91.0)
Feng et al (2009) N/A Dictionary (65.0)
Go et al (2009) TS NB (82.7) ME (83.0) SVM (82.2)
. TS MNB (82.5) SGD (78.6), Hoeffding tree (69.4
Bifet and Frank (2010) N/A MINB Ese_ﬁ SGD Esa.ag Hoeffdinggtree ((84.8))
Pak and Paroubek (2010) N/A MNB (70.0) at recall value 60.0

Table 2: Precision of sentiment extraction for differenplementations according
to the data reported by authors. Due to the limited spacéjsrtable we only report
best-run results for the available datasets (which arelaiga in Table 3). “N/A”
means that the dataset is not publicly available. 3(5)selaccuracy marked with

6.3 Specifics of Web Mining

The evaluations found in Yi et al (2003); Ku et al (2007); Datal (2003); Annett
and Kondrak (2008) demonstrate that opinion data obtaired the web, are repre-
sented primarily in discrete or categorical form. This hepgnot only because of the
use of machine learning tools, but also because ratings pinéba labels are repre-
sented by a limited number of categories on the web. Suckhahiléty of categorical
training data favors the use of machine learning for sudkstas rating inference or
review mining, and made machine learning tools the deféwdiae for solving the
Opinion Mining problem.

A side effect of the domination of these tools is that the iseett classification
task is mostly considered as a binary- or three-class &lzsson problem, distin-
guishing amongpositive negative or neutraltexts. However, it is not clear whether
this approach is the winner. On the contrary, recent studiésonstrate the bene-
fits of employing more complex (detailed) sentiment clasaifons (Tsytsarau et al,
2011; Thet et al, 2009). Moreover, it is not always possibleide supervised ma-
chine learning methods. For example, when there are no atealraining data (like
in blog opinion retrieval), dictionary approaches thatyie sentiment values on a
continuous scale, become an interesting alternative.
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Most of the works in Subjectivity Analysis assume a set ofdpftned topics
when determining sentiments. These topics are specifiedrdity keywords, or by
restricting the collection of documents to only those thahtion the chosen topics. In
other words, the algorithms operate on the implicit assionpif asingle document
- single topiccontext. This situation changes when it is necessary toyaeaenti-
ments expressed in free-form texts (e.g., weblogs), whiap imvolve several topics.
To solve this new problensingle document - several topicentext, these methods
should be extended with topic identification algorithmsyanov and Cardie (2008)
present an approach for opinion topic extraction that setie the identification of
topic-coreferent opinions. Alternatively, Mei et al. (ZQGand Lin et al. (2009) pro-
pose to include sentiment variables into a probabilisfiéd@nference model.

6.4 Open Problems

The mining and analysis of opinions is a challenging anddigeiplinary task, which
requires researchers from different domains to cons@ittetir efforts. A typical so-
lution in this area requires fast and scalable informat@irieval, text preprocessing
and topic assignment, in order to run machine learning dlgos supported by the
possible use of NLP tools.

We observe that both the performance and resolution of tbg8tivity Analysis
algorithms have increased over time. The first algorithras Were proposed in the
literature were effective at discriminating between twaorong three classes of sen-
timents. As we mention in Section 3.3, switching to sevepahion classes required
a redesign of the employed machine learning methods (Pathggem 2005), while
continuous sentiment values are only obtainable by usictipdiary-based methods.
Based on this, we foresee that the increasing demand foruhlgygof sentiments
will require the development of new methods that will inthetrong features from
both the machine learning and the dictionary-based methods

As we are interested in integrating recent developmentspifii®n Mining, we
need to develop a universal scale to represent opinionsthEosentiment analysis
problem, the choice of the continuous scale in the rangelgfii]-seems to be a
natural one, as it easily accommodates the discrete opeateygories (-1,0,1), and
at the same time provides flexible opportunities for varimagpings from the rating
scale (e.g., rating stars). However, for conflicting opnsidhere is no such obvious
choice. We need to represent differences in opinions thrahoabe directly mapped
to real values. For example, the pair “the cabliack- it is awhite cat” that features
an obvious contradiction, can not be represented using ag-the set containing just
two colors plack, whit§ is not complete - there might also geay, redand others.

Our study also reveals the need to address the problems mdgaiing, manag-
ing, and analyzing sentiments in a large scale, and iacdahocfashion, much like
the analysis opportunities offered by On-Line Analyticabéessing (OLAP) in tra-
ditional data management. Such methods would only be deséive will manage
to solve sentiment aggregation problems with high effigjefibie latter would also
depend on the successful introduction of a common ratintg staorder to make
significant advances along the above directions, we neetdrtmdiuce an appropriate
framework, and formally define the corresponding problems.
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Moreover, there is a need for novel techniques that will sanime and analyze
the relevant information in a principled and systematic Walg anticipate the intro-
duction of a collaborative framework that will further advez the state of the art and
establish new targets for the next decade. Contradicticalysis can possibly be the
most demanding field for such a framework, as it utilizes nobgte opinion mining
methods, and at the same time defines its problems on data@fisdypes, ranging
from opposite sentiments to conflicting facts. We beliewa thencompasses most of
the challenges relevant to Subjectivity Analysis, and canded as a reference target
for the development of the framework mentioned above.

Finally, we note the lack of benchmarks in this area, whichul@greatly help
its further development. Even though some datasets amdotéth sentiments are
available, they do not have the required precision and uésol The problem is
even more exacerbated when dealing with the most recentithlge and applica-
tions, such as those relevant to Contradiction Analysi$alle 3, we list the various
datasets that have been used for Subjectivity Analysisni;&ipinion Mining).

Regarding the contradictions between natural-languadg, the research in this
direction is supported by the RTE challeAgahich initiated a three-way classifi-
cation task in 2008. In addition to the two-way classificatlmetween entailment
and non-entailment, this task includes detection of calitteon as a part of non-
entailment classification.

7 Conclusions

During the past decade, we have withessed an increasimgshie the processing
and analysis of unstructured data, with a special focus dm & data. The wealth
of information on the Web makes this endeavor not only reimgroh terms of newly
produced knowledge, but also necessary, in order to exglldihis available infor-
mation. We believe that the interest in mining Web data woulg continue to grow,
as new sources of such data emerge and attract more attémtiorusers and re-
searchers alike.

In this work, we presented an overview of a special class df méning algo-
rithms, that of Subjectivity Analysis. This is an area thi@rted developing in the
last years, and attracted lots of attention, because ofatgipal applications and the
promise to uncover useful and actionable patterns fronructsired web data.

More specifically, we reviewed the most prominent approaébethe problems
of Opinion MiningandOpinion Aggregationas well as the recently introduc€wn-
tradiction AnalysisThese have emerged as important areas of web data minishg, an
the trends of the past years show an increasing involvenfethteoresearch com-
munity, along with a drive towards more sophisticated andgréul algorithms. Our
survey reveals these trends, identifies several integesfian problems, and indicates
promising directions for future research.
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Name (and URL) Year | Type Pos |Neg Neu |Range
Gl - General Inquirer content analysis system 2002|Words |N/A |N/A N/A |D
www.wjh.harvard.edu/~inquirer/

IMDB - Movie Review Data v2.0 ] ] 2004 | Reviews| 1,000 {1,000 (O B
www.cs.cornell.edu/People/pabo/movie-review-data/

TREC - Blog Track 2006 |Blogs | 3,215,171 total N/A
http://ir.dcs.gla.ac.uk/testollections/blog06info.htm|

AZ - Amazon Reviews 2007 | Reviews| 4,554K759K 525K (D
www.cs.uic.edu/~liub/FBS/sentiment-analysis.htm|

SemEval-2007 Affective Text Task 2007 |News |561 |674 15 D
www.cse.unt.edu/~rada/affectivetext/

NTCIR-MOAT - http://research.nii.ac.jp/ntcir/ 2008 |News | 26K total D
SAL - Sensitive Atrtificial Listener corpus 2008 | Speech | 672 turns total D
www.vf.utwente.nl/~hofs/sal/

Irish Economic Sentiment Dataset 2009 |News 2,608 (3,915 (3,080 |D
www.mlg.ucd.ie/sentiment/

Multi-Domain Sentiment Dataset v2.0 2009 | Reviews| 10,77110,898 |0 D
www.cs.jhu.edu/~mdredze/datasets/sentiment/

TS - Twitter Sentiment 2009 | Micro- [800K (800K |0 B
http://twittersentiment.appspot.com/ blogs

TA - TripAdvisor.com 2010| Reviews| 183K 37K 26K |D
http://times.cs.uiuc.edu/~wang296/Data/

EP - Epinions www.epinions.com 2010 |Reviews|N/A | N/A N/A D
CN - C|net -www.cnet.com 2010|Reviews|N/A  |N/A N/A |D
RA - RateltAll - www.rateitall.com 2010 |Reviews|N/A | N/A N/A D
ZD - ZDnet -www.zdnet.com 2010 |Reviews|N/A | N/A N/A D

Table 3: An overview of the most popular opinion mining datasand data sources.
Under the columns “Pos”, “Neg” and “Neu” we list the approxitd numbers of
positive, negative and neutral labels respectively. Tingeaof these labels is either
binary, marked as “B”, or discrete, marked as “D”. “N/A” mestiat the dataset is
not publicly available.
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