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FOREWORD

A central point in the quality of communication using natural language is effectiveness, i.e. the
extent to which the meaning conveyed through the message reaches the audience and is
interpreted in the same manner as it was intended. Rhetorics, as the art of using language to
communicate effectively, is based on three pillars: logos (the use of words), ethos (appealing to
common concepts) and pathos (appealing to the emotions of the audience). It is thus of no
wonder that the fields where communication effectiveness is vital, such as politics,
advertisement or marketing, employ in their text the persuasive power of emotions.

Affect expression is not only important because of its argumentative power. It also helps to
create a more natural, human way of interaction. This is why affect modelling has also become
an important research theme in Artificial Intelligence, within the framework of Affective
Computing. Research in this area is currently applied to Human-Computer Interaction,
intelligent agents modelling and Robotics.

Research in automatic Subjectivity and Sentiment Analysis, as subtasks in Affective Computing
within Natural Language Processing, has flourished in the past years, as the Social Web made it
possible for people all over the world to express, comment or consult opinions on any given
topic. The fact that so many people express themselves on these topics makes opinions less
biased and more credible; their subjective nature makes them easily understandable by all
people and leads to their growing influence on communities worldwide. Due to all these
reasons, opinions expressed on the Web are more and more considered as basis for decision-
making processes, for recommendation systems, business intelligence processes, image
monitoring, marketing or for obtaining unbiased, massive feedback. And the list of applications
for such data can go on, each with their impact on social, economical or psychological aspects.
Bearing in mind the abovementioned reflections, the main aim of this multidisciplinary
workshop was to bring together researchers in Computational Linguistics who are working on
Subjectivity and Sentiment Analysis, but also from other disciplines related to this area, such as
psychologists, sociologists, economists etc. The objective was to facilitate an interdisciplinary
dialogue on the analysis, requirements, issues and applications of the study of subjectivity and
sentiment in the context of traditional and emerging text types.

The first edition of the Workshop on Computational Approaches to Subjectivity and Sentiment
Analysis (WASSA 2010) is a satellite workshop to the 19" European Conference on Atrtificial
Intelligence - ECAI 2010 -, and it will be celebrated on the 17" of August 2010, in the Faculty

of Science, University of Lisbon, in Lisbon, Portugal.


http://www.fc.ul.pt/fcul_eng/
http://www.fc.ul.pt/fcul_eng/
http://www.ul.pt/

For this first edition of WASSA we received a total of 18 submissions, from Austria, Belgium,
Bulgaria, France, Germany, Greece, India, Italy, Portugal, Spain, Switzerland, Tunisia, United
Kingdom and United States, of which 10 were accepted, thus resulting in an acceptance rate of
0,56. Each paper has been reviewed by an average of 3 specialists. The accepted papers were all
highly assessed by the reviewing committee; the best paper received a punctuation of 3/3 from
two of the reviewers and 2/3 from the third reviewer. The predominant topics of the accepted
papers are real-life applications, comparisons between approaches on different text types, in a
monolingual or multilingual setting, joint topic and sentiment analysis, creation, annotation and

evaluation of resources.

We would like to thank the ECAI 2010 Organizers for the help and support at the different
stages of the workshop organization process. We are also especially grateful to the Program
Committee members and the external reviewers for the time and effort spent assessing the
papers and our invited speaker, for accepting to deliver the keynote talk.

Last, but not least, we would like to express our gratitude for the partial funding given by The
Spanish Ministry of Science and Education of the Spanish Government (Ministerio de Ciencia e
Innovacion - Gobierno de Espafia) through the grant no. TIN2009-13391-C04-01, and to the
Education Council of the Valencia Community (Conselleria d’Educacion - Generalitat
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Sentiment strength detection in short informal text

Mike Thelwall

Abstract.  An increasing proportion of human communication
takes place via short informal text messages. These can be part
of exchanges, as is typically the case for instant messaging, social
network site (SN'S) comments, internet chatrooms, online forums and
mobile phone text messages. In contrast, they may be one offs, as in
web site customer feedback comments, or of a more hybrid nature,
such as twitter posts or comments on blog posts, both of which
may attract responses or may be attempts to broadcast thoughts.
Analysing sentiment in short informal text is therefore important not
only for traditional commercial applications but also for the social
science purposes of understanding interpersonal communication and
new internet communication styles. This paper argues that it is
useful to measure sentiment strength rather than just polarity and
subjectivity in this context, argues that even short messages can be
usefully analysed for positive and negative sentiment simultaneously,
and describes a sentiment strength classification algorithm for short
informal text.

1 SHORT INFORMAL TEXT

Short informal text is loosely defined here as up to one paragraph
of text intended as an individual message or part of an exchange
and in a context where the norms of standard grammar and spelling
do not apply or are widely flouted. The increase in this form
of communication primarily reflects widespread adoption of new
electronic interpersonal communications technologies, such as those
listed above, and the ability to post comments on anything from
YouTube videos and Flickr photographs to blog posts and news
stories, in addition to the more hidden online customer feedback
facilities. Common, but not universal, features of such texts include
a lack of concern for grammar and spelling (by definition), standard
and improvised abbreviations (e.g., lol, xox (kiss hug kiss)), local
dialect and slang, and emoticons. Another feature is the partial
transference of shorthand between technologies. Such text provides
an opportunity for sentiment analysis because of the ease of access
to huge amounts in some cases (e.g., twitter) and because sentiment
is important in interpersonal communication. Hence the results may
be relevant to social science goals such as understanding successful
interpersonal communication and identifying typical communication
patterns and strategies. Nevertheless, sentiment analysis poses
challenges due to frequent disobeying of linguistic rules and the non-
standard methods of encoding sentiment discussed below.

2 SENTIMENT STRENGTH

Sentiment strength has been ignored in most previous sentiment
analysis studies on the basis that the most important tasks are
to differentiate between subjective and objective text and between

1 University of Wolverhampton, UK, email: m.thelwall @wlv.ac.uk

polarities in subjective text. Moreover, to some extent it is possible
to measure the collective strength of feeling via the proportion of
positive and negative texts. Nevertheless this is clearly insufficient for
individualised analyses involving sentiment strength. As an example
of this, in order to assess the impact of the strength of feeling
expressed in interpersonal communication on the longevity of online
friendship or debates, sentiment strength measures would be needed.

3 SIMULTANEOUS POSITIVE AND NEGATIVE
SENTIMENT STRENGTH

Simultaneous positive and negative sentiment strength measures are
those that give separate positive and negative sentiment measures to
individual texts. In emotion psychology, although there is a tradition
of separating positive and negative sentiment (i.e., valence), it is
recognised that this is an oversimplification and that it is common
to experience a combination of positive and negative sentiment. This
may be due to fluctuations over time or to events triggering opposing
signals. In short informal texts a common example of this is I miss
you which has positive connotations expressing warmth towards the
recipient and a negative surface meaning that the sender is feeling
bad. Another type of example is My leg was also in agony but rapidly
got better which conveys a positive message and expresses empathy
by discussing a past strongly negative episode. As an example of
a natural social science hypothesis requiring simultaneous positive
and negative measures, is mixing sentiment polarity a more engaging
communication strategy than being universally positive?

4 THE SENTISTRENGTH ALGORITHM

An algorithm designed for simultaneous positive and negative
sentiment strength detection in short informal text, SentiStrength,
classifies texts as positive on an integer scale of 1 (no positive
sentiment) to 5 (strong positive sentiment) and negative on a similar
scale of 1 to 5. It applies simple linguistic rules without relying
upon correct grammar. For instance, negating words are recognised
and used to invert the polarity of subsequent emotion-bearing terms
but there is no attempt to use tagging to semantically disambiguate
terms such as like. The hear of the system is a dictionary of
common emotion-bearing terms pre-coded by human annotators
with their expected sentiment strengths as commonly used. It is
complemented by shallow linguistic features, such as negating and
boosting terms, as well as a range of text emotion-related expressive
features. The latter includes emoticons, the use of repeated letters for
emphasis (e.g., haaaaapy) and the use of excess punctuation (e.g.,
happy birthday!!!!!). Experiments with this approach indicate that it
outperforms a range of machine learning approaches for positive but
not for negative sentiment strength on a corpus of 1041 MySpace
comments.



Automatic ldentification of Subjectivity in
Mor phologically
Rich Languages: The Case of Arabic

Muhammad Abdul-Mageed! and Mohammed Korayem 2

Abstract. As more user-generated content becomes available orachieved considerable successes, it is not yet clear whether and how
line, the need for mining that content becomes increasingly criti-comparable success could be achieved on morphologically rich lan-
cal. One related area that has been witnessing a flurry of researguages (MRLs). The term MRLs refers to languages in which sig-
is that of subjectivity and sentiment analysis. We report our effortsnificant information concerning syntactic units and relations is ex-
to annotate a corpus of 200 documents from the Penn Arabic Treeressed at word-level [16]. MRLs are known to pose many chal-
bank, which is composed of news texts, for subjectivity, along withlenges for NLP and IR, and Arabic is a significant case in point (see
attempts to automatically classify that data at the sentence level. We.g., [4]). Given that Arabic was judged as the language with fastest
investigate the performance of three different machine learning methgrowth rate in terms of Internet users in 2009 by Internetworldstats
ods on the task with various features and vector settings. We achie\{attp://www.internetworldstats.com/stats7.htm), there is a great po-
a very high accuracy (i.e., 99.48%) using a support vector machinential in conducting subjectivity and sentiment analysis on Arabic.
classifier. We finally briefly discuss issues related to performing textn addition, as far as we know, there is neither publicly available Ara-
classification on Arabic, a morphologically rich language, and sug-bic data annotated for subjectivity analysis nor opinion lexicons. Our

gest future directions. overarching goal is thus to take one step further toward filling this
gap by attracting attention to the problem, hoping to trigger inter-
1 INTRODUCTION est in subjectivity and sentiment analysis of Arabic in particular, and

MRLs in general.
The web is no longer a static platform where users are passive con- We have a number of specific goals. First, we wanted to test our
sumers of content provided by institutions, organizations, or governsimple hypothesis that the challenges that MRLs pose to text clas-
mental agencies. What we are witnessing is a read-write Web whersification in general, and subjectivity detection in particular, could
user-generated content is becoming an integral part of what we nowe solved if only certain tokens are kept. With a tokenized and part-
perceive as the Web. Social network sites, online news sites, vide@f-speech (POS) tagged text, this approach is highly successful (as
(and other content [e.g., photo]) sharing sites, online forums, blogswye will show). Second, we wanted to explore the feasibility of em-
online review sites, among others, are examples of interactive Weploying a number of machine learning techniques (i.e., support vec-
platforms where users are more of prosumers (i.e., simultaneousbksr machines [SVM], Nave Bayes [NB], and Instance-based learning
consumers and producers) than mere consumers. This revolutionafiB1]) for the task of Arabic subjectivity classification. Although it
change poses both unprecedented challenges as well as great opagrhy now known that SVMs generally perform well on text classi-
tunities to researchers in various fields (including natural languaggication [8], it is not yet very clear whether or not this will still be
processing [NLP], information retrieval [IR], and machine learning the case on the task of Arabic-based subjectivity classification. Nei-
[ML]), but equally to business and governmental bodies interestegher is it clear how the performance of SVMs compares to other ML
in mining this data for various purposes. One related area where reggorithms on the same task, and to some extent on Arabic text clas-
search has been witnessing a flurry of research is that of subjectivitification in general. To the best of our knowledge, not many such
and sentiment analysis where attempts are made to sort out objectié@mparisons have been conducted before on Arabic IR, let alone sub-
(i.e., factual) from subjective (non-factual) information. Non-factual jectivity classification. In this way, our work is an attempt to accumu-
information can be positive, negative, mixed, or neutral. Subjectiviate knowledge on these two fronts. Finally, we wanted to test how
ity and sentiment analysis is, in general, done in two flavors: (l)each of three ML methods would perform when two different set-
targeted, where the holders of opinion/sentiment and its targets argngs (i.e.,frequencyvs. presencevectors) are employed. In section
identified, and (2hon-targeted, where the identification of the opin- 2, we review the related literature. In sections 3 and 4, we present
ion/sentiment holders and targets is disregarded. The current researghr methods and results, respectively. In our conclusion, section 5,

falls in the second category. we reflect on the contribution of our research and list a number of
Although research on subjectivity and sentiment analysis orfyture directions.
some Indo-European languages (e.g., English) is flourishing and has

1 Departmentof Linguistics and School of Library & Information Sci-
ence, Indiana University, Bloomington, IN-47405 USA, email: mab- 2 RELATED WORK
dulma@indiana.edu )
2 School of Informatics and Computing, Indiana University, Bloomington, Wiebe et al. [18] manually annotated a corpus of 1,001 sentences of

IN-47405, USA, email: mkorayem@indiana.edu the Wall Street Journal Treebank Corpus [11] with subjectivity clas-



sifications by instructing three humans to assign a subjective or olto learn extraction patterns associated with objectivity, the authors
jective label to each sentence. Annotators were instructed to consideise the AutoSlog-TS [14] algorithm since it does not need annotated
a sentence to be subjective if they perceived any significant expresexts for training, but rather needs relevant and irrelevant texts. The
sion of subjectivity (of any source), and to consider the sentence tpatterns extracted were fed to a classifier that classifies a sentence
be objective, otherwise. Wiebe et. al [18] then trained a probabilistianto subjective if it contains any of the learned subjective patterns,
classifier using five POS features, two lexical features, and a paratc. The sentences that were extracted by such a classifier were in-
graph feature and performed 10-fold cross validation. They obtainedorporated into the rule-based classifier. The sentences that were la-
an average accuracy on subjectivity tagging of 72.17%, more than 26eled by the rule-based classifier were in turn fed into a nave Bayes
percentage points higher than a baseline accuracy obtained by alwagkassifier. Several set-valued features (e.g., POS features, pronouns,
choosing the more frequent class. modals [except will], adjectives, cardinal numbers, adverbs [except
Bruce & Wiebe [2] performed a statistical analysis of the as-not], etc.) were used with the nave Bayes classifier. The nave Bayes
signed classifications in the corpus reported in [18]. The analysisichieved 70.6% for subjective recall, 79.4% for subjective precision,
showed that adjectives are statistically significantly and positively74.7% for subjective F-measure. As to objective classification, 77.6%
correlated with subjective sentences in the corpus on the basis of threcall, 68.4% precision, and 73.8% F-measure. Finally, authors use
log-likelihood ratio test statistic G2. Authors found that probability self-training methods in that they use the nave Bayes classifier to
that a sentence is subjective, simply given that there is at least orgenerate training data. This strategy results in substantial improve in
adjective in the sentence, was 55.8%, even though there were morecall and a slight drop in precision.
objective than subjective sentences in the corpus. Riloff et al. [15] explored the idea of using subjectivity analysis to
Wiebe [17] added more annotations to the same corpus used improve the precision of information extraction (IE) systems. They
[18]. Specifically, annotators were asked to identify the subjectiveran their experiments on the MUC-4 information extraction data set
elements in each subjective sentence and also to rate the strength(MUC-4 Proceedings 1992). The MUC-4 |E task was to extract infor-
the elements on a scale of 1 to 3, with 3 being the strongest. Wiebmation about terrorist events from 1700 stories, mainly news articles
[17] then used the subjective elements identified by one judge to seeabout Latin American Terrorism. The MUC-4 set was accompanied
the distributional similarity [9] of such elements. Lin [9] used distri- by answer key templates containing the information that can be ex-
butional similarity on a 64-million corpus consisting of news articles, tracted from each story. Riloff et al. [15] used the system developed
to create a thesaurus entry for each word consisting of the 200 wordsy [19] for classifying sentences based on subjectivity to extract in-
of the same part-of-speech that are most similar to it. formation from individual sentences and then map that information
Performing 10 fold cross validation, for each adjective of all adjec-into the answer key templates. When discarding all extractions that
tives with strength 3 extracted from subjective sentences Wiebe [17ere found in subjective sentences, the authors achieved increased
identified the top 20 entries in Lins thesaurus entry and used these @secision of the IE system by 2%, but recall dropped 8%. The au-
the seed sets for each fold. Then she used a simple prediction methtubrs then concluded that indiscriminately discarding all extractions
for subjectivity: a sentence is classified as subjective if at least on& very aggressive and that subjective language can co-exist with fac-
member of a seed set S of adjectives occurs in the sentence, ahghl information. Two strategies were followed to improve recall: (1)
objective otherwise. Precision is measured by the conditional probavhen a sentence is not strongly subjective and has a source of attri-
bility that a sentence is subjective, given that one or more instancesution (e.g., The Associated Press reported .. .) it was extracted and
of members of S appear. Thus, this metric assesses feature quali2) they allowed certain indicator extraction patterns (emurder of
if instances of S appear, how likely is the sentence to be subjective? NP andNP + was assassinat¢do be extracted. These measures
Wiebe [17] acquired a precision of 61.2% using this method. She alseaised recall from 44% to 51%.
repeated this process, but with the seeds synonyms in WordNet [12] Pang, et al. [13] conducted a sentiment analysis of a
in place of words from Lins thesaurus entry. She found that the pereorpus of 752 negative and 1301 positive movie reviews
formance is slightly better with WordNet (62.0%), but the coveragethat were taken from the Internet Movie Database (IMDb)
is lower. archive of the rec.arts.movies.reviews newsgroup (accessible at
The same method was then repeated using a sample of adjectivetp://reviews.imdb.com/Reviews/). These authors used three ma-
extracted by a technique described in [6]. Such a technique dependsine learning techniques: Nave Bayes classification, maximum en-
on identifying the semantic orientation/polarity of adjectives as orig-tropy classification, and support vector machines. With each classi-
inally described in [5], but is also enhanced by use of a morphologifier, various feature settings were used. These features included un-
cal analyzer for identifying gradable adjectives. Wiebe [17] calls theigrams, unigrams + bigrams, bigrams, unigrams + POS, adjectives,
sets derived in this later method the gradability/polarity sets and thand unigrams + position. For many of these features, the presence or
features associated to them the lexical semantic features. She repoatssence of a feature as well as the frequency of a feature were tried.
9% improvement in precision when such lexical semantic featureJhe best accuracy (i.e., 82.9%) was acquired using SVM with only
are triangulated with similarity clusters described above. presence or absence of unigram features. Interestingly, the perfor-
Wiebe & Riloff [19] developed subjectivity classifiers using only mance of these machine learning techniques turned out to be better
unannotated texts for training. More specifically, they use 298,80%han the human-selected-unigram baselines. Also, NB was found to
unannotated sentences from the world press. The test set used cgrerform worst. Authors concluded with a useful comparison between
sists of 535 texts (5104 sentences) also from the world press that wetepic-based classification and sentiment classification, using SVM.
annotated for subjectivity and are part of the Multi-perspective Ques- Abbasi et al. [1] performed a sentiment analysis of English and
tion answering (MPQA) corpus. First, they implement a rule-basedArabic Web forums, making use of not only syntactic but also stylis-
classifier that learns a number of previously established subjectivtic features. The stylistic features they used included (1) letter N-
ity clues. This classifier achieves 34.2% subjective recall and 90.4%rams (e.g., a, b, c), (2) character N-grams (e.g., ab, abo, etc. in
subjective precision, and the rule-based objective classifier achievesbout), (3) word-level lexical features (e.g., total number of words,
30.7% objective recall and 82.4% objective precision. In an attemp% of char. per word), (4) character-level lexical features (e.g., total



number of characters, % of char. per message) , (5) vocab. richness
(e.g.,hapax legomena), (6) special characters (i.e., occurrence of spe-
cial characters e.g., #, $, %, etc.), total number of words, % of char.
per word), (7) structural features (e.g., contains greeting, contains Category _ # of instances
url, contains requoted content), etc. These authors used an entropy Objective 815
weighted genetic algorithm (EWGA) as a feature selection technique Subjectie el

on (1) an English benchmark movie review database (e.g., Pang et. al.

[2002]) taken from the IMDb movie review archive and (2) a testbediracted the words and corresponding POSs in the treebank in various
of messages from two major extremist forums (one U.S. [in English}yays including the raw form of each word and its corresponding to-
and one Middle Eastern [in Arabic]). Their EWGA used the infor- xens. To reduce the number of features, we decided to practice some
mation gain (IG) heuristic to weight the various sentiment attributeSnyformed tuning by using only tokens, rather than words, with the
and these weights are then incorporated into the GAs initial popuposs in table 2 below with the three classifiers.

lation as well as crossover and mutation operators. Abbasi et al. [1]

found that stylistic features on their own were outperformed by syn- Table 2. POS for selected tokens.

tactic features, but when triangulated with syntactic features a higher
classification accuracy (about 5%) was achieved. A number of stylis-

Table 1. Number of instances per each category.

. - . . POS ta Meanin
tic features were found to be specifically helpful, including the total g — g
. . ADJ Adjective
number of characters, use of digits and emphasizing symbols, and ADV Adverb
vocabulary richness. Abbasi et al. [1], however, did not give much EMPHATIC_PARTICLE Emphatic particle
information about the pre-processing of the Arabic data. Given the NON_ALPHABETIC Non-alphabetic token
rich morphology of arabic, pre-processing is a crucial step that we mgﬂﬁﬁgg‘g NOS'Afab'C token
. . . . _| roper noun
believe should be explained in detail. NUM Number
VERB_IMPERFECT Imperfect verb
VERB_PASSIVE Passive verb
3 METHOD VERB_PERFECT Perfect verb

3.1 Dataset and annotation

We use the Penn Arabic Treebank [10] as our dataset. More _spe0|f- We had the intuition that tokens with these POSs would be the
ically, we extracted and annotated 1552 sentences from the first 200 " .

documents (i.e., more than one fourth [namely, 0.27%]) of Part 1 \}nostlmportant ones for our task, which tumed out to be true.

3.0 of the Penn Arabic Treebank. This version was released in 2004, .

and is encoded in Buckwalter transliteration [3]. This improved ver-3-3 ~ EXperiments

sion uses a level of annotation that is more accurately described ey extracting the 1552 sentences from the 200 documents from the
morphological analysis than as part-of-speech (POS) tagging. To aleenank, we created a vector for each sentence and used the standard
notate our dataset, we followed the following procedure: For eachen fo1d cross-validation to determine the overall accuracy of each of
sentence, each of the two annotators was required to provide a g c|assifiers. Since our dataset is relatively small, we also report
(i.e., either subjective or objective). We followed [18] in operational- raits in terms of five-fold cross validation. Below, we describe the

izing these categories. In other words, if it was felt that the primaryynree classifiers we have used along with our two vector settings of
goal of a sentence is the objective reporting of information, it WaStrequency and presence.

labeled as objective. Otherwise, a sentence would be tagged as sub-
jective. The two authors, who are both native speakers of Arabic
annotated the data. After extensive discussions and consideration bf
the literature on annotating data for subjectivity, each annotator indefhe SVM'9™ package [7] was used in all of the support vector ma-
pendently labeled 10% of the data (i.e., 156 sentences). We then mehine calculations with the default settings i.e., the linear kernel.
and compared the annotations of each of us. Inter-annotator agregince Nave Bayes and IB1 classifiers have also been previously used
ment was found to be 87.1% (with differences in 20 sentences). Affor text-classification, we decided to use it for comparison purposes.
ter discussing the differences, we reached 97.4% agreement (witjye used Wekas implementation with default parameters for these
inability to resolve 4 sentences). Once we reached this high level odvo last classifiers. Weka is a library of Machine Learning Algo-
agreement, we decided that each of us annotates the remaining 9Q%hms in Java [20].

(i.e. 1396 sentences) of the data independently. After each of us fin-
ished annotating the rest of the corpus, we calculated inter-annotat%r
agreement on that remaining part and it was found to be 91.6%. For’
all remaining cases of disagreement, the annotations of the first asince previous research on subjectivity and sentiment analysis has
thor, a (computational) linguist with prior background with similar proved that polarized adjectives are generally barriers of subjective

3.1 Classifiers

3.2 Building a lexicon of polarized adjectives

tasks, were adopted. content, we have extracted all adjectives from all the first four parts
Table 1 below provides the numbers of instances of each categof the Penn Arabic Treebank and manually selected those adjectives
labeled in our corpus: that we believed are either positive or negative. We have used two

features related to the absence or existence of items of this list of
polarized adjectives in each sentence vector, in order to give more
weight to these adjectives as to the decision of the classifier. In the
Since we wanted to identify which representation of a word andfuture, we plan to automatically expand our lexicon of polarized ad-

which words would boost the performance of a classifier, we exjectives.

3.2 Feature extraction



(i.e., news data) that is known to have less subjective content than ex-
tremist Web forums. Second, we use different classifiers and employ
To test which vector settings will work better for the task, we ran oury.q different settings (i.e., frequency vs. presence vectors). Third,
experiments with two different vector settings: frequency and presg ¢ work is at the sentence level, as opposed to their document-level
ence. A sentence vector is a frequency sentence vector if the valygassification. Fourth, we keep only tokens with certain POS, rather
of each coordinate is based on the frequency of a feature in the claggan extracting roots of words in the text using a dictionary-based
to which the sentence belongs. The more a feature appears in a Claéﬁ’proach. We believe that a dictionary-based approach is limited by
the larger its coordinate value will be in sentence vectors of that clasgye scope of the dictionary itself. One possible advantage of [1] over
A sentence vector is a presence sentence vector if the value of eagly, approach, however, is that they worked on a potentially relatively
coordinate is based on whether a feature is present in the sentenggisy domain (although it is not clear how noisy their data was). This
or not. Any feature that occurs at least once receives the same valygirasts with our usage of gold-standard data from the Penn Arabic
(i.e., value of 1). Treebank. However, our work is original in that it introduces what we
believe to be a crucial solution (as the very high accuracy we achieve
4 Results testifies) to the problem on modern standard Arabic (MSA). Given
the current existence of high-performance tokenizers and POS tag-
As mentioned earlier, we tested the performance of three differengers for MSA, we see no problem with using our approach with real
classifiers, each with two sentence vectors (i.e., frequency vs. presvorld MSA data. Finally, we achieve significantly better results.
ence vectors). Further, we ran experiments with 10- as well as 5-fold It was shown by [8] that being too aggressive in tuning leads to
cross validation. Table 3 below show the results, in terms of accuracypss of information and less accurate results. This is why we decided
of our various experiments: to adopt what we call informed tuning, which turned out to be use-
ful for Arabic. Our decision to adopt this approach was based on
our observation that the tokens we have kept to use as features are
those that are relevant for the current task. We believe that the sort
of informed tuning (i.e., using only tokens with certain POSs rather

3.3.3 \Vector settings

Table 3. Results.

T f vect # of fold T f classifi . .
ype of veclors orfolas SUM ypelglc ass| 'e,\;B than excluding a commonly-used standard stop list) we employ here
Frequency vectors Sfolds  9948% 93.71% 97.27% v_vould also generallze over other languages. In addition, wh|Ie_ we be-
T0folds — 99.35% 93.91% 97 24% lieve that this approach could boost the performance of classifiers on
Frequency vectors 5 folds 08.97% 81.59% 82.23% a language like English, we also would like to claim that it, theoret-
10folds 99.23% 81.89% 82.90% ically, should solve some text classification issues (e.g. subjectivity

classification) for morphologically rich languages. If this turns out
to be empirically true, the approach will boost the state-of-the-art in
As shown in table 3 above, our best result, 99.48% accuracy, wasubjectivity (and, generally, text) classification in these languages.
obtainedwith the SVM and frequency vectors, 5-fold cross valida- Many interesting future extensions to our work seem possible.
tion. A consideration of the results shows that the SVM classifierFirst, we plan to extend our work to automatic sentiment classifi-
performs better than the other two methods, given the current feazation on POS-tagged Arabic texts to identify whether or not our
ture setting. It has already been indicated by [8] that SVMs performapproach will achieve the same very high accuracy as the one re-
better on text classification and do not need parameter tuning. Whatorted here. Second, we plan to perform sentiment and subjectivity
feature settings other than those we have implemented could booslassification on Arabic real world data, using a tokenizer and a POS
the performance of the IB1 and NB classifiers on the task of subjectagger. Finally, we believe that the approach we describe here could
tivity classification and whether or not their performance could bebe straightforwardly applied on other MRLs (e.g., Hebrew) and do
comparable to those of SVM remain an open question. As table Bope that this claim will be tested.
shows, results acquired from 5-fold and 10-fold cross validation are
not strikingly different (i.e., the difference is always below 0.5%).
What turned out to be different for two of the classifiers are the vec-ACKNOWLEDGEMENTS
tor settings (i.e., frequency vs. presence V(_ectors). More_spegif?caII)(Ne would like to thank Kiduk Yang and the anonymous reviewers
whereas the type of vector setting used did not result in strlklngly]cor their helpful feedback.
different results with respect to the SVM classifier, frequency vec-
tors were found to very much benefit the IB1 and NB classifiers (with
improvement of 12.07% in the case of the IB1 classifier and 14.69%REFERENCES
for the NB classifier). Another interesting finding is that the classifier

performed significantly better than our overall human inter-annotator(!]
agreement. Although this would seem surprising, it may be an arti-
fact of the fuzziness of classifying the sentiment of texts for a humanpz

annotator.
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Evaluation and Extension of a Polarity Lexicon for
German

Simon Clematide and Manfred Klenner

Abstract. We have manually curated a polarity lexicon for Ger-
man, comprising word polarities and polarity strength values of about
8,000 words: nouns, verbs and adjectives. The decisions were pri-
marily carried out using the synsets from GermaNet, a WordNet-like
lexical database. In an evaluation on German novels, it turned out that
the stock of adjectives was too small. We carried out experiments to
automatically learn new subjective adjectives together with their po-
larity orientation and polarity strength. For this purpose, we applied
a corpus-based approach that works with pairs of coordinated adjec-
tives extracted from a large German newspaper corpus. In the context
of this work, we evaluated two subtasks in detail. First, how good are
we at reproducing the polarity classification — including our three-
level strength measure — contained in our initial lexicon by machine
learning methods. Second, because adding of training material did
not improve the results at the expected rate, we evaluated the human
inter-coder agreement on polarity classifications in an experiment.
The results show that judgements about the strength of polarity do
vary considerably between different persons. Given these problems
related to the design and automatic augmentation of polarity lexi-
cons, we have successfully experimented with a semi-automatically
approach where a list of reliable candidate words (here: adjectives)
is generated to ease the manual annotation process.

1 Introduction

A polarity lexicon of prior word or word sense polarities forms the
basis of (almost) any sentiment detection approach. In order to avoid
costly manual lexicon design, most approaches prefer to automat-
ically or semi-automatically derive such lexicons from small seed
lexicons with clear cut polarity by utilizing corpus-based cooccur-
rence effects [19, 13]. Or, they define conversion methods turning
semantic databases as WordNet into a polarity tagged resource [2].
The second approach has the advantage that polarity is attributed to
word senses (synsets), and not just lemmas (see [1] for the topic of
subjectivity word sense disambiguation). As [9] showed, using both
of this approaches, i.e. a lexical database as WordNet and the tex-
tual corpus contained in its glosses, improves the results. Yet, a third,
translation-based approach is viable as in [20] where English sen-
timent resources are transferred into German by low-cost bilingual
dictionary online services.

The work of [22] has shown that a carefully designed polarity
lexicon of about 8,000 entries can lead to well performing senti-
ment analysis systems. We use the subjectivity lexicon of [22] as
part of our multilingual (English, French, German) polarity detec-
tion system PolAr?? [16]. For the German version, we have anno-

1 University of Zurich, Switzerland, email: {klenner,siclemat} @cl.uzh.ch
2 See http://kitt.cl.uzh.ch/kitt/polart for a demonstration
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tated synsets from GermaNet, a WordNet-like lexical database, with
prior polarities (positive, negative) and polarity strength (three val-
ues: low, medium, high).3 For instance, “Zirtlichkeit” (tenderness)
is highly positive, while “Zaghaftigkeit” (timidity) is — with a low in-
tensity — negative. We are aware of the problems with prior polarities,
c.f. [10], i.e. that they might get contextually overridden (neutralized
or even inverted, e.g. in ironical usages). Nevertheless they are useful
and indispensable as a basis to more sophisticated sentiment process-
ing. Especially in systems that carry out sentiment composition [16],
where two polar words are combined to form a phrase-level (and
eventually a sentence-level) polarity. So, *disappointed ™ hope™ is
negative as well as "a perfect misery™ . We deliberately did not tag
’perfect’ here with a polarity since it acts as an intensifier (with a
strength value) rather than a positive adjective. As such it does not
invert the polarity of the noun, but it pushes the negative strength
value of it even higher.

In our evaluation of the German lexicon on the basis of literary
texts we found that especially the stock of polarity tagged adjec-
tives was far too low [15]. There are quite a number of misclassified
phrase-level polarities due to missing adjectives in the lexicon. The
crucial importance of this word class for sentiment detection per-
formance is also described in [5]. In order to overcome these gaps,
we carried out experiments to automatically induce a larger lexicon
starting from our stock of adjective seed entries. The design of our
experiments and the empirical evaluation of our new lexical resource
are the main topics of our paper.

The rest of this paper is organized as follows: In Section 2 we
explain our method for polarity orientation classification using cooc-
currence data from coordinated adjectives and report the results. In
Section 3 we describe our experiment on human polarity classifi-
cation and discuss some of the implications regarding inter-coder
agreement and the reliability of fine-grained strength classification.
In Section 4 we present and discuss the adjective acquisition method
which proved to be useful for semi-automatic extension of our lexi-
con.

2 Orientation classification experiments

In this section, we describe the different steps to assess and evalu-
ate polarity orientation assignments using coordinated adjectives ex-
tracted from large text corpora.

Our initial seed lexicon consists of 2899 adjectives with polarity

of the PolArt system and for access to our freely available resources.

3 The lack of freely available German sentiment resources has also been
remedied by [20]. This lexicon (called GermanPolarityClues) provides in
total 3,220 negative and 5,848 negative word readings (so-called features)
distributed over verbs, nouns, adjectives, and adverbs.



classification®. The polarity classes are not equally distributed as Ta-
ble 1 shows. Entries with low polarity strength are rare. There are
more negative items (55.4%) than positive ones (44.6%). More than a
quarter of the adjectives are highly negative. For the classification ex-
periments we sampled 2850 entries (henceforth evaluation corpus).

Table 1. Distribution of the polarity strength classes in our lexicon
including a random example for each class. & is high strength, m is medium
strength, / is low strength.

%  Freq Pol Examples
27.1 785 -h sadistisch (sadistic)
19.5 566 -m ablehnend (refusing)
19.5 565 +h fachkundig (expert)
184 533 +m kiihn (bold)

8.8 255 -1 stiefmiitterlich (stepmotherly)
6.7 195 +l wuchtig (bulky)

2.1 Extraction of coordinated adjective pairs

For each lemma of our lexicon, we use the word form generation
service of “Wortschatz Leipzig”5 (henceforth WS) [17] to create in-
flected word forms. This service returns only word forms represented
in the corpus. For adjectives derived from past or present participles,
the verb forms are delivered as well. For instance, for a German ad-
jective like “missraten” (wayward) we get “missrit, missriet, mis-
sratener, missrieten, missratene, missratenes” (true adjectives in
bold). For our evaluation corpus, a set of 23,761 word forms arises.
For each word form, we request a set of sample sentences from WS.
However, the service delivers at most 256 of them for one word form.
In total, we got 2,039,175 sentences for all word forms.

Each sample sentence is tagged and syntactically analyzed by the

chunker “Chunkie” [18], which processes extremely fast, yet some-
times with imprecise results. After that, we extract all pairs of adja-
cent heads® of coordinated adjective phrases. For example, the sen-
tence “Es ist ein veritables Labyrinth mit idyllischen, romantischen
und gruseligen Zutaten” (It is a veritable maze of idyllic, roman-
tic, and scary ingredients) gets the following analysis represented
in Penn-Treebank format’:
(PPER Es) (VAFIN ist) (NP (ART ein) (ADJA veritables) (NN
Labyrinth)) (PP (APPR mit) (CAP (ADJA idyllischen) ($, ,) (ADJA
romantischen) (KON und) (ADJA gruseligen)) (NN Zutaten))
¢S.)

From the tripartite coordination structure contained therein
(marked in bold face), we extract the following two pairs :

1. “idyllisch/romantisch” (idyllic/romantic)

4 Our lexical sentiment resource contains additionally words which functions
as polarity shifters or intensifier as mentioned above. Additionally we have
a list of all adjectives considered as neutral when the seed lexicon was pre-
pared from GermaNet data.

See http://wortschatz.uni-leipzig.de and the documenta-
tion on the available SOAP services. We performed the lookup using the
handy command line tool wsws.pl. It is part of the Perl package Lin-
gua::DE::Wortschatz implemented by Daniel Schroer.

Conjunctions are the only word class we allow between adjective heads.
This restriction helps to remove noise in our data which otherwise would
occur because of faulty chunking analyses. A detailed quantitative evalu-
ation on the recognition quality of Chunkie for coordinated adjectives has
been done in [6].

The German version of Chunkie assigns part-of-speech tags and phrase
tags from NEGRA corpus: http://www.coli.uni-saarland.
de/projects/sfb378/negra-corpus/negra-corpus.html
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2. “gruselig/romantisch” (scary/romantic)

To achieve a canonical pair representation we always order the lem-
mas in alphabetical order. For reasons of precision, we dispense with
transitive pairs as “gruselig/idyllisch”. The heads are lemmatized by
the morphological analyzer GERTWOL [12].

Table 2 shows the mean numbers of sentences and adjective pairs
(tokens and types) computed on increasing partitions of our evalua-
tion lexicon with the same binning sizes as used for the classification
experiments in Section 2.3. Since the same sentence may contain
more than one adjective, the average number of sentences per adjec-
tive lemma drops as the number of adjectives grows. For the whole
evaluation lexicon, we find 29.2 pair types on average for every ad-
jective (type-token ratio: 0.69). Only 12.3 of them combine 2 en-
tries from our polarity lexicon. But note that this value grows linearly
with the size of the lexicon starting from 2.4, although the number of
pairs containing one polarity item doesn’t change. About 77% of the
pair types show identical binary polarity orientation, which already
demonstrates a strong cooccurrence bias. In contrast, by taking the
more fine-grained polarity strength distinction, only 36% of the pairs
show identical polarity.

Table 2. Frequency rates of different sentences and coordinated pairs
computed per seed adjective from our evaluation lexicon. The number of
adjectives reported in each column Sn is 2.850 x n/5. The same binning
size is used in the polarity classification experiment. Legend for columns:
Small letters a report counts on occurrences, uppercase letters A report type
counts. All pairs xy and yx are treated as one alphabetically ordered type.
Sent is the number of different sentences containing at least one adjective
from the lexicon; aa or AA is the mean number of coordinated adjective
pairs; @a or AA is the mean number of coordinated pairs containing at least
one seed adjective; aa or AA is the mean of coordinated pairs consisting of
two seed adjectives; +aa or + A A is the mean of coordinated pairs where
both adjectives have equal polarity direction (only + or —); +3da or igﬁﬁ
is the mean of coordinated pairs where both adjectives have equal polarity
values +{h, m,l};

S1 S2 S3 S4 S5
Lemmas 570 1140 1710 2280 2850
Sent  852.8 796.6 753.6 736.8 7155

aa 660 627 581 548 519
@@ 400 429 428 428 422

aa 3.9 8.1 117 162 202
1dd 2.7 6.2 92 127 159
+3da 1.3 3.0 45 6.2 7.6
AA 503 456 414 382 356
AA 294 306 303 298 292
AA 2.4 4.9 7.4 9.8 12.3
LAA 1.8 3.7 5.7 75 95
1344 0.8 1.7 26 3.4 4.4

2.2 Coordination hypothesis

Our orientation classification approach relies on the idea from [13]
that “conjunctions between adjectives provide indirect information
about orientation”. [13] proved for English that coordinated adjec-
tives show same orientation to a degree which is way beyond chance.

In our case, we count 35,156 occurrences of adjective pairs (AA,
c.f. Table 2) using the whole seed lexicon. The distribution of neg-
ative and positive lemmas in these pairs is as follows: + (54%), —
(46%). Although adjectives with negative orientation are more fre-
quent in our lexicon as shown in Table 1, we find more or less inverse
proportions in the extracted corpus data.



Table 3 shows the expected relative frequencies assuming equally
distributed positive and negative adjectives and the corresponding
empirical values. The chi-square goodness-of-fit test reveals an ex-
treme low probability for an equal distribution of same- and different-
orientation adjectives in coordinated pairs (X-squared = 10326.55, df
= 2, p-value < 2.2e-16). This again supports the hypothesis that co-
ordinated adjectives tend to share their polarity orientation.

Table 3. Distributions of orientation pairs of coordinated adjectives. The
column labelled 4/ — comprises all pairs with a positive and a negative
item.

Pair orientations +/+  +/- /-

Expected relative frequency 0.30 050 0.20
Empirical relative frequency 043 023 0.34

A closer look at our data reveals which of the pairs (expressed in
terms of their polarity strength values) significantly exceed the ex-
pected value (winners) and which ones are below it (losers). Table 4
shows the winners of the same orientation bias predicted by the co-
ordination hypothesis. High strength — especially negative direction,
but also in the case of positive direction — boosts the same orienta-
tion bias most. Combinations with lower strength get quite a small
benefit.

Table 4. Winners of the same orientation bias ordered by difference

Pair  Expected  Empirical  Difference
-h-h 5.2 11.1 +5.9
+h+m 11.5 16.6 +5.1
+h+h 6.9 11.0 +4.1
-h-m 7.3 10.3 +3.0
+m+m 4.8 7.1 +2.3
-m-m 2.5 4.6 +2.1
-m-1 2.1 3.5 +1.4
+m+l 2.9 3.8 +1.0
+h+1 3.4 4.1 +0.7
-h-1 3.0 3.7 +0.7
-1-1 0.4 0.7 +0.3
+1+] 0.4 0.7 +0.3

Table 5 shows the losers of the same orientation bias. As can be
seen quickly from this table, the bigger the orientation difference, the
bigger the empirical loss. The picture drawn by the descriptive statis-
tics already exhibits the fact that the coordination hypothesis works
best for high and medium orientation strengths. Throughout, low ori-
entation strength means low bias, and in the case of +1/-1 almost no
bias. Therefore, we can draw the conclusion that the same orientation
bias correlates positively with the orientation strength.

2.3 Automatic orientation classification

In the next section, we discuss and evaluate methods to classify au-
tomatically the direction and the strength of non-neutral adjectives.

2.3.1 Binary classification

Our coordinated pair data (i.e. pairs of type aa) that was gained
through natural language processing as described in Section 2.1 can
be exploited for automatic orientation classification. For the task of
learning the positive or negative orientation of a subjective adjective
x we used the following baseline decision procedure:

Table 5. Losers of the same orientation bias ordered by difference

Pair Expected  Empirical  Difference
+h-h 12.1 4.4 217
+m-h 10.0 3.7 -6.3
+h-m 8.3 3.6 -4.7
+m-m 6.9 3.6 -3.3
+h-1 34 1.8 -1.6
+l-h 3.0 1.5 -1.5
+m-1 29 1.8 -1.1
+l-m 2.1 1.4 -0.6
+1-1 0.9 0.8 -0.1

1. Count all occurrences of all known subjective adjectives which
appear combined with x in a coordinated pair.

2. Set the orientation of x to the orientation of adjective z which co-

occurs most often with x.

If there is no coordination pair in our data for a given adjective no
decision is made. This is the case for 249 adjectives of our seed lexi-
con.

Table 6 gives the results of our baseline algorithm computed
with ten-fold cross-validation. Because performing cross-validation
is data-intensive we decided to compute the learning curves for bin-
ning sizes of 570 lemmas. The standard deviation numbers in Ta-
ble 6 reveal that the variability of the results is considerably high.
As evaluation measures we use precision (P), recall (R), and their
harmonic mean, Fl1-measure (F). Recall grows quickly with larger
training sets. The difference of 4% respectively 2% in recall between
data set S4 and S5 suggests that more data would increase recall even
more. To a less degree, this is also true for precision. There is a cer-
tain tendency towards positive orientation classification that reflects
the general prevalence of positive items in our pair data.

Table 6. Learning rates and performance of our baseline algorithm for
orientation classification. Column E specifies the evaluation measures: P is
precision, R is recall, F is F1-measure. The corpus size reported in each
column Sn is 2.850 x n/5. We performed a ten-fold cross-validation using
1/10 of the corpus as test material. Standard deviation is noted as a subscript;
these values show that the results vary quite strongly for the smaller training

sets.
Pol E SI S2 S3 S4 S5
Lem 570 1140 1710 2280 2850
+ P 75:(:11 81i5 84j:3 83:&3 84:&4
+ R 63111 T2+6  T4+3 7745 8144
+ F 67417 7644 7943 8044 8243
- P 8249 87+5 90+5 9144 9343
- R 4245 6346 7245 7445 7643
- F 5544 7345 8045 8144 8349

To improve beyond the baseline we experimented with methods
assessing the orientation of an adjective by measuring the similarity
between the set of lemmas it is coordinated with. Although a similar
approach based on point-wise mutual information was used in [3]
we could not beat the baseline algorithm in general. That means,
although for smaller training sizes better results were possible, the
same was not true for larger training sizes.

Therefore we tried a new approach based on conditional maximum
entropy models [4], which allow easy integration of diverse and par-
tially dependent features. The maximum entropy classifier MegaM
[8] was used for our experiments. The best results for the orientation



classification task used the following feature extraction procedure:

1. For each subjective adjective, compute the set of all other sub-
jective adjectives that co-occur in an extracted coordination pair
(so-called coordination fellows).

2. For each positive adjective each positive coordination fellow acts
as a feature. In the same way for each negative adjective each neg-
ative coordination fellow acts as a feature.

3. To account for pure frequency effects which proved to be power-
ful in the baseline algorithm, several features based on raw counts
were defined: For example, whether at least 60, 70, or 80 percent
of all occurrences of coordination fellows of an adjective are pos-
itive or negative. Similar features were created for the positive or
negative types of coordination fellows.

The resulting maximum entropy model computes the optimal
weight for each feature on our training data. With regard to the co-
ordination fellows of an adjective, we estimate the same-orientation
impetus of a subjective word in coordinated contexts. With regard to
the frequency features, we estimate their general importance for the
classification.

Table 7 shows the results for the maximum entropy method com-
puted with ten-fold cross-validation using the same metrics as in Ta-
ble 6. Overall performance expressed by F-measure improves by al-
most 3%. The differences between the precision/recall values of neg-
ative and positive adjectives which were very strong for the baseline
algorithm calibrate much better with the machine learning method.
The variability of the results expressed by the standard deviation,
however, is still high.

Table 7. Learning rates and performance of our maximum entropy method
for polarity orientation classification.

Pol E SI S2 S3 S4 S5
Lem 570 1140 1710 2280 2850
+ P 7749 84415 8744 8713 87+4
+ R 61:(:10 71:t6 75:|:3 78;&4 SOi4
+ F 6846 T7+5 8143 8243 844190
- P 78+10 8416 8944 90+4 9044
- R 5li¢ 6916 7844 8043 8242
- F 6145 7645 8344 85413 86412

2.3.2 Polarity strength classification

We applied the same approaches for polarity orientation classifica-
tion to the more difficult problem of polarity strength classification.
Table 8 contains the results for our baseline algorithm. High stan-
dard deviation values indicate that we run into severe sparse data
problems with this fine-grained classification. However, as Table 5
showed, there is considerably less same-orientation bias for low and
medium strength orientation. Therefore, we expect our method to
perform rather poorly for these classes anyway. Table 8 shows that
additional training material does not improve the F-measure perfor-
mance for all classes. The confusion matrix revealed that most of
the errors originate from different strength classification (within the
correct polarity orientation).

Using our maximum entropy model for polarity strength classifi-
cation we were unable to beat the baseline algorithm this time. As-
suming that our method is more or less sound this begs the question
whether manual classification in our seed lexicon contains too much
noise, i.e. whether these fine-grained classifications are enough con-
sistent and reliable. The learning curves we receive for our seed lex-

Table 8. Learning rates and performance of our baseline method for
polarity strength classification. See Table 6 for the legend.

Pol E SI1 S2 S3 S4 S5
Lem 570 1140 1710 2280 2850
+h P 48i24 47i14 45i10 46;&4 49:t6
+h R 25413 3547 4549 5646 5644
+h F 32i16 39i8 45i8 50i4 52i4
+m P 27112 35410 33111 384s 38412
+m R 2145 2848 2148 2244 2547
+m F 23i8 30i8 25i9 27i5 3Oi8
+ P 0+o0 33441 38129 19125 26420
+# R (VEE)) T+8 815 416 Sta
+ F 0+o0 12413 1343 6110 916
-1 P 10432 O+o 35441 30120 15+t16
-1 R 216 0+o St5 513 313
-1 F 3411 0+o 817 814 St4
-m P 36433 49414 47 47 49 ¢4 4819
-m R 11411 22438 2647 2544 2544
-m F 17416 30+10 3346 3344 3345
-h P 62491 6147 62416 6349 6347
-h R 2547 42411 48410 5348 5844
-h F 35+10 50+10 5446 57+7 6044

icon suggest that the distinction between middle and low orientation
is not worthwhile. We will turn back to this question in Section 3.

3 Inter-coder agreement and reliability experiment

The work of [9] emphasizes the fact that sentiment detection contains
two subtasks. First, we have to assess whether a term is subjective or
objective (neutral). Second, if a term is subjective we have to de-
cide whether it is positive or negative. And additionally, if polarity
strength is an issue as in our setting we have to classify them accord-
ingly.

For our user experiment we dropped the difference between
medium and low strength which was present in our evaluation cor-
pus. Partly because of the result of our classification learning exper-
iments, partly because we could not expect to make this distinction
obvious for our untrained test persons.

To assess the consistency of this three-level decision in our ex-
tended lexicon we conducted a user classification experiment. 20 test
persons reclassified 60 adjectives randomly selected from our lexi-
con (including known neutral ones). The lemmas of the adjectives
were presented in isolation without any textual context. For half of
the lemmas, we presented a list of at most 10 coordination fellows.®?
The test persons had to decide between the following classes:

e Neutral: Objective adjectives

e Strongly positive: Adjectives with strong or purely positive con-
notations

e Medium positive: Adjectives with weaker or mixed positive con-
notations

e Strongly negative: Adjectives with strong or purely negative con-
notations

e Medium negative: Adjectives with weaker or mixed negative con-
notations

e Undecidable: Adjectives for which the test person could not make
a decision

Each decision’ had to be taken in a time frame of at most 12 seconds.
When the classification of an adjective had been dealt with, the par-

8 The reason for doing so were research questions not treated in this paper.

9 Other experimental settings are feasible. For example a two-stage procedure
where in a first step a decision has to be made between subjective, neutral or
undecidable. And then for the subjective cases only, a second classification
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ticipants could wait as long as they wanted before the next item was
presented. This means, all test person had the same amount of time
to classify an adjective but there was no time pressure in the whole
experiment because of the breaks.
Table 10. Agreement between test persons, our lexicon, and the majority

decision. Acc is accuracy (percentage of correct classifications), which is the

Table 9. Distributions of polarity orientation classifications of all test -
same as micro-average F-Measure.

persons. The category undecidable and timeouts both appear labelled with

N/A. Agreement with lexicon Agreement with majority

Orientation + — neut N/A Person  Kappa Acc | Person  Kappa Acc
Relative frequencies (test persons) | 043  0.26 0.21  0.10 5 0.67  80.00 4 0.82  88.33
Relative frequencies (lexicon) 0.53 037 0.10 10 0.67  80.00 3 0.79  86.67

9 0.66  78.33 5 0.79  86.67

14 0.63  76.67 14 0.74 83.33

3 0.62  76.67 9 072 81.67

Table 9 contains the relative frequencies for the polarity classifica- 13 062 76.67 11 071 81.67
tion task. Although we sampled randomly, there is quite a large bias 11 0.60  75.00 13 0.69  80.00
19 0.60  75.00 19 0.69  80.00

towards positive polarity. It is striking that our test persons classified

L . 4 0.59  75.00 1 0.64  75.00
a lot more adject_lves as neutral tban.ogr c.reators of .the le?x1con. One - 052 6833 12 064 7667
reason for the bias towards subjectivity in our lexicon is the com- 1 048  65.00 10 063  76.67
prehensible tendency to boost recall for a prior sentiment lexicons. 6 045 6333 2 0.52  66.67
Another reason may be given by the fact that the primary source for 8 045 63.33 15 052 66.67
: : : 17 045 63.33 6 049  65.00

the classifications were GermaNet synsets, and therefore the adjec-

. . . 2 0.44  60.00 8 049  65.00
tives appeared in groups of related word senses to the lexicographer. 15 040  60.00 16 049 6333
Thus, word senses with polarity orientation were in focus, and neu- 20 0.40  60.00 20 0.49  65.00
tral senses were pushed into the background. 16 039 56.67 18 048  66.67

18 0.39 61.67 7 047 61.67
7 0.35 51.67 17 043  61.67

3.1 Polarity orientation voting
3.1.1 Inter-rater agreement on polarity orientation

The individual decisions of our test persons differ in several ways. In
order to build a common sense classification, we select the decision
which is in the majority (henceforth called majority decision). Ties
are resolved towards the most frequent category in the data set.
Using Cohen’s Kappa [7] we can assess the inter-rater agreement
as well as the agreement between our lexicon and the majority deci-
sion. Mean Kappa between all test persons is 0.61 10 This is a rather Table 11.  Evaluation of the ten best human raters with respect to our
strong agreement and comparable to [14]. Mean Kappa between our lexicon. P is precision, R is recall, F' is F1-measure. Standard deviation for
lexicon and all test persons is only 0.52. Whereas mean Kappa be- mean values are noted as subscripts.
tween our lexicon and the majority decision is 0.72. The last value is Person _Pol P R F

. . . L. .. 3+ 90.00 84.38 87.10
interesting and shows that to a certain degree the majority decision 3 93.75 68.18 78.95
of weak classifiers (untrained test persons) converges on our more 4+ 87.10 84.38 85.71
expert classification present in the lexicon. 4 - 86.67 59.09 70.27

Table 10 presents accuracy and Cohen’s Kappa of the test persons 5+ 90'22 87'20 83'89
with respect to our lexicon and to the majority decision ordered by g :r 232; ;;1; 2323
the Kappa values. These numbers allow us to calibrate human raters 9 _ 100.00 7727 87.18
either on the majority opinion or on our lexicon. 10 + 89.66 81.25 85.25

In Table 11 we give the precision, recall, and F-measure on pos- 10 - 100.00 81.82 90.00
itive and negati}/e orientation for our ten best humgn raters witf} re- H t ggég ;g% 288(3)
spect to our lexicon. These numbers allow a more direct comparison 2+ 9231 75.00 8276
to the automatic classification results in Table 7. Taking the mean of 12 - 92.31 54.55 68.57
F-measure the human raters perform slightly better for positive ori- 13+ 86.67 81.25 83.87
entation detection than our conditional entropy model. For negative ﬁ ; g;‘ éé g;g gégg
polarity detection, the automatic methods shows better results. Note 1 — 100.00 773 8421
however that the human task included neutral orientation detection, 19 + 96.30 81.25 88.14
and is harder therefore. 19 - 83.33 68.18 75.00

How can we quantify reliability of a majority decision? [21] use Mean  + 90413 81314 8554

929416 70548 79947

a metric scale from -1 to 1 for polarity strength which makes stan-
dard deviation a measure of variability. Since our classification is

concerning the strength level is needed. With this setting one can pinpoint
more exactly which part of the decision is harder, i.e. takes more time.
10 Regarding the categories positive, negative, neutral, and N/A.
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categorial another measure must be used. Therefore, we compute the
relative entropy H,.; for our majority decisions as follows:

NgE

(pi x log(p:))

=
H’rel - log(n) (1)

H,e; = 1 means equally distributed classification, H,.; = 0 means
uniform classification.

Table 12 shows for each polarity orientation all adjectives ordered
from the highest to the lowest relative entropy. Low entropy corre-
lates with high reliability, high entropy pinpoints towards more diffi-
cult cases. For instance, the German adjective “kritisch” (critical) ex-
hibits the highest entropy value.'" Applying subjectivity word sense
disambiguation as done by [1] seems promising for such cases.

Our lexicon and the majority decision differ for 10 cases. 3 posi-
tive adjectives and 3 negative adjectives from our lexicon were rated
as neutral by the majority. Most of them show polarity orientation
ambiguity. The only adjective where our lexicon and the majority
voting propose opposite orientation is “sorgenlos” (carefree), which
our lexicon wrongly treats the same as “sorglos” (carefree, care-
less). The old-fashioned and rare word “auskémmlich” (sufficient)
was classified as undecidable by the majority voting because many
test persons reached the time out of 12 seconds.

3.1.2 Inter-coder agreement on polarity strength

The task of polarity strength classification is harder than polarity ori-
entation classification. Therefore, a drop on inter-coder agreement
is expected. Mean Kappa between our lexicon and all test persons
is only 0.31, this is still a fair agreement. Mean Kappa between our
lexicon and the majority decision reaches 0.47, this is a moderate
agreement.

4 Lexicon extension

In this section we turn back to the question which is a feasible way
to extend an existing lexicon. The set of coordinated adjective pairs
contains a lot of adjectives that are not part of the seed lexicon.
Among them there are many adjective compounds and deverbal ad-
jectives which are often missing in GermaNet.

As fine-grained polarity strength classification is not reliable
enough for our purposes, we decided to automatically prepare ad-
jective candidates for human classification. Two criteria are crucial
for this purpose: First, the candidates should be frequent. Second,
false positives should be avoided to minimize human work.

In the first place, we tried an algorithm which favoured frequent
and unknown candidates that share the most coordination fellows
with a known adjectives. This proved to give unsatisfactory results
as well as quite long computation times.

Therefore we tried a simpler algorithm that performed a lot better:

1. Select all unknown adjective lemmas beyond a certain frequency
threshold.

2. Request sample sentences for all word forms of these adjectives
and extract all coordinated adjective pairs as it was done for the
seed lexicon.

3. Sort these adjectives along the criterion which prefers adjectives
with the highest proportion of subjective coordinations fellows.

11 Our lexicon classifies this word with a medium negative strength whereas
the majority votes for neutral.

Table 12. Sample adjectives ordered by polarity and the number of votes.
Freq is the number of votes for the majority decision. If the majority
decision and the original PolArt (PA) classification differ it is reported in
brackets. We tried to translate our German adjectives into English words

with a similar semantic spectrum.

Adjective Pol (PA) Freq H, e
ehrlich (honest) + 20 0.00
herzhaft (hearty) + 20 0.00
praechtig (magnificent) + 20 0.00
blitzschnell (lightning) + 19 0.14
elegant (elegant) + 19 0.14
flink (agile) + 19 0.14
hoeherwertig (higher quality) + 19 0.14
gedankenreich (rich in ideas) + 18 0.23
wirksam (effective) + 18 0.23
niveauvoll (sophisticated) + 18 0.28
solidarisch (showing solidarity) + 18 0.28
verzaubernd (bewitching) + 18 0.28
gradlinig (straight) + 17 0.30
sorgenlos (carefree) +(-) 17 0.30
nambhaft (substancial) + 16 0.44
schluessig (conclusive) + 16 0.44
energisch (energetic) +(-) 16 0.46
spektakulaer (spectacular) + 16 0.51
aufopfernd (devoted) + 15 0.53
eintraechtig (peaceful) + 15 0.58
vertraeglich (compliant) + 15 0.60
leistungsfoerdernd (efficiency increasing) — + 14 0.59
folgerichtig (consequential) + 13 0.47
konzis (concise) + 13 0.62
anruehrend (touching) + 12 0.49
genehmigt (approved) + 12 0.49
schuldlos (innocent) + 11 0.81
meistgespielt (most often played) + 10 0.62
bereit (willing, ready) + 10 0.68
atmosphaerisch (atmospheric) + 10 0.79
antriebsarm (lacking in drive) - 20 0.00
unausstehlich (insufferable) - 20 0.00
widerrechtlich (illegal) - 20 0.00
leichtfertig (frivolous) - 19 0.14
populistisch (populist) - 19 0.14
unoekologisch (anti-ecological) - 19 0.14
desorientiert (disoriented) - 18 0.23
veraltet (outdated) - 18 0.23
unedel (ignoble) - 17 0.37
unsolid (unreliable) - 17 0.37
unnoetig (unnecessary) - 15 0.50
unchristlich (unchristian) - 14 0.59
uneinheitlich (uneven) - 14 0.59
unangepasst (unadapted) - 13 0.74
melodramatisch (melodramatic) - 12 0.77
sprachbehindert (speech impaired) - 11 0.70
betaeubt (stunned, dazed) - 10 0.74
monarchisch (monarchic) ()] 9 0.68
zeichnerisch (graphic) 0 17 0.42
surreal (surreal) 0 14 0.66
schicksalhaft (fateful) 0(-) 11 0.61
taubstumm (deaf-mute) 0() 11 0.67
riesenhaft (gigantic) 0 11 0.81
dezentral (decentralized) 0 11 0.84
angenommen (assumed) 0 10 0.72
laeuferisch (running) 0(+) 10 0.82
nichtbehindert (non-handicapped) 0(+) 10 0.87
saturiert (satisfied) 0(+) 8 0.94
kritisch (critical) 0(-) 7 0.96
auskoemmlich (sufficient) na (+) 8 0.78
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4. Select the topmost adjectives for human classification.

So far we extended our lexicon iteratively in two rounds: The first
round produced a list of 668 candidates of which only 43 were rated
as fully neutral. The second round produced a list of 250 candidates
of which 30 were rated as neutral. Further acquisition rounds seem
feasible. The same method may be used to perform domain adapta-
tion by adding sublanguage specific vocabulary from corresponding
text corpora. Automatic extension of a prior polarity lexicon seems
practical to us as long as only binary orientation classification is
needed.

5 Conclusions

We presented a detailled evaluation on supervised learning of po-
larity orientations of German adjectives. As already shown by [13]
for English, same-orientation of coordinated adjectives allow reliable
classifications of binary polarity. We have shown that this also holds
for German. However, fine-grained strength differentiations are a lot
more difficult to learn. Starting from a set of adjective seed entries
we enhanced a polarity lexicon exploiting coordinating adjectives.
For the task of binary sentiment orientation detection automatic clas-
sification of polarity orientation is viable.

It has been shown that human raters also differ largely regarding
polarity strength classification. This empirical finding points out the
principled problems related to the automatic acquisition of strength
values.

Another fundamental problem of prior polarity lexicons which
needs a principled solution are word senses with different polar-
ity orientation. We believe that a contextualization of polarity as-
signments is necessary. For instance, the German adjective “sorg-
los” means carefree in a positive sense or thoughtless in a negative
sense depending on the noun it modifies. Quite often lower orienta-
tion strength is used to express word sense ambiguity in cases where
neutral and subjective readings are common.

Another problem is the unavailability of huge German text cor-
pora, or an easy and programmable way to access them. Missing or
false classifications are often due to sparse data problems.

There are several ways to improve our results. The use of a better
chunker would optimize the quantity and quality of our extracted
pairs. In particular, we could analyze adversative coordinations in a
similar vein as [13], or we could relax our adjacency criterion for
pair extraction. Furthermore, other promising approaches for term
orientation classification have been suggested and tested, and some
of them (cf. [11]) have substantially lower requirements in terms of
textual data and linguistic knowledge.
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Subjectivity Detection using Genetic Algorithm

Amitava Das' and Sivaji Bandyopadhyay?

Abstract. An opinion classification system on the notion of opin-
ion subjectivity has been reported. The subjectivity classification sys-
tem uses Genetic-Based Machine Learning (GBML) technique that
considers subjectivity as a semantic problem using syntactic sim-
ple string co-occurrence rules that involves grammatical construction
and linguistic features. Application of machine learning algorithms
in NLP generally experiments with combination of various syntactic
and semantic linguistic features to identify the most effective feature
set. This is viewed as a multi-objective or multi-criteria optimiza-
tion search problem. The experiments in the present task start with
a large set of possible extractable syntactic, semantic and discourse
level feature set. The fitness function calculates the accuracy of the
subjectivity classifier based on the feature set identified by natural
selection through the process of crossover and mutation after each
generation. The proposed technique is tested for English and Bengali
and for the news, movie review and blog domains. The system evalu-
ation results show precision of 90.22%, and 93.00% respectively for
English NEWS and Movie Review corpus and 87.65% and 90.6%
for Bengali NEWS and Blog corpus.

1 Introduction

As a growing number of people use the Web as a medium for express-
ing their opinions, the Web is becoming a rich source of various opin-
ions in the form of product reviews, travel advice, social issue discus-
sions, consumer complaints, movie review, stock market predictions,
real estate market predictions, etc. Present computational systems
need to extend the power of understanding the sentiment/opinion ex-
pressed in an electronic text. The topic-document model of infor-
mation retrieval has been studied for a long time and several sys-
tems are available publicly since last decade. On the contrary Opin-
ion Mining/Sentiment Analysis is still an unsolved research prob-
lem. Although a few system like Bing® , Twitter Sentiment Analysis*
Tool are available in World Wide Web since last few years still more
research efforts are needed to match the user satisfaction level and
social need.

The General Inquirer System by[1] IBM in the year of 1966 was
probably the first milestone to identify textual sentiment. They called
it a content analysis research problem in the behavioral science. The
aim was to gain understanding of the psychological forces and per-
ceived demands of the situation that were in effect when the doc-
ument was written and counting positive or negative emotion in-

1 A. Das .Department of Computer Science and Engineer-
ing, Jadavpur University. Kolkata 700032, West Bengal, India.
email: amitava.santu@gmail.com

2 S. Bandyopadhyay.Department of Computer Science and Engi-
neering, Jadavpur University. Kolkata 700032, West Bengal, India.
email: sivaji_cse_ju@yahoo.com

3 http://www.bing.com/

4 http://twittersentiment.appspot.com/

stances. Later on an opinion was defined as a private state that is
not open to objective observation or verification [2]. During 1970-
1995 various research activities ([3], [4]) proves the necessity of an
automated system that can identify sentiment in electronic text.

In the year of 1999 Jaynce Wiebe [5] defined the term Subjectiv-
ity in Information Retrieval perspective. Sentences are categorized
in two genres as Subjective and Objective. Objective Sentences are
used to objectively present factual information and subjective sen-
tences are used to present opinions and evaluations.

Researchers have experimented with several methods to solve the
problem of subjectivity detection using SentiWordNet, Subjectivity
Word List etc. as prior knowledge database. But Subjectivity De-
tection is a domain dependent and context dependent problem [6].
Hence building a prior knowledgebase for Subjectivity Detection
will never end up with an adequate list. Moreover Sentiment/opinion
changes its polarity orientation during time. For example, during 90’s
mobile phone users generally report in various online reviews about
their color phones but in recent time color phone is not just enough.
People are excited about their touch screen or various software instal-
lation facilities. Hence Subjectivity detection needs a most sophis-
ticated algorithm to capture and effectively use the sentiment prag-
matic knowledge. The algorithm should be customizable for any new
domain and language.

Previous works in subjectivity identification have helped develop-
ing a large collection of subjectivity clues. These clues include words
and phrases collected from manually developed annotated resources.

The clues from manually developed resources include entries from
adjectives manually annotated for polarity [7], and subjectivity clues
listed in [8]. Clues learned from annotated data include distribu-
tionally similar adjectives and verbs [9] and n-grams [10]. Low-
frequency words are also used as clues. Such words are informative
for subjectivity recognition.

The subjectivity detection task in Bengali has started only recently.
Several syntactic and semantic feature ensembles with a rule base
topic-base model is reported in [11], [12].

Genetic Algorithms (GAs) are probabilistic search methods ([13],
[14]). GAs are applied for natural selection and natural genetics in
artificial intelligence to find the globally optimal solution from the
set of feasible solutions. Nowadays GAs have been applied to vari-
ous domains that include timetable, scheduling, robot control, signa-
ture verification, image processing, packing, routing, pipeline control
systems, machine learning, and information retrieval ([15], [16]).

Only a few attempt [17] in the literature uses Genetic Algorithm
to solve the opinion mining problem. They developed the Entropy
Weighted Genetic Algorithm (EWGA) for opinion feature selec-
tion. The features and techniques result in the creation of a sen-
timent analysis approach geared towards classification of web dis-
course sentiments in multiple languages. The EWGA has been ap-
plied for English and Arabic languages. The Entropy Weighted Ge-
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netic Algorithm (EWGA) uses the information gain (IG) heuristic
to weight the various opinion attributes.They compared their result
with SVM based method and previous existing methods in litera-
ture. The EGWA method outperform compared to existing methods
and achieved approximately 94.00% accuracy score on both the lan-
guages English and Arabic.

Application of machine learning algorithms in NLP generally ex-
periments with combination of various syntactic and semantic lin-
guistic features to identify the most effective feature set. Here we
viewed this as a multi-objective or multi-criteria optimization search
problem. The experiments in the present task start with a large set
of possible extractable syntactic, semantic and discourse level fea-
ture set. The fitness function calculates the accuracy of the subjectiv-
ity classifier based on the feature set identified by natural selection
through the process of crossover and mutation after each generation.
In the present paper we use GBML to identify automatically best
feature set based on the principle of natural selection and survival
of the fittest. The identified fittest feature set is then optimized lo-
cally and global optimization is then obtained by multi-objective op-
timization technique. The local optimization identify the best range
of feature values of a particular feature. the Global optimization tech-
nique identifies the best ranges of values of given multiple feature.
The proposed technique is tested for English and Bengali and for
the news, movie review and blog domains. The system evaluation
results show precision of 90.22%, and 93.00% respectively for En-
glish NEWS and Movie Review corpus and 87.65% and 90.6% for
Bengali NEWS and Blog corpus.

2 Resource Organization

Resource acquisition is one of the most challenging obstacles to work
with resource constrained language Bengali, the fifth popular lan-
guage in the World, second in India and the national language in
Bangladesh. NLP research in Bengali has kicked off in recent times
and resources like annotated corpus, various linguistic tools are still
unavailable for this language. Hence in this section we mainly de-
scribe the corpus acquisition and development of tools used in fea-
ture extraction for Bengali. English is a resource rich language, the
resources for English are collected from various publicly available
resources, mentioned in detail in relevance sections.

2.1 Corpus

The subjectivity classification technique presented in this paper is
based on Genetic-Based-Machine-Learning (GBML) methodology
and hence annotated data preparation is necessary for system testing
and evaluation. The technique has been applied on both English and
Bengali language texts. In case of English, the MPQA? corpus is cho-
sen which is well known for its high inter-annotator agreement score.
In the MPQA corpus the phrase level private states are annotated that
has been used in the sentence level opinion subjectivity annotation
as described in [11]. Manually annotated Subjective data is available
for English in the form of International Movie Database (IMDB)®
among others.

For the present task we have used a Bengali NEWS corpus, devel-
oped from the archive of a leading Bengali NEWS paper available
on the Web. A portion of the corpus from the editorial pages, i.e.,
Reader’s opinion section or Letters to the Editor Section containing
28K wordforms have been manually annotated with sentence level

Table 1. Bengali Corpus Statistics

NEWS BLOG
Total number of documents 100 -
Total number of sentences 2234 300
Avgerage number of sentences in a document 22 -
Total number of wordforms 28807 4675
Avgerage number of wordforms in a document 288 -
Total number of distinct wordforms 17176 1235

subjectivity. Detailed reports about this news corpus development in
Bengali can be found in [11] and a brief statistics is reported in Table
1.

2.2 Feature Organization

The experimentation started with the complete collection of iden-
tified lexicon, syntactic, semantic and discourse level features. The
best feature set selection has been carried out by the GBML tech-
nique. Various features and the linguistics tools used for features ex-
traction are reported below. The GBML trained with all the features
are summarized in Table 3.

2.2.1 Lexico-Semantic Features

e Part of Speech (POS)

Number of research activities like [18], [19] etc. have proved that
opinion bearing words in sentences are mainly adjective, adverb,
noun and verbs. Many opinion mining tasks, like the one presented in
[20], are mostly based on adjective words. The Stanford Parser’ has
been used for identifying the POS tags in English. The POS tagger
described in [11] has been used for Bengali.

e SentiWordNet

Words that are present in the SentiWordNet carry opinion informa-
tion. The English SentiWordNet ([21]) has been used in the present
task. The SentiWordNet (Bengali)8 as described in [22] is used as an
important feature during the learning process. These features are in-
dividual sentiment words or word n-grams (multiword entities) with
strength measure as strong subjective or weak subjective. Strong and
weak subjective measures are treated as a binary feature in the su-
pervised classifier. Words which are collected directly from the Sen-
tiWordNet are tagged with positivity or negativity score. The subjec-
tivity score of these words are calculated as:

Es = [Sp| 4[5

where FE is the resultant subjective measure and S, Sy, are the
positivity and negativity score respectively.

e Frequency

Frequency always plays a crucial role in identifying the importance
of a word in the document. After removal of function words and POS
annotation, the system generates four separate high frequent word
lists for the four POS categories: Adjective, Adverb, Verb and Noun.
Word frequency values are effectively used as a crucial feature in the
Subjectivity classifier.

5 http://www.cs.pitt.edu/mpqa/databaserelease/
6 http://www.cs.cornell.edu/people/pabo/movie-review-data/

7 http://nlp.Stanford.edu/software/lex-parser.shtml
8 http://www.amitavadas.com/sentiwordnet.php
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e Stemming

Several words in a sentence that carry opinion information may be
present in inflected forms. Stemming is necessary for such inflected
words before they can be searched in the appropriate lists. Due to
non availability of a good Bengali stemmer, a stemming cluster tech-
nique based Bengali stemmer [23] has been developed. The stemmer
analyzes prefixes and suffixes of all the word forms present in a par-
ticular document. Words that are identified to have the same root
form are grouped in a finite number of clusters with the identified
root word as cluster center. The Porter Stemmer® has been used for
English.

2.2.2 Syntactic Features
e Chunk Label

Chunk level information is effectively used as a feature in the su-
pervised classifier. Chunk labels are defined as B-X (Beginning), I-X
(Intermediate) and E-X (End), where X is the chunk label. A detailed
empirical study [11] reveals that Subjectivity clue may be defined in
terms of chunk tags. The Stanford Parser has been used for identi-
fying the chunk labels in English. The Bengali chunker used in the
present task is described in [11].

e Dependency Parser

Dependency feature is very useful to identify intra-chunk polarity re-
lationship. It is very often a language phenomenon that modifiers or
negation words are generally placed at a distance with evaluative po-
larity phrases. The Stanford Dependency Parser has been for English.
A statistical parser [24] has been used for Bengali.

2.2.3 Discourse Level Features

e Positional Aspect

Depending upon the position of subjectivity clue, every document is
divided into a number of zones. Various factors of this feature are Ti-
tle of the document, the first paragraph and the last two sentences. A
detailed study was done on the MPQA and Bengali corpus to identify
the roles of the positional aspect (first paragraph, last two sentences)
in the sentence level subjectivity detection task and these results are
shown in the Table 2. Zone wise statistics could not be done for the
IMDB corpus because the corpus is not presented as a document.

e Document Title

It has been observed that the Title of a document always carries
some meaningful subjective information. Thus a Thematic expres-
sion bearing title words (words that are present in the title of the doc-
ument) always get higher score as well as the sentences that contain
those words.

e First Paragraph

People usually give a brief idea of their beliefs and speculations in the
first paragraph of the document and subsequently elaborate or sup-
port their ideas with relevant reasoning or factual information. This
first paragraph information is useful in the detection of subjective
sentences bearing Thematic Expressions.

e Last Two Sentences

Table 2. Statistics on Positional Aspect.

Positional Factors Percentage
MPQA  Bengali
First Paragraph 48.00%  56.80%
Last Two Sentences ~ 64.00%  78.00%

Itis a general practice of writing style that every document concludes
with a summary of the opinions expressed in the document.

e Term Distribution Model

An alternative to the classical TF-IDF weighting mechanism of stan-
dard IR has been proposed as a model for the distribution of a word.
The model characterizes and captures the informativeness of a word
by measuring how regularly the word is distributed in a document. As
discussed in [25] introduced the opinion distribution function feature
to capture the overall opinion distributed in the corpus. Thus the ob-
jective is to estimate that measures the distribution pattern of the k
occurrences of the word wi in a document d. Zipf’s law describes
distribution patterns of words in an entire corpus. In contrast, term
distribution models capture regularities of word occurrence in sub-
units of a corpus (e.g., documents, paragraphs or chapters of a book).
A good understanding of the distribution patterns is useful to assess
the likelihood of occurrences of a word in some specific positions
(e.g., first paragraph or last two sentences) of a unit of text. Most
term distribution models try to characterize the informativeness of a
word identified by inverse document frequency (IDF). In the present
work, the distribution pattern of a word within a document formal-
izes the notion of topic-sentiment informativeness. This is based on
the Poisson distribution. Significant Theme words are identified us-
ing TF, Positional and Distribution factor. The distribution function
for each theme word in a document is evaluated as follows: where
n=number of sentences in a document with a particular theme word
S;=sentence id of the current sentence containing the theme word
and S;_1=sentence id of the previous sentence containing the query
term, is the positional id of current Theme word and is the positional
id of the previous Theme word.
—~ (S;— S — (TW; — TW.
faluwy = 32 =By (W = D)

=1 =1

where n=number of sentences in a document with a particular theme
word S;=sentence id of the current sentence containing the theme
word and S;_q=sentence id of the previous sentence containing
the query term, T'W; is the positional id of current Theme word
and T'W;_, is the positional id of the previous Theme word.

Distribution function for thematic words plays a crucial role during
the Thematic Expression identification stage. The distance between
any two occurrences of a thematic word measures its distribution
value. Thematic words that are well distributed throughout the doc-
ument are important thematic words. In the learning phase experi-
ments are carried out using the MPQA Subjectivity word list distri-
bution in the corpus and encouraging results are observed to identify
the theme of a document. These distribution rules are identified af-
ter analyzing the English corpora and the same rules are applied to
Bengali.

e Theme Words

9 http://tartarus.org/~martin/PorterStemmer/
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In the general practice of Information Retrieval term frequency plays
a crucial role to identify document relevance. In many documents
relevant words may not occur frequently and on the other hand ir-
relevant words may occur frequently. A rulebased Theme detection
technique has been proposed in [9]. The theme of a document is de-
scribed as a bag-of-words that describe the topic of the document.

In the general practice of Information Retrieval term frequency
plays a crucial role to identify document relevance. In many doc-
uments relevant words may not occur frequently and on the other
hand irrelevant words may occur frequently. A rule-based Theme de-
tection technique has been proposed in [9]. The theme of a document
is described as a bag-of-words that describe the topic of the docu-
ment.

Table 3. Features.

Lexico-Syntactic Features
POS
SentiWordNet
Frequency
Stemming
Syntactic Features
Chunk Label
Dependency Parsing
Document Title
Discourse Level Features
First Paragraph
Term Distribution Model
Theme Word

3 Basic Principles of Genetic Algorithm

GAs are characterized by the five basic components as follows. Fig-
ure 1 displays a diagrammatic representation of the whole process.

1. Chromosome representation for the feasible solutions to the opti-
mization problem.

2. Initial population of the feasible solutions.

A fitness function that evaluates each solution.

4. Genetic operators that generate a new population from the existing
population.

5. Control parameters such as population size, probability of genetic
operators, number of generation etc.

w

4 Proposed Technique

The experimentation starts with a large set of possible extractable set
of syntactic, semantic and discourse level features. The fitness func-
tion calculates the accuracy of the subjectivity classifier based on the
fittest feature set identified by natural selection through the process of
crossover and mutation after each generation. The subjectivity clas-
sification problem can be viewed as a summation of the subjectivity
probability of the set of possible features.

N
fe=Y i
=0

Where is the resultant subjectivity function, to be calculated and
is the ith feature function. If the present model is represented in a
vector space model then the above function could be rewritten as:

fo = fo-firr-fitzonn fn

Generate Initial Population

v

Assess Initial Population

&L
h J

Select Population

v
Crossover New Population
No ¥
Mutate New Population

¥

Assess New population

Terminate
Search?

Figure 1. The Process of Genetic Algoriyhm

This equation specifies what is known as the dot product between
vectors. Now, in general, the dot product between two vectors is not
particularly useful as a classification metric, since it is too sensitive
to the absolute magnitudes of the various dimensions.

From the previous research it is already proven that particular fea-
tures have their own range of tentative values (Instead of features
identified by us; Syntactic Chunk Label and Discourse Level fea-
ture). As example some special types of POS category reflects senti-
ment very well, hence it is simpler to infer that frequent occurrence
of those special types of POS category into a sentence can increase
the subjectivity value of any sentence. Another example: occurrence
low frequency word is a well established clue of subjectivity but a
sentence with only low-frequent word may not subjective always.
In a multiple feature or multiple vector spaced model desired opti-
mal solution may found by finding out the optimal range (highest or
lowest) of value of every feature vector. Hence it is obvious that in
single-criterion optimization, the notion of optimality scarcely needs
any explanation in this particular category of problem. We simply
seek the best value of assumedly well-defined multi-objective (util-
ity or cost) optimization function.

4.1 Problem Formulation

To maximize the subjectivity probability, the occurrence of low-
frequency words (LFW), title words (TW), average distributed words
(ADW) and theme words (TD) and their position in each sentence are
calculated. The matrix representation for each sentence looks like: [x,
yl= [frequency in the entire corpus, position in the sentence]

LFW=[5, 2]

TW=[34, 11]

ADW=[21, 10]

TD= [25, 5]
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The above data are plotted as position versus frequency in the Fig-
ure 2.

12
¢ C
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Figure 2. Position vs. Frequency plot of categorical words

Scanning the graph reveals that the best points are lower and to
the right of the plot. In particular, scenarios A, B and C seem like
good possible choices: even though none of the three points is best
along both dimensions, we can see that there are tradeoffs from one
of these three scenarios to another; there is gain along one dimension
and loss along the other. In optimization terminology we say these
three points are nondominated because there are no points better than
these on all criteria.

The GBML provides the facility to search in the Pareto-optimal
set of possible features. This Pareto-optimal set is being generated
from crossover and mutation. To make the Pareto optimality mathe-
matically more rigorous, we state that a feature vector x is partially
less than feature vector y, symbolically x<p y, when the following
condition holds:

(@ <py) & (%) (@ <) \ @) (@ < )

This may be mapped to Pareto plane as shown in Figure 3, where
Pareto front of nondominated points are highlighted in red color.

In the notion of Pareto optimality by multi-objective optimization
we used GA in parallel fashion. The methodology used is as follows:

1. Generate chromosome for each feature.

2. Initialize population for each feature.

For i=1 to population size For j=1 to feature vector size Compute
fitness value.

If termination condition satisfied go to Step 10.
Crossover.

Mutation.

Natural Selection.

Go to Step 3.

Output

End

w

S

The termination condition as mentioned in Step 4 is a pre-mature
termination condition. If the fitness function wasn’t improved for n
consecutive generations then the iteration has been discarded. But
there is no case of pre-mature termination case found during experi-
mentation. Experimantally the threshold value of n is 5.

The parallelism is obtained here by generating n number of GA
based subjectivity classifiers. Based on the principle of survival of

12

10 \ g7 /
8

Figure 3. Pareto optimal plane

the fittest, a few of the feature strings are selected. This parallelism
provides the granularity for every feature. The GA based subjectivity
classifiers are synchronous in nature. The n numbers of GA based
subjectivity classifiers generate their population simultaneously. The
fitness value is calculated after every iteration. The optimal solution
is selected based on the theory of Pareto optimality. Pareto optimality
helps to reach the fittest global solution from local best solution for
each feature. The effectiveness of the present technique is observed
in the experimental results.

4.2 Chromosome Representation

The size of the chromosome for every feature varies according to
the possible solution vector size. Tentative solutions are made of se-
quences of genes. Each gene corresponds to word sequence in the
sentence to be tagged.

The chromosomes forming the initial population are created by
randomly selecting from a dictionary one of the valid tags for each
word. For the present task we have used real encoding. A sentence
wise feature vector can be represented as.

Example. Imperialism/NNP is/VBZ the/DT source/NN of/IN
war/NN and/CC the/DT disturber/NN of/IN peace/NN.

The encoded chromosome is represented in Table 5. The real val-
ues are the serial number of the corresponding tag from the POS Tag
labeled dictionary. Table 4 reports how real values vary for every
feature.

For POS feature values vary for languages as the tag set are differ-
ent. There are 21 tags and 45 tags in the POS tagset for Bengali and
English respectively. For sentiment words from SentiWordNet values
are -1 for negative, 0 for neutral and +1 for positive words. For low
frequency words features are considered as binary i.e. either a word
is low-frequent or not. Any word occurring less than 5 times in the
corpus has been considered as a low frequency word. This feature is
encoded as a binary feature. Stems from the corpus are listed and the
serial number of any stem within the list is used to encode the chro-
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Table 4. Dimension of Chromosome Encoding.

Features Real Values

POS 1-21 (Bengali) / 1-45 (English)
SentiWordNet -1 to +1

Frequency -1to+1

Stemming Oorl

Chunk Label 1to 17176/ 1 to 1235

Dependency Parsing
Title of the Document

1-11 (Bengali) / 1-21 (English)
1-30 (Bengali) / 1-55 (English)

First Paragraph Varies document wise
Average Distribution Varies document wise
Theme Word Varies document wise

mosome. It is basically the range of unique wordforms in any corpus.
Chunk label and Dependency parsing is encoded as the POS feature.

Discourse level features varies at each document level. For the
three listed discourse level features three different dictionary of first
paragraph word, eventually distributed words and theme words have
been generated at each document level. Then index numbers from
the dictionaries are used to generate the encoded chromosomes.

Table 5. Chromosome Representation.

NNP VBZ DT NN IN NN CC DT NN IN NN

1 12 6 2 18 2 4 6 2 18 2

4.3 Fitness Evaluation

Fitness function is a performance measure or reward function which
evaluates how good each solution is. The following cost-to-fitness
transformation is commonly used with GAs.

f (@) = Crmas — g (z) when g () < Crmaz  or 0 Otherwise

There are variety of ways to choose the coefficient C,qq. Crae may
be taken as an input coefficient, as the largest g value observed thus
far, as the largest g value in the current population, or the largest of
the last k generation.

When the natural objective function formulation is a utility func-
tion we have no difficulty with the direction of the function: maxi-
mized desired profit or utility leads to desired performance. But still
there is some problems with negative utility function as in the par-
ticular case it occurs during the fitness calculation of #» number of
features fitness evaluation. To overcome this, we simply transform
fitness according to the equation:

(@) =u(x)+Cmin When u(x)+Cmin >0 or00therwise

For the present problem there is a single fitness function to select
the best Pareto optimal plane.

4.4 Crossover

Crossover is the genetic operator that mixes two chromosomes to-
gether to form new offspring. Crossover occurs only with some prob-
ability (crossover probability). Chromosomes that are not subjected
to crossover remain unmodified. The intuition behind crossover is
the exploration of new solutions and exploitation of old solutions.
GAs construct a better solution by mixing the good characteristic of

chromosomes together. From the 7 solution strings in the population
(simply n/2 pairs), certain adjacent string pairs are randomly selected
for present crossover technique. In the standard GA, we use single-
point crossover by selecting a pair of strings and swapping substrings
at a randomly. No adaptive or probabilistic crossover technique has
been used for current experimentation.

4.5 Mutation

Each chromosome undergoes mutation with a probability pt,,. The
mutation probability is also selected adaptively for each chromosome
as in [26]. The expression for mutation probability, tt,,, iS given be-
low:

pim=ka X (=il f > f,

pm= ka if f > f, Here, values of k2 and k4 are kept equal to
0.5. This adaptive mutation helps GA to come out of local optimum.
When GA converges to a local optimum, i.e., when fy. — f de-
creases, (. and p.,, both will be increased. As a result GA will come
out of local optimum. It will also happen for the global optimum
and may result in disruption of the near-optimal solutions. As a re-
sult GA will never converge to the global optimum. The p. and pm,
will get lower values for high fitness solutions and get higher values
for low fitness solutions. While the high fitness solutions aid in the
convergence of GA, the low fitness solutions prevent the GA from
getting stuck at a local optimum. The use of elitism will also keep
the best solution intact. For a solution with the maximum fitness
value, p. and p,, are both zero. The best solution in a population
is transferred undisrupted into the next generation. Together with the
selection mechanism, this may lead to an exponential growth of the
solution in the population and may cause premature convergence.

Here, each position in a chromosome is mutated with probability

Wm in the following way. The value is replaced with a random vari-
le—n|
able drawn from a Laplacian distribution, p (¢) v €™ 3 = , where

the scaling factor ¢ sets the magnitude of perturbation. Here, y is the
value at the position which is to be perturbed. The scaling factor §
is chosen equal to 0.1. The old value at the position is replaced with
the newly generated value. By generating a random variable using
Laplacian distribution, there is a non-zero probability of generating
any valid position from any other valid position while probability of
generating a value near the old value is more.

4.6 Natural Selection

After we evaluate population’s fitness, the next step is chromosome
selection. Selection embodies the principle of ‘survival of the fittest’.
The mutant fittest chromosomes are selected for reproduction. A few
poor chromosomes or lower fitness chromosomes may be selected.
Each solution having a probability equal to its fitness score divided
by the sum of the total solutions scores in the generation. The top n
solutions at each generation automatically retained and carried over
to the next generation. Roulette wheel selection is used to implement
the proportional selection strategy.

5 Experimental Results

We have used Java API for Genetic Algorithm' application. Approx-
imately 70% of every corpus has been used for training purpose and
the rest 30% has been used for testing purpose. The following param-
eter values are used for the genetic algorithm: population size=50,
number of generation=>50.

10 http://www.jaga.org/
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Table 6. Results of final GA based classifier.

Languages Domain  Precision  Recall
English MPQA 90.22% 96.01%
IMDB 93.00% 98.55%

Bengali NEWS 87.65% 89.06%
BLOG 90.6% 92.40%

The overall precision and recall values of the GBML based sub-
jectivity classifier are shown in Table 6 for all the corpora selected
for English and Bengali. It is observed that subjectivity detection is
trivial for review corpus and blog corpus rather than for news cor-
pus. In news corpus there is more factual information than review
or blog corpus that generally contain people’s opinion. Thus sub-
jectivity classification task is domain dependent. But the proposed
technique is domain adaptable through the use of natural selection.
The difference of GA-based classifier with others statistical system is
that a whole sentence could be encoded in GA and could be used as a
feature. In other classifier system n-gram method has been followed.
The fixed size of n in the n-gram does not fit into the variable string
length of an input string.

5.0.1 Comparison

Present GBML sytem outperform than existing Subjectivity systems
in literature. The CRF based subjectivity classification system as we
reported previously in [12] perform experiment on same set of Ben-
gali and English corpus and reported accuracy of the system was
72.16% and 74.6% for the news and blog domains respectively. In
the previous Subjectivity Detection study the subjectivity problem
was modeled as a text classification problem that classifies texts as
either subjective or objective depending upon various experimentally
choosen features. This paper illustrates a Conditional Random Field
(CRF) based Subjectivity Detection approach tested on English and
Bengali multiple domain corpus. Standard machine learning (ML)
techniques needs rigorous permutation and combination wise exper-
imentation to find out the best set of features for any particular prob-
lem definition. The GBML based methodology as we proposed here
provide a best solution as natural selection method to overcome the
classical feature engineering. The CRF based system was tested on
the same dataset as reported in Table 7. Besides the novelty over
feature engineering GBML technique is a better solution as it need
no human interruption to find out best fetures and it choose the best
fetures through natural selection.

Table 7. Results of final CRF-based subjectivity classifier.

Languages Domain  Precision  Recall
English MPQA 76.08% 83.33%
IMDB 79.90% 86.55%

Bengali NEWS 72.16% 76.00%
BLOG 74.6% 80.4%

In compare to the previous subjectivity classification systems on
MPQA corpus the present GBML system has an increment of near
about 4.0%. The reported highest accuracy on MPQA using Naive
Bayse was 86.3% as reported in [27]. The authors used Naive Bayes
sentence classifier and the reported accuracy was as reported in Table
8.

The accuracy of previous subjectivity detection on the same movie
review corpus is 86.4% reported in [28]. The authors proposed a

Table 8. Results of previous subjectivity classifier on MPQA.

Recall
71.3%

Precision
86.3%

Domain
MPQA

Languages
English

interesting machine-learning method that applies text-categorization
techniques to just the subjective portions of the document. Extracting
these portions are then categorized using efcient techniques for find-
ing minimum cuts in graphs to incorporate the cross-sentence con-
textual constraints. To capture cross-sentence contextuality we pre-
fer the theme word features in present GBML based technique. Two
standard machine learning (ML) techniques used in [28] as Naive
Bayes (NB) and Support Vector Machine (SVM). The reported accu-
racy of the subjectivity system was as reported in Table 9.

Table 9. Results of previous subjectivity classifier on IMDB.

Classifier ~ Reported Accuracy
NB 86.40%
SVM 86.15%

6 Conclusion

Application of machine learning algorithms in NLP generally exper-
iments with combination of various syntactic and semantic linguistic
features to identify the most effective feature set. Here we viewed
this as a multi-objective or multi-criteria optimization search prob-
lem. The experiments in the present task start with a large set of pos-
sible extractable syntactic, semantic and discourse level feature set.
The fitness function calculates the accuracy of the subjectivity clas-
sifier based on the feature set identified by natural selection through
the process of crossover and mutation after each generation. In the
present paper we use GBML to identify automatically best feature
set based on the principle of natural selection and survival of the
fittest. The identified fittest feature set is then optimized locally and
global optimization is then obtained by multi-objective optimization
technique. The local optimization identify the best range of feature
values of a particular feature. the Global optimization technique iden-
tifies the best ranges of values of given multiple feature.

In the present experimental setup it harder to identify feature wise
performance value. The GBML identifies the best feature set and
their optimal range value by natural selection. The present experi-
ment by us is to determine contribution of each feature to the overall
subjectivity problem.

The performance of the present multiple objective optimization
tecnique based GBML strategy easily estublised that it is worthy
than available ML techniques so far used in NLP. The novelty of
the present task is not only towards finding the better way to detect
subjectivity moreover it depicts a generation change in ML techiques
so far used in NLP.
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Private State in Public Media
Subjectivity in French-speaking traditional and online
News

Kppers Anne and Ho-Dac Lydia Mai'

Abstract. Our talk reports on ongoing work dealing with the lin-
guistic impact of putting the news on-line. In this framework, we
investigate differences in traditional newspapers and two forms of
alternative on-line media with respect to the expression of
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15 SAMPLE CODING

The remainder of this paper contains examples of the specifications
detailed above and can be used for reference if required.

16 PROGRAMMING MODEL

Our algorithms were implemented using the single program, multi-
ple data model (SPMD). SPMD involves writing a single code that
will run on all the processors co-operating on a task. The data are
partitioned among the processors which know what portions of the
data they will work on [7].

16.1 Structure of processes and processors

The grid has P = P, x P. processors, where P; is the number of
rows of processors and P is the number of columns of processors.

16.1.1 Routing information on the grid

A message may be either broadcast or specific. A broadcast message
originates on a processor and is relayed through the network until it
reaches all other processors. A specific message is one that is directed
to a particular target processor.

Broadcast messages originate from a processor called central
which is situated in the ‘middle’ of the grid. This processor has co-
ordinates (| P;/2], | P-/2]). Messages are broadcast using the row—
column broadcast algorithm (RCB), which uses the following strat-
egy. The number of steps required to complete the RCB algorithm
(i.e., until all processors have received the broadcast value) is given
by |P./2] + | P./2].

A specific message is routed through the processors using the find-
row—find-column algorithm (FRFC) detailed in [5]. The message is
sent from the originator processor vertically until it reaches a pro-
cessor sitting in the same row as the target processor. The message
is then moved horizontally across the processors in that row until it
reaches the target processor. An accumulation based on the recursive
doubling technique [9, pp. 56-61], would require the same number
of steps as the RCB requires. If either the row or column of the origi-
nator and target processors are the same then the message will travel
only in a horizontal or vertical direction, respectively (see [12]).

17 DATA PARTITIONING

We use data partitioning by contiguity, defined in the following way.
To partition the data (i.e., vectors and matrices) among the proces-
sors, we divide the set of variables V = {i}/L, into P subsets
{W,}F_, of s = N/P elements each. We assume without loss of
generality that NV is an integer multiple of P. We define each subset
as W, = {(p — 1)s + j}j—; (see [11], [4] and [2] for details).
Each processor p is responsible for performing the computations
over the variables contained in W,,. In the case of vector operations,
each processor will hold segments of s variables. The data partition-
ing for operations involving matrices is discussed in Section 18.3.

18 LINEAR ALGEBRA OPERATIONS
18.1 Saxpy

The saxpy w = w + aw operation, where u, v and w are vectors
and « is a scalar value, has the characteristic that its computation is
disjoint elementwise with respect to u, v and w. This means that we

can compute a saxpy without any communication between proces-
sors; the resulting vector w does not need to be distributed among
the processors. Parallelism is exploited in the saxpy by the fact that
P processors will compute the same operation with a substantially
smaller amount of data. The saxpy is computed as

w; = u; +ov;, Vi€ {Wp}:,):l (€)]

18.2 Inner-product and vector 2-norm

The inner-product o« = u’v = Zivzl u;v; s an operation that in-
volves accumulation of data, implying a high level of communication
between all processors. The mesh topology and the processes archi-
tecture used allowed a more efficient use of the processors than, for
instance, a ring topology, reducing the time that processors are idle
waiting for the computed inner-product value to arrive, but the prob-
lem still remains. The use of the SPMD paradigm also implies the
global broadcast of the final computed value to all processors.

The inner-product is computed in three distinct phases. Phase 1 is
the computation of partial sums of the form

ap= Y uwixuv, p=1,...P (5)
vie{Wp}

The accumulation phase of the inner-product using the RCA algo-
rithm is completed in the same number of steps as the RCB algorithm
(Section 16.1.1). This is because of the need to relay partial values
between processors without any accumulation taking place, owing to
the connectivity of the grid topology.

The vector 2-norm o = ||ullz = VuTu is computed using
the inner-product algorithm described above. Once the inner-product
value is received by a processor during the final broadcast phase, it
computes the square root of that value giving the required 2-norm
value.

18.3 Matrix—vector product

For the matrix—vector product v = Au, we use a column partitioning
of A. Each processor holds a set W), (see Section 17) of s columns
each of IV elements of A and s elements of u. The s elements of u
stored locally have a one-to-one correspondence to the s columns of
A (e.g. a processor holding element u; also holds the j-th column of
A). Note that whereas we have A partitioned by columns among the
processors, the matrix—vector product is to be computed by rows.

The algorithm for computing the matrix—vector product using col-
umn partitioning is a generalization of the inner-product algorithm
described in Section 18.2 (without the need for a final broadcast
phase). At a given time during the execution of the algorithm, each
one of P — 1 processors is computing a vector w of s elements con-
taining partial sums required for the segment of the vector v in the re-
maining ‘target’ processor. After this computation is complete, each
of the P processors stores a vector w. The resulting segment of the
matrix—vector product vector which is to be stored in the target pro-
cessor is obtained by summing together the P vectors w, as described
below.

Each processor other than the target processor sends its w vector
to one of its neighboring processors. A processor decides whether
to send the vector in either the row or column direction to reach the
target processor based on the FRFC algorithm (see Section 16.1.1).
If a vector passes through further processors in its route to the target
processor the w vectors are accumulated. Thus the target processor
will receive at most four w vectors which, when summed to its own
w vector, yield the desired set of s elements of v.
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18.4 Matrix—vector product—finite-difference
approximation

We now consider a preconditioned version of the conjugate-gradients
method [7]. Note that we do not need to form A explicitly. This im-
plies a very low degree of information exchange between the pro-
cessors which can be effectively exploited with transputers, since the
required values of u can be exchanged independently through each
link.

The preconditioning used in our implementations is the polyno-
mial preconditioning (see [10], [6], [1] and [8]), which can be imple-
mented very efficiently in a parallel architecture since it is expressed
as a sequence of saxpys and matrix—vector products.

We have [ rows and columns in the discretization grid, which we
want to partition among a P, X P. mesh of processors. Each pro-
cessor will then carry out the computations associated with a block
of |I/P;] + sign (I mod P;) rows and |I/P.] + sign (I mod P.)
columns of the interior points of the grid.

The matrix—vector product using the column partitioning is highly
parallel. Since there is no broadcast operation involved, as soon as a
processor on the boundary of the grid (either rows or columns) has
computed and sent a w,, vector destined to a processor ‘A’, it can
compute and (possibly) send a w,, vector to processor ‘B’, at which
time its neighboring processors may also have started computing and
sending their own w vectors to processor ‘B’.

At a given point in the matrix—vector product computation, the
processors are computing w vectors destined to processor A. When
these vectors have been accumulated in the row of that processor
(step 1), the processors in the top and bottom rows compute and send
the w vectors for processor B, while the processors on the left and
right columns of the row of processor A send the accumulated r vec-
tors to processor A (step 2). Processor A now stores its set of the re-
sulting v vector (which is the accumulation of the w vectors). In step
3, the processors in the bottom row compute and send the w vectors
for processor C while the processor at the left-hand end of the row of
processor B sends the accumulated w vectors of that column towards
processor B. The next steps are similar to the above.

In our implementation, we exploit the geometry associated with
the regular grid of points used to approximate the PDE. A geometric
partitioning is used to match the topology and connectivity present
in the grid of transputers (Section 16.1).

The discretization of the PDE is obtained by specifying a grid
size | defining an associated grid of N = [? interior points (note
that this is the order of the linear system to be solved). With each
interior point, we associate a set of values, namely the coefficients
C,N,S,E and W.

19 CONCLUSION

We have shown that an iterative method such as the preconditioned
conjugate-gradients method may be successfully parallelized by us-
ing highly efficient parallel implementations of the linear algebra
operations involved. We have used the same approach to parallelize
other iterative methods with similar degrees of efficiency (see [4] and

(3D.
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Multi-view Learning for Text Subjectivity Classification

Dinko Lambov'and Gaél Dias? and Jodo V. Graca ?

Abstract. In this paper we consider the problem of building models
that have high sentiment classification accuracy across domains. For
that purpose, we present and evaluate a method based on co-training
using both high-level and low-level features. In particular, we show
that multi-view learning combining high-level and low-level features
with adapted classifiers can lead to improved results over text subjec-
tivity classification. Our experimental results present accuracy levels
across domains of 86.4% combining LDA learning models over high-
level features and SVM over bigrams.

1 Introduction

Over the past few years, there have been an increasing number of
publications focused on the detection and classification of sentiment
and subjectivity in texts. However, as stated in ([1], [2],[4], [6]), most
research have focused on the construction of models within particular
domains and have shown difficulties in crossing domains. In this pa-
per, we propose to use multi-view learning to maximize classification
accuracy across topics. For that purpose, we combine high-level fea-
tures (e.g. level of affective words, level of abstraction of nouns) and
low-level features (e.g. unigrams, bigrams) as different views to learn
models of subjectivity which may apply to different domains such as
movie reviews or newspaper articles. As stated in [15], SVM classi-
fiers have usually been adopted for sentiment classification based on
unigrams and bigrams. However, improvements over high-level fea-
tures have been reached using LDA (Linear Discriminant Analysis)
classifiers. So, our approach combines both SVM and LDA classi-
fiers in the co-training algorithm [3] to obtain maximum performance
over two views (high-level and low-level features). Experimental re-
sults show that the proposed approach outperforms over 9.2% the
methodology proposed by [7] i.e. the SAR (Stochastic Agreement
Regularization) algorithm and reaches 86.4% accuracy on average
over four different data sets embodying different domains.

2 Related Work

The subjectivity and polarity* of language has been investigated at
some length. Many features have been used to characterize opin-
ionated texts at different levels: words [8], sentences [10] and texts
([81, [201, [25], [5]). In this section, we will only enumerate research
works which focus on cross-domain classification.

One possible approach is to train a classifier on a domain-mixed set
of data instead of training it on one specific domain as it is proposed
in ([1], [6], [4]). Another possibility is to propose high-level features

1 University of Beira Interior, Portugal, email: d.lambov @ gmail.com

2 University of Beira Interior, Portugal, email: ddg@di.ubi.pt

3 L2F INESC-ID INESC-ID,Portugal, email: joao.graca@I12f.inesc-id.pt

4 Most papers deal with polarity as the essence of subjectivity. However, sub-
jectivity can be expressed in different ways. In this paper, we will focus on
subjectivity classification and not just polarity.

which do not depend so much on topics such as part-of-speech statis-
tics or other semantic resources as in ([6], [15]). In this case, higher
level representations do not reflect the topic of the document, but
rather the type of text used. Just by looking at high-level features
statistics, improved results can be obtained comparatively to unigram
or bigram models (low-level models) when trying to cross domains.
Another approach is to find anchor terms which cross domains and
evaluate the correlation between those words and words which are
specific to the domain [2]. In this case, pivot features are discov-
ered based on domain mutual information to relate training and tar-
get domains. The overall approach extends to sentiment classification
the SCL (Structural Correspondence Learning) algorithm. Then, they
identify a measure of domain similarity that correlates well with the
potential for adaptation of a classifier from one domain to another.
Best results across domains reach 82.1% accuracy. Finally, over the
past few years, semi-supervised and multi-view learning proposals
have emerged. [7] propose a co-regularization framework for learn-
ing across multiple related tasks with different output spaces. They
present a new algorithm for probabilistic multi-view learning which
uses the idea of stochastic agreement between views as regulariza-
tion. Their algorithm called SAR (Stochastic Agreement Regular-
ization) works on structured and unstructured problems and gener-
alizes to partial agreement scenarios. For the full agreement case,
their algorithm minimizes the Bhattacharyya distance between the
models of each of the two views. [24] proposes a co-training ap-
proach to improve the classification accuracy of polarity identifica-
tion of Chinese product reviews. First, machine translation services
are used to translate English training reviews into Chinese reviews
and also translate Chinese test reviews and additional unlabeled re-
views into English reviews. Then, the classification problem can be
viewed as two independent views: Chinese view with only Chinese
features and English view with only English features. They then use
the co-training approach to make full use of the two redundant views
of features. An SVM classifier is adopted as a basic classifier in the
proposed approach. Experimental results show that the proposed ap-
proach can outperform the baseline inductive classifiers and more
advanced transductive classifiers.

Unlike all proposed methods so far, our approach aims at taking ad-
vantage of different view levels. We propose to combine high-level
features (e.g. level of affective words, level of abstraction of nouns)
and low-level features (e.g. unigrams, bigrams) to learn models of
subjectivity which may apply to different domains. For that purpose,
we propose a new scheme based on the classical co-training algo-
rithm over two views [3] and join two different classifiers LDA and
SVM to maximize the optimality of the approach.
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3 Characterizing Subjectivity

Many works to date have been concerned with the less ambitious
goal of identifying the polarity of sentiment in texts. However, sub-
jectivity can be expressed in different ways as summarized in [4] who
identify the following dimensions: evaluation (positive or negative),
potency (powerful or unpowerful), proximity (near or far), speci-
ficity (clear or vague), certainty (confident or doubtful) and identi-
fiers (more or less), direct expressions, elements of actions and re-
marks. Based on these assumptions, our methodology aims at classi-
fying texts at the subjectivity level (i.e. subjective vs. objective and
not, (positive, negative) vs. objective) taking into account both high-
level features which cross domains easily [15] as well as low-level
features (unigrams or bigrams) which evidence high precision results
within domains [20].

3.1 High-Level Features

Intensity of Affective Words: sentiment expressions mainly depend
on some words which can express subjective sentiment orientation.
[22] use words from the WordNet Affect lexicon [23] to annotate
the emotions. For example horror and hysteria express negative fear,
enthusiastic expresses positive emotion, glad expresses joy, and so on
and so forth. So, we propose to evaluate the level of affective words
in texts as shown in Equation 1.

K total af fective words in text
1=

ey

total words in text

Dynamic and Semantically Oriented Adjectives: [9] consider
two features for the identification of opinionated sentences: (1) se-
mantic orientation, which represents an evaluative characterization
of word deviation from its semantic group and (2) dynamic adjec-
tives which characterize word ability to express a property in varying
degrees. For the present study, we use the set of all adjectives au-
tomatically identified in a reference corpus i.e. the set of dynamic
adjectives manually identified by [9] and the set of semantic orienta-
tion labels assigned as in [8]. So, we propose to evaluate the level of
these adjectives in texts as shown in Equation 2.

K total specific adjectives in text
5 =

total adjectives in text @
Classes of Verbs: [5] present a method using verb class informa-
tion. The verb classes they use express objectivity and polarity. To
obtain relevant verb classes, they use InfoXtract [21], an automatic
text analyzer which groups verbs according to classes that often cor-
respond to their polarity. As InfoXtract is not freely available, we re-
produce their methodology by using the classification of verbs avail-
able in Levins English Verb Classes and Alternations [17]. So, we
propose to evaluate the level of each class of verbs (i.e. conjecture,
marvel, see and positive) in texts as in Equation 3.

total speci fic verbs in text
K3 =

3

total verbs in text

Level of Abstraction of Nouns: There is linguistic evidence that
level of generality is a characteristic of opinionated texts, i.e. sub-
jectivity is usually expressed in more abstract terms than objectiv-
ity [15]. Indeed, descriptive texts tend to be more precise and more
objective and as a consequence more specific. In other words, a
word is abstract when it has few distinctive features and few at-
tributes that can be pictured in the mind. One way of measuring
the abstractness of a word is by the hypernym relation in WordNet

[19]. In particular, a hypernym metric can be the number of lev-
els in a conceptual taxonomic hierarchy above a word (i.e. super-
ordinate to). For example, chair (as a seat) has 7 hypernym levels:
chair = furniture = furnishings = instrumentality =
artifact = object = entity. So, a word having more hypernym
levels is more concrete than one with fewer levels. So, we propose
to evaluate the hypernym levels of all the nouns in texts as shown in
Equation 4.

K total hypernym levels for nouns in text
=

@

total nouns in text

Calculating the level of abstraction of nouns should be preceded
by word sense disambiguation. Indeed, it is important that the correct
sense is taken as a seed for the calculation of the hypernym level in
WordNet. However, in practice, taking the most common sense of
each word gives similar results as taking all the senses on average
[15].

3.2 Low-Level Features

The most common set of features used for text classification is infor-
mation regarding the occurrences of words or word ngrams in texts.
Most of text classification systems treat documents as simple bags-
of-words and use the word counts as features. Here, we consider texts
as bags-of-words of lemmatized unigrams or lemmatized bigrams for
which we compute their TE.IDF weights as in Equation 5 where w;;
is the weight of term j in document i, ¢ f;; is the normalized frequency
of term j in document i, N is the total number of documents in the
collection, and n is number of documents where the term j occurs at
least once.

N
wij = tfij *logy — ®)

4 The Multi-View Approach
4.1 Co-Training

The co-training algorithm [3] is a typical bootstrapping method,
which starts with a set of labeled data, and increases the amount of
annotated data using some amounts of unlabeled data in an incremen-
tal way. One important aspect of co-training is that two conditional
independent views are required for co-training to work, but the in-
dependence assumption can be relaxed. The co-training algorithm is
illustrated in Figure 1. In the algorithm, the class distribution in the
labeled data is maintained by balancing the parameter values of p
and n at each iteration (e.g. positive (resp. negative) examples will be
subjective (resp. objective) texts). The intuition of the co-training al-
gorithm is that if one classifier can confidently predict the class of an
example, which is very similar to some labeled ones, it can provide
one more training example for the other classifier. But, of course, if
this example happens to be easy to be classified by the first classifier,
it does not mean that this example will be easy to be classified by the
second classifier, so the second classifier will get useful information
to improve itself and vice versa [13].

In the context of cross-domain sentiment classification, each la-
beled or unlabeled text has two views of features: high-level features
(V1) and low-level features (V2). A basic classification algorithm is
also required to construct both models H1 and H2. Typical sentiment
classifiers include Support Vector Machines and Maximum Entropy.
In this study, we adopt the widely used SVM classifier [11] as well
as the LDA classifier which has proved to provide better results than
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Given a set L of labeled examples
Given a set U of unlabeled examples
Loop for k iterations

Train a classifier H1 on view V1 of L

Train a classifier H2 on view V2 of L

Allow H1 and H2 to label U

Add the p positive and n negative most confidently predicted
textsto L

e Retrain H1 and H2 on L

Figure 1. The co-training algorithm.

SVM for high-level features [15]. So, we will present results both
with SVM or LDA classifiers for the view V1 while only SVM will
be applied to the view V2 due to its huge number of features. More-
over, it is important to notice that the unlabeled set of examples U
will be from a different domain than the labeled set of examples U.
Indeed, the overall idea is that each classifier gets useful information
from the other view to improve itself to cross domains.

4.2 SAR Algorithm

[7] propose the SAR (Stochastic Agreement Regularization) algo-
rithm. It models a probabilistic agreement framework based on min-
imizing the Bhattacharyya distance [12] between models trained us-
ing two different views. They regularize the models from each view
by constraining the amount by which they permit them to disagree on
unlabeled instances from a theoretical model. Their co-regularized
objective which has to be minimized is defined in Equation 6 where
Li for i = 1,2 are the standard regularized loglikelihood losses of the
models pl and p2, Eu[B(pl,p2)] is the expected Bhattacharyya dis-
tance between the predictions of the two models on the unlabeled
data, and c is a constant defining the relative weight of the unlabeled
data.

MinLi1(01) + L2(02) + cEu[B(p1(61), p2(61))) (©)

In the context of sentiment classification and multi-view learning,
[7] is certainly the best reference up-to-date, reaching accuracy levels
of 82.8% for polarity detection upon reviews from the kitchen and
the dvd domains using random views of unigrams. In this work, we
will test SAR on our dataset both on random views of unigrams and
random views of bigrams and take its results as baselines’.

5 Multi-Domain Corpora

To perform our experiments, we used three manually annotated stan-
dard corpora and built one corpus based on Web resources which
could be automatically annotated as objective or subjective.

The Multi-Perspective Question Answering (Mpga) Opinion Cor-
pus® contains 10.657 sentences in 535 documents from the world
press on a variety of topics. All documents in the collection are
marked with expression-level opinion annotations. The documents
are from 187 different news sources in a variety of countries and

5 The SAR package has been implemented for unigrams and bigrams only
[7]. Future work will aim at adapting the SAR to other views.
6 http://www.cs.pitt.edu/mpqa/

date from June 2001 to May 2002. The corpus corpus has been col-
lected and manually annotated with respect to subjectivity as part of
the summer 2002 NRRC Workshop on Multi-Perspective Question
Answering. Based on the work done by [20] who propose to classify
texts based only on their subjective/objective parts, we built a corpus
of 100 objective texts and 100 subjective texts by randomly selecting
sentences containing only subjective or objective phrases. This case
represents the ideal case where all the sentences in texts are either
subjective or objective.

The second corpus (Rotten/Imdb) is the subjectivity dataset
v1.0” which contains 5000 subjective and 5000 objective sen-
tences collected from movie reviews data [20]. To gather subjec-
tive sentences, [20] collected 5000 movie review snippets from
http://www.rottentomatoes.com. To obtain (mostly) objective data,
they took 5000 sentences from plot summaries available from the In-
ternet Movie Database http://www.imdb.com. Similarly to what we
did for the Mpqa corpus, we built a corpus of 100 objective texts and
100 subjective texts by randomly selecting only subjective or objec-
tive sentences.

The third corpus (Chesley) has been developed by [5] who manu-
ally annotated a dataset of objective and subjective documents® .
It contains 496 subjective and 580 objective documents. Objective
feeds are from sites providing content such as world and national
news (e.g. CNN, NPR), local news (e.g. Atlanta Journal and Consti-
tution, Seattle Post-Intelligencer), and various sites focused on topics
such as health, science, business, and technology. Subjective feeds
include content from newspaper columns (e.g. Charles Krautham-
mer, E.J. Dionne), letters to the editor (e.g. Washington Post, Boston
Globe), reviews (e.g. dvdver-dict.com, rottentomatoes.com), and po-
litical blogs (e.g. Powerline, Huffington Post). For our purpose, we
randomly selected 100 objective texts and 100 subjective texts.

The fourth corpus is based on the idea that Wikipedia conveys ob-
jective contents whereas Web Blogs provide subjective contents to
its audience [16]. As a consequence, [15] built the automatically
annotated Wiki/Blog® corpus. They downloaded part of the static
Wikipedia dump archive'® and automatically spidered Web Blogs
from different domains. The final corpus contains 200 Mb of down-
loaded articles from Wikipedia and 100 Mb of downloaded texts
from different Web Blogs. These texts are in English and cover many
different topics. Due to their characteristics, Wikipedia texts were
automatically labeled as objective and Web Blogs automatically la-
beled as subjective. From this data set, we finally randomly selected
100 objective texts and 100 subjective texts.

6 Experiments

In order to evaluate the difference between high-level features with
low-level features, [15] performed a comparative study on the four
data sets presented in the previous section. For the high-level fea-
tures, they took into account 7 features: affective words, semanti-
cally oriented adjectives, dynamic adjectives, conjecture verbs, mar-
vel verbs, see verbs and level of abstraction of nouns. For the uni-
gram and bigram models, they used all the lemmas inside the corpora
withdrawing their stop words. In Table 1, we summarize the results
obtained for the single view classification task using high-level or
low-level features.

7 http://www.cs.cornell.edu/People/pabo/movie-review-data/

8 http://www.tc.umn.edu/ ches0045/data/

9 The corpus is available on the web (url omitted for anonymity)
10 http://download.wikimedia.org/enwiki/
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Table 1. Accuracy for high-level features (HL) and low-level features (LL)
across domains in %.
MPQA | Rotten | Chesley | Wiki
HL SVM 52.6 69.5 73.9 71.0
LDA 67.6 70.9 73.6 74.5
LL Unigram | 53.8 63.9 59.9 61.1
Bigram 54.4 67.1 55.0 57.5

All experiments were performed on a leave-one-out 5 cross vali-
dation basis combined with both SVM and LDA classifiers for high-
level features and only SVM for low-level features due to the high
level of features which does not suit to LDA classifiers. In partic-
ular, they used Joachims SVMlight package'! [11] for training and
testing with SVM and the implementation of LDA in the R'? soft-
ware for statistical computing. As part-of-speech tagger, they used
the MontyTagger module of the free, common sense-enriched Natu-
ral Language Understander for English MontyLingua'? [18]. In order
to test models across domains, they proposed to train different mod-
els based on one domain only at each time and test the classifiers
over all domains together. So, each percentage can be expressed as
the average results over all data sets. Best results overall are obtained
for high-level features with the Wiki/Blog data set as training set and
the LDA classifier with an average accuracy of 74.5%. This result
will represent our baseline for single view classification as we aim
at showing that multi-view learning can lead to improved results to
cross domains. In all our experiments, we will use the same process
as in [15] to evaluate accuracy so that values are comparable.

6.1 Results for the SAR algorithm

We first propose to show the results obtained with SAR [7] which
represents the state-of-the-art in multi-view learning to cross do-
mains in the field of sentiment analysis. To perform SAR experi-
ments, we used two views generated from a random split of low-
level features together with the maximum entropy classifiers with a
unit variance Gaussian prior. Indeed, the actual implementation of
SAR does not allow to testing it with different views but only with
random subsets of views (e.g. unigrams are divided into two subsets:
unigrams1 and unigrams2), nor with different classifiers. The results
are illustrated in Table 2 exactly in the same way they have been
processed in [15].

Table 2. SAR accuracy for low-level features across domains in %.

MPQA | Rotten | Chesley | Wiki
Unigram | 65.3 73.5 72.2 59.2
Bigram 71.6 75.2 77.2 65.1

The results show indeed interesting properties. Models built upon
bigrams constantly outperform models based on unigrams. Higher
accuracy compared to [15] is reached with less knowledge. Indeed,
the baseline with single view classification is 74.5% while 77.2% can
be obtained with the SAR algorithm upon a random split of bigrams.
One great advantage of only using low-level features is the ability to
reproduce such experiments on different languages without further
resources than just texts. However, a good training data set will have

1 http://svmlight.joachims.org/
12 http://www.r-project.org/
13 http://web.media.mit.edu/ hugo/montylingua/

to be produced as the best results are obtained from the manually
annotated corpus Chesley.

6.2 Results for Co-Training

In this subsection, we propose to use the co-training algorithm to
combine a first view which contains 7 high-level features (7F) and
a second view which contains low-level features (unigrams or bi-
grams). As a consequence, we expect that the low-level classifier will
gain from the decisions of the high-level classifier and will self-adapt
to different domains based on the high results of high-level features
for crossing domains. In Table 3, we show the results obtained using
two SVM classifiers i.e. one for each view. In Table 4, we show the
results obtained using an SVM classifier for the low-level view and
an LDA classifier for the high-level classifier as we know that LDA
outperforms SVM for high-level features.

Table 3. Co-training accuracy with two SVM classifiers across domains in

%.
MPQA | Rotten | Chesley | Wiki
7F | Unigram | 61.0 72.3 78.8 62.75
7F | Bigram 66.4 78.1 75.3 85.6

Table 4. Co-training accuracy with one SVM and one LDA classifiers
across domains in %.

MPQA | Rotten | Chesley | Wiki
7F | Unigram | 63.3 74.9 79.0 63.5
7F | Bigram 67.4 78.1 68.5 86.4

The benefit from the high-level features is clear based on the re-
sults of Tables 3 and 4. The best result is obtained by the combination
of high-level features with the LDA classifier and bigram low-level
features with the SVM classifier trained over the automatically anno-
tated corpus Wiki/Blogs. In this case, the average accuracy across do-
mains is 86.4% outperforming SAR best performance 77.2%. It is in-
teresting to notice that in almost all cases, bigram low-level features
provide better results than only unigrams. The only exception is the
Chesley training set. But, it is especially evident for the Wiki/Blog
training data set that bigrams drastically improve the performance of
the co-training as the difference between unigrams or bigrams as sec-
ond views is huge. Accuracy results were obtained from the second
view classifier, i.e. the low-level classifier. Indeed, while the high-
level classifier accuracy remains steady iteration after iteration, the
low-level classifier steadily improves its accuracy based on the cor-
rect guesses of the high-level classifier'* . We illustrate the behavior
of each classifier in Figure 2.

In order to better understand this situation, we propose a visual
analysis of the distribution of the data sets in the space of high-level
and low-level features. The goal of this study is to give a visual inter-
pretation of the data distribution to assess how well co-training may
perform using high-level and low-level features. If objective and sub-
jective texts can be represented in a distinct way in a reduced space of
features, one may expect good classification results. To perform this
study, we use a MDS (Multidimensional Scaling) process which is
a traditional data analysis technique. MDS [14] allows to displaying

14 After each iteration, 2 positive (subjective) examples and 2 negative (ob-
jective) examples from each classifier are added to the set of labeled data
L.
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Figure 2. Low-level and high-level accuracies iteration after iteration for
the Rotten/Imdb data set with LDA over 7F and SVM over bigrams.

the structure of distance-like data into an Euclidean space. In prac-
tice, the projection space we build with the MDS from such a dis-
tance is sufficient to have an idea about whether data are organized
into classes or not. For our purpose, we performed the MDS process
over pairs of corpora represented by low-level features and high-level
features to try to visualize how texts evolve in the multidimensional
space before and after co-training.

Figure 3. Low-level feature representation of subjective (red and green
triangles) and objective (blue and yellow dots) texts before co-training.

Figure 4. Low-level feature representation of subjective (red and green
triangles) and objective (blue and yellow dots) texts after co-training.

In Figures 3 and 4, we graphically represent texts of Rotten/Imdb
and Chesley in a reduced space of the low-level features space.
Red and green triangles represent subjective texts from Rotten/Imdb
and Chesley respectively. Yellow and Blue dots represent objective
texts from Rotten/Imdb and Chesley respectively. This visualization
clearly shows that after co-training subjective and objective texts

from different domains tend to approximate. Comparatively, in Fig-
ures 5 and 6, we graphically represent the same texts in a reduced
space of the high-level features space. In this experiment, we clearly
see that texts do not tend to approximate and remain difficult to sepa-
rate, as such comforting us in the choice of using low-level classifiers
for our classification task using the co-training approach.

Figure 5. High-level feature representation of subjective (red and green
triangles) and objective (blue and yellow dots) texts before co-training.
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Figure 6. High-level feature representation of subjective (red and green
triangles) and objective (blue and yellow dots) texts after co-training.

7 CONCLUSION

Sentiment classification is a domain specific problem i.e. classifiers
trained in one domain do not perform well in others. At the same
time, sentiment classifiers need to be customizable to new domains
in order to be useful in practice. In this paper, we proposed to use the
co-training approach to address the problem of cross-domain senti-
ment classification. For that purpose, we presented different experi-
ments based on multi-view learning algorithms using high-level and
low-level features to learn subjective language across domains. The
experimental results showed the effectiveness of the proposed ap-
proach. Best results showed accuracy of 86.4% across domains com-
pared to 77.2% for the SAR algorithm proposed by [7] and 74.5%
for single view classification with LDA proposed by [15]. In future
work, we plan to improve the subjectivity classification accuracy by
using more than two views as well as customizing the SAR algorithm
to receive different types and numbers of views.
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Packed Feelings and Ordered Sentiments:
Sentiment Parsing with Quasi-compositional
Polarity Sequencing and Compression

Karo Moilanen' and Stephen Pulman? and Yue Zhang®

Abstract. Recent solutions proposed for sentence- and phrase-level
sentiment analysis have reflected a variety of analytical and compu-
tational paradigms that include anything from naive keyword spot-
ting via machine learning to full-blown logical treatments, either in
pure or hybrid forms. As all appear to succeed and fail in different
aspects, it is far from evident which paradigm is the optimal one
for the task. In this paper, we describe a quasi-compositional senti-
ment learning and parsing framework that is well-suited for exhaus-
tive, uniform, and principled sentiment classification across words,
phrases, and sentences. Using a hybrid approach, we model one
fundamental logically defensible compositional sentiment process
directly and use supervised learning to account for more complex
forms of compositionality learnt from mere flat phrase- and sentence-
level sentiment annotations. The proposed framework operates on
quasi-compositional sentiment polarity sequences which succinctly
capture the sentiment in syntactic constituents across different struc-
tural levels without any conventional n-gram features. The results
obtained with the initial implementation are highly encouraging and
highlight a few surprising observations pertaining to role of syntactic
information and sense-level sentiment ambiguity.

1 INTRODUCTION

Language affords a wonderfully rich array of devices for express-
ing subjectivity, sentiments, affect, emotions, stances, opinions, argu-
ments, points of view, perspectives, slurs, and the many other forms
of non-factuality. From the viewpoint of a computational algorithm,
non-factual content is bound to appear noticeably fuzzier than what
is usually the case in traditional, more factual NLP tasks such as
sentence breaking, part-of-speech tagging, or topic categorisation, to
name a few. On the other hand, recent advances in computational
Sentiment Analysis, Opinion Mining, and Affect/Emotion Analysis
(and other related areas) have produced applications which, while
still leaving much to be desired, are already highly useful in practice
and can in some cases mimic human sentiment interpretation rela-
tively well.

All proposals made in the above areas ultimately face the same
fundamental challenge which is to determine what happens when
individual expressions with rich (non-)sentiment properties interact

1 Oxford University —Computing Laboratory, UK. email:
Karo.Moilanen @oucl.ox.ac.uk

2 Oxford University —Computing Laboratory, UK.  email:
Stephen.Pulman@oucl.ox.ac.uk

3 University of Cambridge Computer Laboratory, UK. email:

Yue.Zhang@cl.cam.ac.uk

with each other. A wide range of different solutions can be found en-
compassing mere frequency-based keyword spotting with no or naive
analytical additions, various machine learning approaches that have
incorporated shallow-structural or -semantic features, and explicit di-
rect fully- or shallow-compositional sentiment logics (§5).

If the goal is to be able to fully understand and account for the
very behaviour of sentiment in language, then the task of explaining
a given expression is to be approached using some form of princi-
pled logical reasoning that tries to systematically analyse all differ-
ent parts of the expression in order to arrive at a logically defensible,
coherent, and interpretable explanation in each case. Logical reason-
ing gives rise to a number of fundamental compositional sentiment
processes many of which are simple enough to be modelled directly
(e.g. [18], [13]). The most basic process involves sentiment charge
which effectively involves inserting sentiment into an otherwise neu-
tral expression. For example, when the neutral sentence “[This re-
port will make you ___; for hours]™” is modulated by a positive
sentiment carrier (e.g. “laughi("') ), the non-neutral propagation
process causes the latter to propagate its non-neutral sentiment across
the entire sentence (vice versa for “weepi( “)). Another obvious pro-
cess is null composition which simply involves combining expres-
sions displaying the same polarity (e.g. “tevil] ? fwars]( 77 = “[evil
wars]( 7). Somewhat less frequent is the direct reversal process
in which reversive expressions reverse other expressions’ polarities
(e.g. “[avoid] ™ [trouble] 77 = “[avoid trouble] ™). More chal-
lenging are the numerous cases where clashing non-neutral polari-
ties interact: in these cases, some form of conflict resolution is nec-
essary whereby the ensuing conflicts are resolved using either syn-
tactic or semantic means (e.g. “[beneﬁt](+)[fraud]( )= “[benefit
fraud]( ?) 7).

Although it is still unclear which computational paradigm is opti-
mal for practical purposes, explicit sentiment logics that implement
the above kinds of fundamental sentiment processes have generally
been observed to be very precise. They however commonly require
manual rules which specify how individual expressions are to interact
in the analysis, and are not unlikely to suffer from limited recall lev-
els. Less focused machine learning approaches typically offer greater
coverage but risk becoming too domain-dependent. They have yet to
explain how the many contextual factors that ultimately govern the
interaction of individual expressions across different structural levels
are to be captured in a uniform and exhaustive manner.

In this paper, we seek to bridge these two paradigms and propose a
hybrid sentiment learning and parsing framework for (sub)sentential
sentiment analysis that implements only one of the above logical sen-
timent processes directly while leaving the rest to be learnt proba-
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bilistically from annotated sentiment data. The justification for a hy-
brid strategy is that the most basic compositional processes are sim-
ple enough to be modelled directly while the more complex ones may
necessitate a more data-driven approach (cf. [4]). The framework is
conceptually simple yet surprisingly powerful, and lends itself nat-
urally to uniform sentiment parsing across words, phrases, and sen-
tences. It is abstract enough to reduce domain and structural depen-
dency effects but specific enough to capture one of the most impor-
tant behavioural properties of sentiment. The proposed framework
can be implemented easily without any complex linguistic processing
as it requires only flat phrase- and/or sentence-level sentiment anno-
tations, a sentiment lexicon, and, optionally, a part-of-speech tagger
and a syntactic parser.

2 POLARITY SEQUENCE MODEL

Consider the following sample sentence (Ex. 1) (non-neutral and re-
versive words underlined).

[“Our 1lives™will never"lbe the same again, having
(1)  1lostJour Loved™ones and everything [we had] having
been dest royed( '),” Moussa told IRIN.]( -

In a baseline approach, a classifier could first consider the polar-
ity frequencies in the sentence (cf. [6]). It would however fail in this
case since a POS/NEG tie count of 2 would ensue. In a more popu-
lar approach, the classifier could instead consider the distribution of
various n-grams in the sentence: the unigram “lost” and the bigram
“and everything” might, for example, help the classifier to make a
decision if it has seen them amongst its negative polarity training ex-
amples (cf. [17]). Although they can reach moderate accuracy levels,
the major drawback in n-gram models is that they seldom generalise
well beyond the training data used, ignore all positional and temporal
aspects of the sentiment carriers, and also perform markedly worse
at lower (sub)sentential levels where evidence is always scarcer.

More complex features can then be harnessed to account for lim-
ited contexts around individual sentiment carriers by using crude,
fixed windows (e.g. £5 words) or by considering the sentiment
around and above the sentence. For example, the fact can be ex-
ploited that the reversive adverb “never! ™1 affects the positive noun
“lives(t)” (via the head verb “be”’). However, structural features still
struggle to cope with the fact that sentiment carriers and other expres-
sions modifying them can occur in any syntactic position, with many
nested long-distance dependencies involved (cf. [25]). When more
global structural features (e.g. checking if the sentence is surrounded
by negative sentences or if it is in a negative document) are used (cf.
[12]), evidence may erroneously be amassed from structures whose
sentiment properties have nothing at all to do with each other. If posi-
tional information (e.g. the verb “destroyed( )7 is the last sentiment
carrier in the sentence) is included (cf. [15]), the problem remains
that the most salient carrier can occur anywhere in the sentence. A
further complication arises from the fact that many sentiment carriers
suffer from context-dependent polarity ambiguity which confounds
the problem even further.

2.1 Quasi-Compositional Sentiment Sequencing

On the basis of these kinds of complications that have hampered
learning-based approaches, we instead investigate the possibility of
an alternative, much simpler, route around the problem by dropping
all but one of the conventional assumptions: specifically, we focus
solely on the linear order in which atomic sentiment polarities occur

in a sentence. If we represent the above sentence (Ex. 1) based on
the prior out-of-context sentiment polarities of the words in it, the
following raw polarity sequence representation emerges (Ex. 2):

1:NTR 2:POS 3:NTR 4:REV 5:NTR 6:NTR 7:NTR
8:NTR 9:NTR 10:NEG 11:NTR 12:POS 13:NTR
14:NTR 15:NTR 16:NTR 17:NTR 18:NTR 19:NTR
20:NEG 21:NTR 22:NTR 23:NTR

(@)

Note that in addition to the three sentiment polarities proper (POS,
NTR, NEG), the sentiment reversal potential (REV) of a word is used
here as a fourth ‘polarity’ (cf. [4]). Raw polarity sequences such as
this can then be turned into learning features by treating each step
(i.e. slice) in the polarity sequence as a separate feature. However, be-
cause sentences and phrases vary a great deal in terms of their length
(i.e. the number of raw feature slices that they yield), raw polarity
sequences risk generating too sparse feature vectors and do as such
necessitate very large amounts of training data to cover the proba-
bility of each of the four polarities occurring in each of the slices.
Hence, we seek to employ some form of feature reduction instead.

The fundamental compositional sentiment process of null compo-
sition described in §1 offers a simple, yet logically defensible, means
to shrink the feature space. If it is the case that two expressions which
display the same polarity (e.g. “[evil 107 fwars] ) cannot but re-
sult in a compositional expression with the very same polarity (e.g.
“[evil wars]( K ”), then the same holds for three, four, and, by ex-
tension, n expressions. Hence, all subsequences in a raw polarity se-
quence that display the same consecutive polarity can axiomatically
be collapsed into a single feature slice. We accordingly observe that
the present sentence reduces into the following compressed quasi-
compositional polarity sequence (Ex. 3) (with old and new slice
IDs):

=

:NTR 2:POS 3:NTR 4:REV 5:NTR 6:NEG
7:NTR 8:POS 9:NTR 10:NEG 11:NTR

Polarity (sub)sequence
Raw [ [ Compressed
1:NTR > 1:NTR
2:POS > | 2:POS
3:NTR > | 3:NTR
(3) | 4:REV > | 4:REV
5:NTR 6:NTR 7:NTR 8:NTR 9:NTR > 5:NTR
10:NEG > | 6:NEG
11:NTR > 7:NTR
12:POS > | 8:POS
13:NTR 14:NTR 15:NTR 16:NTR > 9:NTR
17:NTR18:NTR 19:NTR
20:NEG > | 10:NEG
21:NTR 22:NTR 23:NTR > 11:NTR

From the raw polarity sequence that originally had 23 fea-
ture slices, a compressed quasi-compositional polarity sequence (
i.e. “Oury livess wills nevery bes ... losts ourr loveds omesg ...
destroyedio Moussay1”) with only 11 feature slices (compression
rate 52.17%) can therefore be derived. By ‘quasi-compositional” we
mean that the framework is aware of the fact that each compressed
slice is composed of n sub-slices but does not attempt to analyse the
composition: in other words, we jump directly from atomic prior sen-
timent (stemming from individual words) to more global sentiment
without explaining the mapping(s) in between. The main assump-
tion behind the quasi-compositional model is that, because of the
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null composition process, the compressed slices can still be expected
to represent the very same sentiment information as their raw source
slices: in the present example, although nearly half of the words were
discarded, the sentiment information in the compressed 11 slices can
be equated with that in the raw 23 slices.

Note that compressed polarity sequences can match a potentially
very large number of unseen expressions regardless of which or how
many words they contain because what is considered is the positions
of the individual relevant sentiment polarities - not the surface words
- in them. For example, a classifier trained on the present training ex-
ample ought to be able to reason that an unseen chunk of text - be it
a phrase with 11 words, a sentence with 25 words, or a document
with 58 words - that contains compressed polarity slices ordered
as NTR_POS_NTR_REV_NTR_.NEG_NTR_POS_NTR_NEG_NTR can be
negative. More importantly, if an unseen chunk of text fails to match
any known sequence fully (e.g. when it is longer or shorter than any
of the training examples), it is still likely to match many of the indi-
vidual slice positions in the training data which means that the frame-
work fails gracefully as the most optimal submatch can be expected
in each case.

The advantage of the proposed polarity sequence model over sim-
ple n-gram modelling is that more information can in fact be cap-
tured because all key evidence can be accessed pertaining to the
temporal (and hence positional) development of sentiment involv-
ing the smooth mixing, blending, figure/ground, and fading in/out
behaviour amongst the three polarities ([10], [11]). Moreover, its
advantage over more complex structural features is that polarity se-
quences may get rid of some unnecessary and untrue structural de-
pendencies amongst words and syntactic constituents.

2.2 Feature Representation

In order for the compressed sequences to be used in supervised learn-
ing, we generate from each slice four separate features reflecting the
polarity of the slice (i.e. POS, NTR, NEG, REV) represented with bi-
nary true/false values. The base polarity features can further be aug-
mented with other information pertaining to various other proper-
ties of the words to which the feature slices point such as their word
classes or grammatical roles. We consider further non-sentiment-
related features from non-neutral and reversive words encompass-
ing (i) word class tags (as output by a part-of-speech tagger) (§3.2),
(ii) grammatical role tags (as output by a dependency parser) (§3.2),
(iii) polarity word sense (WSD) ambiguity tags (as specified in a
sentiment lexicon) (§3.1), and (iv) various combinations thereof.
These additional non-sentiment-related features can be incorporated
in two distinct ways. If composite tags are used, then additional
non-sentiment-related evidence can be represented with more spe-
cific features. For example, the features from the above compressed
polarity sequence can be enriched to include information such as the
following (Ex. 4) (two sample slices shown):

Word class  2:POS:N|8:POS:ADJ]| ..
(4) Syntax 4:REV:ADV|6:NEG:MAIN-V| ...
WSD 2:POS:NTRPOS|10:NEG:NONE]| ...

The classifier could then consider whether the eighth slice points
to a positive adjective, whether the sixth one is a negative main verb,
or whether the second slice points to a positive word that can also be
neutral, for example. Another logical choice involves parallel tags
amongst which additional non-sentiment-related evidence is scat-
tered around multiple features. For example, parallel features such

as the following can be had from the above compressed polarity se-
quence (Ex. 5) (two sample slices shown):

Word class  2:P0S|2:N|8:POS|8:ADJ| ...
(5) Syntax 2:P0OS|2:SUBJ|6:NEG|6:MAIN-V] ...
WSD 2:POS|2:NTRPOS|10:NEG|10 :NONE] ...

In this case, the classifier could consider whether the second slice
(i) is positive, (ii) points to a noun, (iii) functions as the subject in the
sentence, and (iv) can be neutral or positive, respectively.

2.3 Training Data and Classifier

The learning models that we explore in this study were trained
on two public domain data sets. The first ternary POS/NTR/NEG
source, the MPQA Opinion Corpus Version 2.0* ([24]) (henceforth
MPQA), yields 20822 (3993 (19.18%) POsS, 7493 (35.99%) NEG,
9336 (44.84%) NTR) hand-labelled flat phrase- and sentence-level
annotations from general news articles (inter-annotator agreement
72~.82). Of the many different annotation types offered by the
database, only expressive subjectivity and direct subjectivity an-
notations (intensity € {low, medium, high, extreme}; polarity €
{positive, negative, neutral}) were included. Most of the training ex-
amples are short, with an average token count of ca. 2.69 (min. 1,
max. 34, stdev. 2.29).

The second binary POS/NEG source, the Sentence Polarity Data
Set v1.0° ([16]) (henceforth P&L), offers 10662 (5331 (50%) POS,
5331 (50%) NEG) flat sentence- and snippet-level annotations from
(unverified) movie review star ratings mapped automatically onto bi-
nary sentiment polarities (inter-annotator agreement unknown). The
P&L training examples are much longer, with an average token count
of ca. 21.02 (min. 1, max. 59, stdev. 9.41).

In total, 18 models were trained from the two sources, in the con-
ditions given in Table 1. The feature group label pol refers to base
sentiment polarity features (§3.1), wsd to lexical polarity ambiguity
features (§3.1), pos to word class features (§3.2), and syn to gram-
matical role features (§3.2). It can be seen that both training data sets
could be captured with only a handful of slices (min. 20...27) which
in turn translated into a small number of features (min. 58...99). Note
that these figures are by a magnitude smaller than what would be the
case if typical n-gram features were used as default unigrams would
alone generate ca. 7800 (MPQA) vs. 18000 (P&L) features.

As a classifier of choice for the study, we used the Support Vec-
tor Machine implementation in the SVM.NET package with a linear
kernel and all default parameters®.

3 SENTIMENT PARSING

The previous sections illustrated the proposed framework that rep-
resents sentiment as compressed polarity sequences. The framework
enables uniform sentiment parsing across words, phrases, and sen-
tences without having to develop separate classifiers for different
structural levels (e.g. running a sentence-level classifier to classify
very short phrases). We combine the framework with a syntactic
dependency parser to classify each individual syntactic constituent

4http://www.cs.pitt.edu/mpga/

5 http://www.cs.cornell.edu/People/pabo/
movie-review-data/rt-polaritydata.tar.gz

6 Johnson, M. (2008). SVM.NET 1.4. (www.matthewajohnson.org/
software/svm.html). Based on Chang, C. & Lin, C. (2001). LIB-
SVM. (www.csie.ntu.edu.tw/~cjlin/libsvm/).
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Table 1. Summary of learning models
Feature Groups Feature Type Features Slices
MPQAT] P&L | MPQAT P&L

pol composite 58 99 20 27
pol.wsd composite 183 394 22 33
pol.pos composite 157 347 21 28
pol.syn composite 380 977 26 32
pol.wsd parallel 270 975 24 34
pol.pos parallel 303 1048 | 33 47
pol.syn parallel 501 1842 | 38 50
pol.wsd.pos.syn | composite 1031 3449 | 28 36
pol.wsd.pos.syn | parallel 1331 5507 | 55 78

in a piecemeal fashion, one sentence at a time. Fully compositional
sentiment parsing can be achieved by allowing the sentiment polar-
ity sequence model to base its decisions on its own previous deci-
sions amongst constituents and their subconstituents in an incremen-
tal and recursive manner. We however focus in this initial study on
the general properties of sentiment polarity sequencing at various
non-interacting structural levels and leave the investigation of full
composition for future work.

3.1 Sentiment Lexicon

The underlying sentiment knowledge that our framework draws on
comes in the form of an extensive sentiment lexicon which con-
tains 57103 manually classified entries tagged with various prop-
erties relevant to compositional sentiment interpretation across ad-
jectives (22402, 39.2%), adverbs (6487, 11.4%), nouns (19004,
33.3%), and verbs (9210, 16.1%). Included are positive (21341,
37.4%), neutral (7036, 12.3%), and negative (28726, 50.3%) en-
tries as well as reversive operators (1700, 3.0%) which are words
and phrases that can directly reverse the polarity of a non-neutral
expression (e.g. “reducel ™! 7, “nol ™! 7 “prevention[ -/ ”). The lex-
icon also contains for each entry sentiment word sense ambiguity
(WSD) tags that specify whether a given entry (i) unambiguously dis-
plays only one polarity across its senses (NONE) (e.g. “woefully( )y,
is binary-ambiguous within the binary choice space (ii) positive or
neutral (POSNTR) (e.g. “brilliant TN ”), (iii) negative or neutral
(NEGNTR) (e.g. “rat™(7)”), (iv) positive or negative (POSNEG)
(e.g. “proud( I or (v) is fully ternary-ambiguous (ANY) (e.g.
“high(N) (+)(-)) The proposed framework is not tied to our current
lexicon as any sentiment lexica can be used instead.

3.2 Grammatical Analysis

Each sentence is input into an initial grammatical analysis which in-
volves part-of-speech tagging and syntactic dependency parsing. The
chosen dependency parser’ (i) tokenises the sentence into individ-
ual tokens, (ii) lemmatises them, (iii) assigns word class and other
morphological features to them, (iv) creates syntactic links between
them, and (v) labels the links according to their syntactic and de-
pendency functions and types. The resultant raw dependency links
between individual words in the sentence are converted into a flat,
non-binary constituent tree in which each word in the sentence is
treated as a head of a syntactic constituent for which sets of optional
immediate (non-recursive) pre-head and post-head dependents are
constructed. The proposed framework is not dependent in any way
on this parser as any component that offers part-of-speech tags and
marks syntactic constituent boundaries can be plugged in.

7 Connexor Machinese Syntax 3.8.1. http://www.connexor.com/

3.3 Recursive Sentiment Analysis

1°" Pass. For each parsed sentence, we then assign prior sentiment
polarities and polarity reversal values to all tokens based on the sen-
timent lexica (§3.1). All unknown words are asserted as neutral by
default. Sentiment parsing involves first identifying plausible entry
points into the dependency tree of the sentence which typically en-
compass (i) the main lexical head verb of the root clause, (ii) the
head noun of a main clausal verbless NP, or (iii) a stranded word not
linked to any other word in the sentence. The parser first descends re-
cursively down to the lowermost atomic child leaf constituent under
an entry constituent, and then climbs the tree upwards recursively to
calculate a sentiment polarity for each intermediate constituent until
all constituents - and hence the whole sentence - have been analysed.

When parsing a constituent, the parser follows a fixed head-
dependents combination schema in combining the constituent head
(H;) with k pre- (L;—x . —1) and j post-head (R; 11 . +4+;) dependents
in a specific sequence, namely 1) first combining post-heads ([R])
with the head in a rightward direction (starting with the post-head
nearest to the head), and 2) then combining the pre-heads ([L]) with
the head-post-heads set ([HR]) in a leftward direction (starting with
the pre-head nearest to the head). Each time a head is combined
with a dependent, a chunk of text which reflects the surface words
subsumed by the head-dependent pair is input into the sentiment se-
quence classifier. The resultant predicted polarity class label is then
considered as the current global polarity in the analysis so far.

We accept the probabilistic predictions in all but one situation: in
cases where a constituent head lacks any dependents (i.e. is made of
just a singular word), we bypass the classifier and instead resort to
the polarity assigned to the word in the lexicon. The reason for this
simple exception is that there is no guarantee that the probabilistic
classifier does not (i) override the prior polarity assigned to a word
in the lexicon or (ii) render a neutral word non-neutral (e.g. inputting
a NTR word into a binary POS/NEG model) in which case the frame-
work would cease to be grounded on lexical knowledge. Note that
our goal is to classify combinations of words, not individual words.

274 Pass. The above 1°¢ pass in the sentiment parsing process
assigns sentiment to all syntactic constituents in a given sentence
which ultimately results in all individual surface words displaying
the final top-level compositional sentiment polarity/ies. In real-world
use scenarios, the success (or the failure) of a sentiment algorithm
will be judged based on whether or not the sentential polarities that
individual surface words display make sense and ‘read well’. It is
unfortunately possible that some surface words end up displaying
a polarity that appears incongruous with respect to the rest of the
sentence. Such anomalies can stem from fragmentary grammatical
analyses or arise when the classifier suggests a neutral polarity for
a sentence even though it contains words which bear a known non-
neutral polarity in the lexicon.

A further 2"¢ pass is therefore required to hide any traces of
fragmentary or inconsistent analyses at the top sentence level. On
the basis of the general tendency towards a coherent polarity flow
within/across sentences (cf. [10], [11]), we accordingly account for
1) neutral polarity gaps (i.e. stranded neutral words amidst non-
neutral words), and for 2) non-neutral islands (i.e. stranded non-
neutral words that clearly disagree with the global majority sentiment
of the sentence). For both gaps and islands, we simply execute a bidi-
rectional lookup method around each incongruous surface word, and
use the polarity evidence from their neutral/non-neutral neighbours
as a heuristic masking polarity.
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4 EXPERIMENTS

Evaluating the performance of the proposed framework is not as
straightforward as it seems. Firstly, because the sentiment sequence
model is applied across all structural levels as part of exhaustive sen-
timent parsing, the targeted classification task is ultimately a ternary
POS/NTR/NEG one for not all constituents are non-neutral: however,
most public-domain gold standards come with binary POS/NEG an-
notations only. Accordingly, if a ternary classifier’s output is evalu-
ated against a binary gold standard (or vice versa), any conclusions
that may be drawn are partial in the strictest sense. Secondly, since
our framework assigns sentiment labels to all constituents in sen-
tences, it is by no means clear which constituents ought to be eval-
uated. For example, if a gold standard contains expressions with ar-
bitrarily chosen boundaries, there is no guarantee that the classifier’s
syntactic constituents map fully onto them (in fact they rarely do). As
we are not aware of any manually-annotated and verified multi-level
sentiment treebanks for English at the time of writing, we instead re-
sort to three different gold standards which collectively shed light on
the strengths and weaknesses of the framework at different structural
levels. Due to these complications, we focus mainly on strictly binary
evaluation conditions (whereby neither NTR predictions by the clas-
sifier nor NTR cases in the gold standard (if present) are considered)
as they are much more indicative of core sentiment judgements.

4.1 Gold Standard Data Sets

Headlines [SEMEVAL]. The first data set comprises 1000 news
headlines from the SemEval-2007 Task #14 annotated for polar-
ity along the scale [-100...-1|0]1...100] (46.80% POS), 0.60% NTR,
52.60% NEG) (six annotators, inter-annotator agreement r .78)
([23])8. We included only the POS ([+1...+100]) and NEG ([-100...-
1]) entries in the evaluation, and compare the classifier’s sentential
polarity against each headline. Ex. 6 illustrates sample headlines
from the data set.

©) [+32] Test to predict breast cancer relapse is approved
[-48] Two Hussein allies are hanged, Iraqi official says
Phrases [MPQA]. Evaluation targeting phrase-level expressions
is based on the MPQA data set (§2.3) which we utilise for both
ternary POS/NTR/NEG and binary POS/NEG evaluation. Ex. 7 illus-
trates a sample expression annotation in a sentence (annotation un-
derlined).

[LOW] [POS] Private organizations
(7)  are also being encouraged to help fight sandstorms, ac-
cording to the administration’s vice-director Li Yucai.

The MPQA expressions are considered in isolation without any
contextual evidence from their hosting sentences in the MPQA
database in order to avoid any subjective mappings or overlapping
measures between the MPQA expression boundaries and our parser’s
constituents. In this condition, we compare the top-level polarity out-
put by the classifier against each expression.

Snippets [P&L]. Further sentence- and snippet-level evaluation
data come from the P&L data set (§2.3). Because a given snippet may
consist of multiple sentences, we evaluate the majority ‘document-
level’ polarity output by the classifier against each snippet in this
condition. Ex. 8 illustrates a sample sentence from the data set.

8 http://www.cs.unt.edu/~rada/affectivetext

[NEG] it wouldn’t be my preferred way of spending 100 min-

® utes or $7.00.

4.2 Evaluation Measures and Baselines

A large number of different evaluation measures can be used to
characterise the performance of the models, each of which high-
lights a different evaluative aspect. We hence evaluate the models
using multiple complementary measures. The first measure family
targets the conventional notion of ‘accuracy’ used in traditional fac-
tual classification tasks encompassing Accuracy, Precision, and Re-
call measures. For these, individual pairwise polarity decisions (POS
vs. NOT-POS, NTR vs. NOT-NTR, NEG vs. NOT-NEG) were used.
The second measure family focuses on different levels of agree-
ment and correlation between human sentiment judgements and
our models by calculating chance-corrected rates based on the stan-
dard Kappa k, Pearson’s r product moment correlation coefficient,
and Krippendorff’s « reliability coefficient measures. In ternary
POS/NTR/NEG classification, not all classification errors are equal
because classifying a POS case as NTR is more tolerable than clas-
sifying it as NEG, for example. We lastly characterise three distinct
error types between human H and algorithm A, namely 1) FATAL
errors (H(®A(®) qe{+-}), 2) GREEDY errors (H(N) A(®) qe{+-}),
and 3) LAZY errors (H(WADM) ae{+-}).

The models are further compared against three baselines, namely
positive (POS_BASE), negative (NEG_BASE), and majority senti-
ment using raw polarity frequency counting (FREQ_BASE).

4.3 Results

[SEMEVAL]. Starting with the short headlines, Table 2 highlights
the performance of the models in the 2-way POS/NEG condition.
In overall, the results are highly encouraging on both training data
sets and are comparable with sample levels reported in other stud-
ies ([23])°. MPQA training data yielded clearly better scores than
P&L data because (i) the former contains much more training data,
and (ii) the MPQA expressions and the SEMEVAL headlines are
of similar lengths. Both training data sets surpassed the POS_BASE
(47.08) and NEG_BASE (52.92) baselines while the P&L models
struggled to outperform the very high FREQ_BASE level at 71.53.
Binary accuracy levels range from 71.03 to 77.94 while preci-
sion varies interestingly between the two polarities in that positive
sentiment (72.47~84.14) is more precise than negative sentiment
(71.45~76.94). Recall in turn displays a reverse pattern as positive
sentiment has a considerably lower recall (62.80~66.88) than nega-
tive sentiment (84.41~92.41). Agreement levels point towards mod-
erate levels at around 52.47~54.49.

[MPQA]. Models trained on the P&L training data reached even
more promising rates on the MPQA data set which is shown in Ta-
ble 3 (2-way POS/NEG condition). All models surpassed the accuracy
baselines (POS_BASE (34.76), NEG_BASE (65.24), FREQ_BASE
(70.32)). The scores are especially significant because the slices
from the MPQA and P&L training data differ considerably in length.
Again, the models perform well against reported levels reached in
other studies'®. While binary accuracy rose to 84.73, agreement

9 Cf. the highest reported 3-way figures in [23] are ~55.10 (accuracy),
~61.42 (precision), and ~66.38 (recall). Note, however, that their eval-
uation conditions are not strictly identical with ours.

10 Cf. the highest reported 2-way figures in [25]: 421 are ~74.5 (POS pre-
cision), ~87.8 (NEG precision), ~77.8 (POS recall), and ~98.3 (NEG
recall). [4] report ~88.5...90.7 2-way accuracies. Note, however, that their
evaluation conditions are not strictly identical with ours.
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Table 2. Experimental results on the SEMEVAL data set, 2-way POS/NEG condition (= boost over pol features)

Trained on 3-way MPQA [20882], tested on 3-way Semeval headlines [784...841]
Feature Groups | pol H polwsd polpos polsyn | polwsd polpos polsyn | pol wsd possyn | pol wsd pos syn
Feature Types composite parallel composite parallel
Acc POS/NEG | 77.94 || 74.88 76.74 77.30 76.68 76.96 77.38 73.20 74.79
Prec POS 84.14 || 82.09 80.50 79.46 76.17 82.13 81.74 76.29 76.75
Prec NEG 75.52 || 72.47 75.17 76.437 | 76.947 74.87 75.537 | 71.99 73.86
Rec POS 57.36 || 49.85 57577 57427 | 62.807 56.93 58.637 | 51.75 58.267
Rec NEG 9241 || 92.39 90.21 90.30 86.34 91.19 90.70 88.52 86.98
Kappa 52.24 || 44.88 49.89 50.12 50.48 50.36 51.43 4221 46.72
Pearson 5449 || 48.01 51.57 51.64 51.08 52.38 53.15 44.09 47.85
Krippendorff 5143 || 47.57 51.14 50.35 52.767 51.12 51.877 | 48.11 51.28
Trained on 2-way P&L [10662], tested on 3-way Semeval headlines [994]

Feature Groups | pol H pol wsd polpos polsyn | pol wsd polpos polsyn | pol wsd possyn | pol wsd pos syn
Feature Types composite parallel composite parallel
Acc POS/NEG | 70.52 || 71.037 65.90 69.11 67.40 70.627  70.827 | 62.47 64.29
Prec POS 69.40 || 72.067 72.01T  70.187 | 68.95 70.667  72.477 | 68.06 63.75
Prec NEG 7145 || 70.31 63.34 68.40 66.45 70.60 69.73 60.47 64.67
Rec POS 66.88 || 62.82 45.09 59.83 55.98 64.32 61.32 38.25 55.98
Rec NEG 73.76 || 78.337 84417 77.387 | 77.577 76.247  79.287 | 84.037 71.67
Kappa 40.73 || 41.447 30.12 37.51 33.90 40.757 40957 | 22.83 27.84
Pearson 40.75 || 41.757 32.29 37.89 34.46 40.90T 41.407 | 25.21 28.03
Krippendorff 5247 || 52.21 45.30 50.61 48.94 52.21 51.84 41.61 47.21

with human sentiment annotations is closer to substantial levels
(57.84~67.20). A clear asymmetry towards negative sentiment can
be attested as both negative precision (90.60) and negative recall
(89.20) are higher than positive precision (78.10) and recall (83.06)
(cf. similar observations in [25]: 421).

[P&L]. The P&L data set interestingly appears more challenging
for models trained on the MPQA training data as can be seen in the
markedly lower levels shown in Table 4 (2-way POS/NEG condition).
Binary accuracy decreased to 61.65 while agreement rates dropped
to the level of only fair agreement (23.20~43.50). Although they
surpassed the POS_BASE and NEG_BASE baselines (50), the models
are just below the FREQ_BASE baseline (61.57). A polarity asym-
metry can once again be observed between higher positive precision
(72.76 vs. 58.23 (NEG)) vs. higher negative recall (87.40 vs. 42.79
(P0S)). The unexpectedly lower performance stems from the dispar-
ity in the number of slices in the (3-way) MPQA and (2-way) P&L
data sets. An alternative conclusion drawable from the cross-training
and -testing between the MPQA and P&L data sets is that the polar-
ity sequence model may work better when the training data (P&L)
contains more slices than the test data (MPQA). Note however that
the P&L data set is replete with sarcasm, irony, and unknown words
not found in our lexica.

Neutral Polarity. Since our goal was to maximise the amount of
training data for the models, we employed the MPQA data set in
its entirety. We moreover aimed at emulating real-world conditions
by using strictly separate data sets for training and testing instead of
cross-validation conditions of any kind (e.g. [4], [25]). Unfortunately,
no unseen testing data with neutral polarity instances were then avail-
able for our experiments as only the MPQA data set contains ternary
annotations. In order to estimate the neutral polarity performance of
the models, we examined the relative performance of neutral polar-
ity against non-neutral polarities using the base polarity pol model
on the MPQA data set itself. Note that because we train and test on
the same data set, the figures are understandably higher that what can
be expected from unseen neutral annotations in the future. Neverthe-
less, many useful observations can be made based on the figures in

Table 5. The inclusion of neutral polarity is likely to have an adverse
effect on overall performance - an observation which concurs with
the general trend in the area (e.g. [13], [25]). In our experiments,
neutral recall was somewhat low (62.11) but its accuracy (72.03) and
precision (71.72) were still high relative to the non-neutral levels. If
we consider the error types in the ternary condition, only 14.14%
of the errors were FATAL: the high level of GREEDY errors (52.15)
indicates that the models may display oversensitivity towards non-
neutral sentiment. For reference, we also report the corresponding
ternary rates offered by the same model trained on binary P&L data.
Note however that all neutral predictions in this condition come from
singular words that bypassed the classifier altogether (see §3.3). The
general pattern is the same, albeit somewhat more pronounced.
Features. We lastly consider the relative merits of individual fea-
ture groups across all data sets. The first clearly evident pattern is that
mere polarity features (pol) are generally highly effective - especially
considering that no n-gram evidence was used in any form. It is in
fact surprising that so few features (58 (MPQA), 99 (P&L)) can even
reach such high rates with highest accuracies touching on 84.73, pre-
cision levels up to 90.60, and recall levels up to 92.41 in some cases.
More intriguing is the evidence pertaining to the expected utility of
the extra non-sentiment-related feature groups. On the one hand, sen-
timent WSD, word class, and syntactic information do facilitate the
analysis in many cases. On the other hand, they also hurt the perfor-
mance of the base features in a number of cases. Although all of the
extra features help in some condition, none of them can be said to
help categorically. The single most useful supporting role is played
by word-level sentiment WSD features which gave a boost most of-
ten in 24 conditions (13 composite, 11 parallel), indicating that the
WSD tags can crudely mask the sentiment ambiguity amongst the
slices. The support given by word class and syntactic information
was not as high as expected since both boosted the base features in
19 conditions (word class: 10 composite, 9 parallel; syntax: 6 com-
posite, 13 parallel). This in turn seems to suggest that either more
training data are required or that morphosyntactic information is sub-
servient to mere linear polarity sequences. Against the conventional
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Table 3. Experimental results on the MPQA data set, 2-way POS/NEG condition (= boost over pol features)

Trained on 2-way P&L [10662], tested on 3-way MPQA [10709]

Feature Groups | pol [ polwsd polpos polsyn [ polwsd polpos polsyn [ pol wsd possyn | pol wsd pos syn
Feature Types composite parallel composite parallel
Acc POS/NEG | 84.21 || 84.737  83.89 83.31 83.79 83.95 80.53 77.82 81.04
Prec POS 7428 || 75.177  76.647 73.13 78107  74.12 70.19 68.93 72.93
Prec NEG 90.38 || 90.607  87.68 89.63 86.51 89.98 86.59 82.06 85.16
Rec POS 82.76 || 83.06T  76.49 81.41 73.48 81.95 75.43 64.69 71.39
Rec NEG 84.97 || 85.61T  87.777 8431 89.207  85.007 83.20 84.71 86.117
Kappa 6594 | 67.007  64.29 64.00 63.57 65.31 57.61 50.13 57.79
Pearson 66.18 || 67.207  64.29 64.22 63.64 65.51 57.70 50.19 57.80
Krippendorff 57.58 || 57.847  55.59 56.89 54.56 57.26 54.25 50.04 53.14

Table 4. Experimental results on the P&L data set, 2-way POS/NEG condition (= boost over pol features)

Trained on 3-way MPQA [20882], tested on 2-way P&L [9743...10313]

Feature Groups | pol H pol wsd polpos polsyn | polwsd polpos polsyn | pol wsd possyn | pol wsd pos syn
Feature Types composite parallel composite parallel

Acc POS/NEG | 60.37 || 60.13 61.01T 59.86 61.557 60.12 60.427 | 59.00 60.677

Prec POS 72.76 || 72.48 69.08 69.91 68.93 68.46 68.22 67.76 67.00

Prec NEG 56.65 || 56.41 57707  56.717 | 58.237 56.887 57.207 | 56.03 57.687

Rec POS 3349 | 3341 40.13T7  33.587 | 42.577 38.147  39.637 | 34.357 42.797

Rec NEG 87.40 || 87.17 81.97 85.76 80.67 82.28 81.38 83.65 78.72

Kappa 20.85 || 20.51 22.08T 1941 23.207 20.38 20.977 | 18.01 21.487

Pearson 24.78 || 24.38 24.33 22.69 25.127 22.75 23.11 20.70 23.04
Krippendorff 39.89 || 39.82 42517 39.62 43.507 41.527  42.127 | 39.70 43.167

principle of crude force, wielding all of the features did not help as
only 9 conditions benefited from them (2 composite, 7 parallel): in
many cases, they too proved counterproductive. We hypothesise that
this is due to the sparser feature spaces involved. Regarding which
feature representation option - composite vs. parallel - is optimal, no
firm conclusions can be drawn.

In overall, the boost given by the extra non-sentiment-related fea-
tures over the base polarity features can range between only 1.02
(Pearson) and as much as 10.65 (negative recall) (cf. +1.18 (agree-
ment), +1.58 (negative precision), +2.35 (Kappa), +3.61 (Krippen-
dorff), +3.83 (positive precision), +9.31 (positive recall)). However,
their adverse effects are much more pronounced, potentially ranging
from as much as -5.76 (positive precision) to -28.63 (positive recall)
(cf. -8.05 (agreement), -8.68 (negative recall), -10.86 (Krippendorff),
-10.99 (negative precision), -15.99 (Pearson), -17.90 (Kappa)).

5 RELATED WORK

Sentence and Phrase-level Sentiment Analysis. A wide range of
different approaches have been attempted. At the base level, mere
frequency counting ([6]) with naive analytical or learning additions
([3], [6], [10]) can offer moderate accuracies in some tasks. Various
more complex machine learning approaches have incorporated shal-
low structural features ([1], [3], [25]), or joint classification mod-
els that target the structural co-dependency between individual sen-
tences and documents using constrained inference ([12]). At the
other end of the spectrum, a number of explicit direct fully- or
shallow-compositional sentiment logics have been developed most of
which rely on hand-written combinatory rules and lexical sentiment
seeds in conjunction with semantic scope-driven valence shifters
([18]); fully compositional syntax-driven parsing ([13], [21]); struc-
tured inference-based learning with lexical, negator, and voting fea-
tures ([4]); cascaded pattern matching with shallow phrasal chunking
([8]); learning-based topic classifiers with shallow phrasal chunking
([14]); verb-centric event frames with scored knowledge bases ([20]);

or other heuristic linking and ranking patterns ([15]).

Positional Features. Even though they appear intuitively useful,
positional features have so far been somewhat underrepresented in
the area. Past attempts have focused on simple positional informa-
tion within sentences ([9]), documents ([17]), or discourse ([22]).
The solution closest to our sequence model is the sequential approach
in [11] who model global document-level sentiment using a tempo-
ral trajectory function from local sentential polarities calculated by
an Isotonic Conditional Random Field-based classifier. None of the
above are driven by any compositional sentiment processes.

Feature Reduction and Compression. Various feature reduction
techniques have been used in conjunction with sentiment learning.
Typically, they operate on n-gram features and remove redundant
or weak features through subsumption ([19]), abstraction ([7]), log
likelihood ratio filters ([5]), or more sophisticated search criteria
([2]) amongst others. The guiding force behind our proposed feature
reduction mechanism is in contrast the fundamental, linguistically
justified, null composition principle. A conceptually analogous ap-
proach to sentiment compression is mentioned in [26] who, in mea-
suring controversy in social media, construct polarity ‘micro-state
vectors’ from words’ polarity intensities and then similarly try to
compress them. However, they leave all feature reduction decisions
to standard compression algorithms agnostic of any compositional
sentiment processes.

6 CONCLUSION

We have described a simple, yet effective, hybrid sentiment learning
and parsing framework which is grounded on one basic logically de-
fensible compositional sentiment process and which uses additional
supervised learning to deal with more complex sentiment processes.
The proposed framework, which offers a natural, yet principled basis
for sentiment reasoning, operates on quasi-compositional sentiment
polarity sequences which succinctly capture the sentiment in syntac-
tic constituents across different structural levels without any conven-
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Table 5. Experimental results on the MPQA data set, 3-way POS/NTR/NEG condition

Tested on 3-way MPQA [20882]
Accuracy Precision Recall Error Severity
Trained on POS NTR NEG | POS NTR NEG | POS NTR NEG | FATAL GREEDY LAZY
3-way MPQA [20882] | 79.97 72.03 82.85 | 48.48 71.72 7855 | 71.25 62.11 72.00 | 14.14 52.15 33.72
2-way P&L [10662] 7737 6551 71.89 | 4473 79.05 5796 | 76.36 31.39 79.66 | 19.06 72.19 8.76
tional n-gram features. It can be used for uniform sentiment classifi- [12] Ryan McDonald, Kerry Hannan, Tyler Neylon, Mike Wells, and Jeff

cation across words, phrases, and sentences, and requires only simple
flat phrase- or sentence-level sentiment annotations, a sentiment lex-
icon, and, optionally, a part-of-speech tagger and a syntactic parser.
The results obtained with the initial implementation are highly en-
couraging and suggest that simple linear polarity sequence features
alone operate effectively.
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Using Text Summaries for Predicting Rating Scales

Horacio Saggion! and ElenaLloret? and Manuel Palomar?

Abstract. This paper presents a detailed analysis of a wide rangéouille de Textes prograrfiL8]). Its main aim is to provide meth-
of text summarization approaches within the rating-inference taskods and tools for identifying and classifying opinions or subjective
This task consists of associating a fine-grained numerical rating ttext. Normally, this is done by considering the task as an opinion-
an opinionated document. We collect a small dataset of bank reviewdassification problems{bjective vs. objectiyer positive vs. neu-
that have been rated from 1 to 5 by real users. Then, we use a Supal vs. negative ([48], [10]). However, it is frequent to find texts
port Vector Machines learning paradigm to predict the correct ratingwhere users give a score, depending on how much they liked or not a
employing both the full review and review's automatic summaries.product, movie, restaurant, hotel, service, etc. which is normally as-
We suggest three types of summaries — generic, query-focused asdciated with a scale rating (1=worst,...5=best). This particular task
sentiment-based — of five compression rates (10% to 50%) to furthewithin sentiment analysis is known as rating-inference, and can be
investigate whether they are useful or not for associating the correatefined as the task of identifying the author’s evaluation of an entity
star-rating to a review in comparison to the use of the whole reviewwith respect to an ordinal-scale based on the author’s textual eval-
We compute thdlean Squared Erroin an attempt to find a specific uation of the entity [37]. Moreover, the use of text summaries has
type of summary and compression rate that performs better over afleen proven to be useful for several NLP tasks, such as information
the rest. The results obtained are very encouraging, and although thegtrieval [49], question answering [6], sentiment analysis [24] or text
are very preliminary to claim a strong tendency for a particular sum-<lassification [22], obtaining successful results when summaries are
marization approach, they show that query-focused and sentimentised instead of full documents to accomplish the task. This also al-
based summaries may be the most appropriate kinds of summariésvs us to evaluate a summary extrinsically, whose main objective
for tackling the rating-inference problem. is to assess the summarization approach based on how it affects the
completion of some other task [30].

Text summarization and sentiment analysis have been combined
1 INTRODUCTION together in order to produce opinion-oriented summaries. However,

The Web 2.0 (also known as social web) has led to the emergenc&€"Y little research has been carried out to exploit summarization as

of new types of websites, such as blogs, forums, or social network& text processing step for the rating-inference problem. The objec-

where everybody can express his/her emotions and likes with respelY® ©f this paper is to present an initial analysis of the usefulness of
ifferent types of text summaries for the rating-inference problem.

to a specific product or service. This way of stating opinions hadl ’ _ =
become very popular on the Internet, providing a good source of red_:urthermore, this work can also be considered a case of extrinsic

ommendations that people always take into account for a decisiorv@!uation methodology in text summarization where the objective
making process. For example, between 73% and 87% of Internd® to verify if, although imperfect in its current state of the art, text
users have reported that reviews had a significant influence on thefmmarization can help solving this particular eroblem. We there-
purchase [38]. What people think of a product, service, etc. is of gredr® Put forward the following research question “what type of sum-
value for companies, and therefore business analysts are turning th&fl2ry @nd compression rates CO“"f be used instead of the full docu-
eyes to the Web in order to monitor public perception on productsMent for the rating-inference task?". Although the framework we are
services, policies, and managers. However, the exponential and fafeéSenting here can accommodate any type of summarization (i.e.,
growth of the information available on the Internet makes this task £X{ractive, non-extractive) we are only reporting experiments with a
real challenge difficult to cope with. limited set of summary types which we consider have widespread
Natural Language Processing (NLP) groups a series of tasks (e.45€ in the NLP community. The results will show that query-focused

information retrieval, text summarization, sentiment analysis) capa@nd Sentiment-based summaries are the most appropriate kinds of
ble of providing methods and tools to efficiently deal with all this SUmmaries for this particular task over other kinds of summarization

information. Recently, sentiment analysis has emerged as an inteflrategies. _ _ o
esting area of NLP, which is present in a number of relevant confer- 11iS paper is organized as follows: In Section 2 some existing

ences {ext REtrieval ConferenéeText Analysis ConferenteDEfi work regarding the rating-inference task, as a specific problem of
sentiment analysis, is discussed. Next, in Section 3 the different sum-

1 Department of Infomation and Communication Technologies, Grupomarization approaches are described. The whole process concerning
TALN, Universitat Pompeu Fabra, Barcelona, Spain, e-mail: hora-the rating-inference is explained in Section 4. Afterwards, the ex-

cio.saggion@upf.edu . . . . . .
% Department of Software and Computing Systems, University of Alicante, [ENSIVe experimental framework is provided in Section 5, together

Spain, e-mail: elloret@dlsi.ua.es yvith the corresponding evaluation and discqssion. Finally, the most
3 Department of Software and Computing Systems, University of Alicante,important conclusions and some research lines for further work are
Spain, e-mail: mpalomar@dlsi.ua.es presented in Section 6.

4 http:trec.nist.gov/
5 http:/iwww.nist.gov/tac/
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2 BACKGROUND tively. Specific work dealing with this problem is addressed for ex-
ample in [37]. Here, the rating-inference problem is analyzed for the

Recently, the surge of interest in new systems that deal directly witfnovies domain and different configurations of Support Vector Ma-
opinions has resulted in a major attention to the problem of identihines (SVM) (one vs. all, regression and metric labelling) are em-
fying and classifying sentiment in text by the NLP research commu-Ployed. The ratings ranged from 1 up to 4 stars, depending on the
nity [38]. Whereas most of the literature addresses the problem dfegree the author of the review liked or not the film. Focusing also
detecting and classifying opinions at a sentence level [48], [1], [10]°" MOVie reviews, the approach described in [21] suggests the use
there is less research which aims to detect the overall sentiment of¢{ collaborative filtering algorithms together with sentiment analysis
document [39], [33], [19]. Furthermore, the vast amount of On_|inetechn|qu§§ to obtain user preferepces expressed in teg'.[ual reviews.
information available these days has brought great interest in texp1Ce opinion words from user reviews have been identified, the po-
summarization. The goal of this NLP field is to provide methods and@/ity of those opinion words together with their strength need to be
algorithms that condense information providing users with shorte£0mpPuted and mapped to the rating scales to be further inputted to the

texts and therefore, helping them to manage all the information in £°!laborative filtering algorithm. In [42], the rating-inference prob-
more efficient way. lem is addressed for product reviews, in which the text associated to

Although work in text summarization started in the late fifties the review is rather short. They use Support Vector Machines, report-

[28], the development of the Internet, the availability of massive texJNg & classification accuracy of 80% for binary classiﬁcation (thumbs
tual databases together with international evaluation efforts have fuP Or thumbs down) and a 74% for a 1 to 5-star rating scale, when
elled research in this field. Most summarization today is based off€@ling with very-short texts (2 or 3 sentences). _ _

a sentence-extraction paradigm where a list of features believed to Pifferently from the previous approaches, in [2] the rating of dif-
indicate the relevance of a sentence in a document or set of dod€rent features regarding hotel reviews (cleanliness, location, staff,
uments [29] is used as interpretation mechanism. Basic statistic;;_}tc-) is addressed _by analyzing thre_e aspects involved in the genera-
approaches to the selection of sentences have relied on the use 0 Of product review's representations. First, a part-of-speech tag-
frequency computation (e.g., ti*idf) to identify relevant document 96 1S useq to gxtract complgx features based on patterns. Then, an
keywords [28], position of sentences in text [11], [23], presence ofPPINioN lexicon is e_mployegl m_or_der_to make the extracted featur_es
title words in sentences [11], or presence of cue-words [11]. Thes80r€ robust; ar_1d flnally,_dlscrlmlnatlve features are selected using
features are usually combined to produce sentences’ scores [11], Bfdinal regression techniques. Other approaches [9], [46] face this
they are tuned by a machine learning approach [20]. Knowledge-ricRToPlem by grouping documents with closer stars under the same
approaches to text summarization incorporate knowledge from lexi€at€gory, i.e. positive or negative, simplifying the task into a binary
cal resources such as WordNet [14] or apply discourse organizatioffassification problem. . .
theories. Lexical cohesion has been used to measure sentence releHowever, in all above mentioned approaches the whole review
vance in summarization [5] and Rhetorical Structure Theory (RSTJS Used to determine its rating, and the complexity of the rating-
[31] has been used to select key sentence components to create suffférence task is reduced in most of the cases by dealing only with
maries [32]. In more formal domains (e.g. legal texts, scientific lit-thrée classes at most. Moreover, the existing works attempting to
erature) modelling information types which are likely to be relevantC&y outa finer-granularity classification tackle the problem employ-
for summaries are usually employed [45], [43]. Information Extrac-"d Very short doguments. This makes us think of the approprlateness
tion [17] has also been used for document analysis and mapping &f using summaries |r_15tead of full documents for the rating-inference
stereotypical template structures which are in turn used as the badi@Sk, when dealing with long documents and more than three classes.
for summary generation [36]. Current summarization methods alsd Xt summaries are very useful for selecting and extracting the most
use graph-based algorithms [34], [12], where the degree of relatedmportaf‘t mform_atlon of a document, thus av0|d_|r_19 noisy and unim-
ness of the sentences is measured in order to identify relevant infopertant information of the full document. In addition, they can vary

mation. Similarly, the idea of using centroids to account for centrall" Size, allowing us to analyze whether particular lengths can be more
pieces of information serves for determining the important topic ofSUitable than others.

the document and then how close a sentence is from the centroid can

be measured, thus establishing its degree of importance withinth§ TEXT SUMMARIZATION

document [40].

In recent years, the subjectivity appearing in documents has ledhree types of summaries and four baselines are taken into consid-
to a new emerging type of summaries: sentiment-based summarigdfation for the analysis carried out for the rating-inference task. The
which have to take into consideration the sentiment a person has té/Pes of summaries we deal with are: i) generic; ii) query-focused;
wards a topic. Examples of approaches that generate this type of sur@nd iii) sentiment-based. Generic summaries are those which contain
maries can be found in [7], [4] or [3]. In this way, the combination of the main ideas of one or various documents; query-focused summa-
sentiment analysis and summarization techniques can result in gredgation generates summaries which contain the most important facts
benefits for stand-alone applications of sentiment analysis, as well &ssociated to a specific query, entity or topic; finally, sentiment-based
for the potential uses of sentiment analysis as part of other NLP apsummarization takes into account the subjective information within
plications [44]. One of these sentiment analysis applications is tha® document and produces a summary based on this information. This
of rating-inference problem. For example, given a review and starcould be either positive information, negative, or a combination of
rating classification scale (e.qg. star values ranging from 1 to 5), thi®0th. For each of these summarization types, we propose the same
task should correctly predict the review’s rating, based on the |an9radual combination of several techniques which have been proven to
guage and sentiment expressed in its content. This differs from thB€ appropriate for extractive summarizafiga6]. These techniques

traditional approach of binary sentiment classification, where docuig Extractive summarization is a particular kind of summarization, where the

ments are classified infoositive vs. negativeor into subjective vs. most relevant sentences of one or more documents are grouped forming the
objective according to their polarity and subjectivity degree, respec- final summary, after they have been identified and extracted.

M



[EL GATE Developer 5.2 snapshot build 3437 9 i=1e]
File Options Tools Help Summal’y
I Y

| Messages| 4 National Westmi

r |

Annaotation Sets | Annotations List| Anhotations Stack Co-reference Editor OAT Teu‘ L‘

-
The Step account from Natiest = What and WEW? ~ The Step account from Natiest iz placed in the category of being & basie  ~

| : L - i 7
have sprung up over recent years, mainly because of the government trying ta push peaple who might get

P Original mark

ito receiving them wia a bank account rather than the post office. They are also often used for pelbp\e with P QSIM-EXTRAC
poor credit ratings for whatever reason. However, in my case the reason | looked at this account is because I'm considered by w QSIM-EXTRAC
many of my friends of being a bit of an oddity. | refuse to run up credit if | can help it ( Mortgage excepted) and so | fon't use an [#] Summary
overdraft and my credit card is the smallest amount | could find (just a few hundred pounds) and only used where nlp‘a other card =
is good enough. So, when Barclay 's bank finally managed to annoy me encugh after being there for nearly 30 years since leaving ml

schoal, | began to look around for alternatives. The Natifest were the first place | looked because of their pmmise&utvuh can
speak to a local branch if needed via telephone and since my arthritis now makes walking difficuls, this was an
r me tand one reason Barclay's have managed to annoy me § E but that's a separate issue). So, on looking

ineimmsbnet fmmsishnt | mmnd_be s nsin sibfamnnmn funm bhn snmiilne it seensint in il sl st sn

P QSIM-EXTRAC
P QSIM-EXTRAC
P QSIM-EXTRAC

3869021503, sent . idf=0.015041543869021503, string=was, swn_val=NA, token=15,0, token_idf=0 0159415438690215 '5?11_@_ Features

token=11.0, token_idf=0.0, token_tf_idf=0.0}

115477217418
3.922832

|

TriNG=IMportant, swr.i

4, string=co

, token_tf_idf=0.0}
Lo e fam Al NA b e 111 raban ion O raban o idf—0 M

484 Annotations (20 selected) Select |swn_val=P New

|| Document Editor | Initialisation Parameters

Figurel. Linguistic analysis of a summary using GATE

rely on statistical and linguistic knowledge, as well as on differentremaining techniques are coupled with it, having two more ap-

levels of language analysis (lexical, syntactic and semantic). In pamproaches (textual entailment+word frequentg+tf— and the code

ticular, the suggested techniques are word frequency, the code quaguantity principle+word frequencycgp+tf—). Finally, the combina-

tity principle, and textual entailment. Next, we are going to describetion of all techniques is analyzed as wek{cqp+tf). These initial

each technique briefly. approaches represent the generic summarization approach. For the

. Y . query-focused summarization approach, we select those sentences in

e Term frequency (TF): foIIowmg Luhn's idea [28], 't_ IS _ass_umed .. the review about the topic (name of a bank) by means of different pat-
that the most frequent words in a document are indicative of It%erns manually identified before applying the techniques previously

topic and may contain relevant information. Consequently, S€Nientioned. The main limitation of the manual generated patterns is

t_ences with frequent words will have more chance to belong to th?hat we do not deal with coreference, and some sentences which in-
final summary.. - . L L clude pronouns (e.g.“it", “this”, etc) are not taken into account, af-

* CO(_je quantity prln_uple (CQP): this 'S a Ilngwgtlc principle fecting the performance of the summarizer. We plan to overcome this
Wh'Ch proves t_he emstgncg of a proportional relation _between ho imitation in the future. Finally, sentiment-based summarization first
!mportant the |nforlmat|on. is, and the n:meer.of coding .elemem%dentifies the polarity of each sentence (positive, negative or neutral)
it has [16]. In particular, it states that "more important informa- using a similar approach to [4], and then from the set of positive and

tion will be given more coding mat_er_|a| (i.e. syllables, Wor_ds’_negative ones, the most relevant sentences according to the proposed
or phrases). Since noun-phrases within sentences can vary in S'f@chniques are extracted

depending on the level of detail a piece of information wants to In addition, the baselines suggested comprid and afinal

be strtetshsec‘j‘, V\(’f assur;]e_tr:"aF thg_y catn be. g(_)old and'dates tt? "Hiseline, in which a summary is produced by extracting the first or
resent thé “coding material” in GIvon's principle. Lonsequently, y,o |45t sentences of a document, respectively; and besides them, a

sentences containing longer noun-phrases will be more importar&uery-focusedqf) and sentiment-based baseliser) are also pro-

fT_ndtWall:l bet S.?lethd_l_fEr_t?he flpél su(rjnrlnary. ted in 1151 d vided. The former relies on the SUMMA toolkit [41] to compute a
° te):jut etn aldme; (t . )f' € i moT# e_I[}rEesente in[ f] ISuse IIquen}i similarity value (cosine similarity) for each sentence in the
0 detect redundant information. This systém periorms we review, which serves to rank the sentences in a document, whereas

- _ _ _ 0, - 7 a
according to the state-of-the ar_t (_around a §3A’ n t_he_last RT_Ethe latter extracts the strongest opinionated sentences of a document
track), and as a consequence it is appropriate for its integratiof ¢ a summary

within a text summarization approach. The identification of these
entailment relations helps to avoid incorporating redundant infor-
mation in summaries as it has been previously provenin [25]. Thel THE RATING INFERENCE PROCESS
way redundant information is detected is by computing the en-

tailment between two consecutive sentences and discarding tH8 order to predict the correct numerical rating of a review, we use
entailed ones. SVMs. In particular, we rely on the implementation included in the

General Architecture for Text Engineering (GATE) framework [8],
These techniques are combined together in the following waysince the feature extraction and conversion from documents to the
the word-frequencyt{) is always taken into account, and then the

8 The query is the name of the entity being reviewed (e.g. National Westmin-
7 http://www.nist.gov/tac/2009/RTE/ ster).
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machine learning implementation is completely transparerthé Moreover, Table 2 shows the star-class distribution of the reviews.
researcher. We also use GATE for carrying out a linguistic analysig\s can be seen, the corpus is unbalanced, being the 4-star class the
of the textual input documents. A basic pre-processing comprisingnost predominant one in the dataset with a 32% of the total, whereas
tokenization, part of speech tagging, and morphological analysis isnly the 10% of the reviews are rated with 3-stars.

performed to produce document annotations, which are later used

to extract features for document representation. Moreover, sentiment Table2. Class Distribution.
features are also computed using SentiWordNet [13], a lexical re-

source in which each synset of WordNet [14] is associated with three Star-rating | # reviews | %
numerical scorebj (how objective the word ispos(how positive 1-star 17 19
the word is), ancheg(how negative the word is). Taking this resource 2-star 11 12
as a basis, we calculate an aggregated score of the general sentiment 2::::: 298 ég
of a word with respect to the number of times a word appears in Sen- 5-star 24 27

tiwordNet as more positive than negative or vice-versa. It is worth
remarking that it is not trivial to associate sentiments to words, due

to the ambiguity that may appear in some contexts. For instance, the |, order to provide an example of the kind of documents we deal

word “poor” could indicate either objectivity or subjectivity. It can with, Figure 2 shows a fragment of a 5-star rating review (the max-
be used to state a factual situation like “a poor neighbourhood” or iNyum value in the scale). In particular, this fragment belongs to a
contrast, it can be also used to express the bad quality of a specifig,ie\, concerning the Abbey National bank. As can be seen, there
service, for example “this company offers a poor service”. In this,re some objective sentences (e.g. sentence 2, 5 and 6), which ex-
context we give an opinion, and consequently a subjectivity naturey oss factual information about the bank (e.g. its location, its main
is associated to the word. The way we compute the sentiment SCO{.,,cts), but the review also contains opinionated sentences, for in-
associated to a word avoid us having to carry out any disambiguas;, e “overall, Abbey is a great bank” (sentence 19). Apart from

tion process, which could also introduce some errors in the languaggyis sentences 11, 16, and 20, among others, also state subjective in-
analysis stage. Figure 1 depicts an example of the GATE framework, - ation . n this case, the user is giving his/her own opinion based

where the information annotated for a summary is shown. on the experience he/she had with the bank, thus being directly re-
Once all the input documents have been annotated, different fégaseq 1o the rating he/she will assign later. Therefore, it can be de-

tures are used to train the SVM classifier with 10-fold cross vali-qceq that the analysis of this type of sentences is very important to
dation. Previous preliminary experiments showed that the best pef;q apie to correctly predict the rating for any review.

forming features for full documents are on the one hand, the root of
eaCh Word, and on the Othel’ hand the Combination Of the rOOt Of eachl | have been Banking with Abbey National, oops, should | say Abbey, now for about a year, after having a series of

. . . roblems with my old bank, NatWest .
word together with its part of speech category and the Senti\WordNe: Abbey is on every high street you go to, well, it is in this city anyway.
. . . | 3: This was one of the main reasons | went with the Abbey-they have more Rranches than any other bank.
score [27] . For thlS reason, we alSO use these fea‘tures for pred|ct| And this is good compared to some other banks, namely Barcalys who se§m to enjoy closing down branches.
’ ? Abbey offer a wide range of products and services

i ’, 1 i i ini 6: They include Mortgages, bank accounts, young Reople's bank accpunts, savings accounts, IsA's, loans,
a review’s rating using summaries as training and test set. i st
7: 1 have the Abbey Account with them, and a cash only easyNSA.
8: My mum is considering moving the mortgage to Abbey after 3ging their rates at\abbey.com.
9: Interest rates are quite good, my interest rate for my Abbey Agcount went up by 25% when the compahy changed its

5 EX PE R I M E NTA L SET U P “’Ivg:y}s::r‘g?\grzzft:tg:%ﬁ other products, you can find out about them\at www.abbey.cqm

11: The branch itself is quite dingy and old fasjoned but | gues}, this will be refurbished soon to g¢ with the new
image.
H H H H H 12: It is large and airy though, with four or five desks)3 separate rooms, a
This section describes all the experimental framework carried OULA3: the ony ting | ind a bit annoying is If | go in and, for example. wante
. . . . jt. they will say go and use the phones.
First of all, the dataset and some related properties will be describethu: which i dont like as I dont ke speaking to people over the phone!
. . . 15: | can top up my mobile, request chequebooks, bank statements, pay in Sheques any cash, register for internet
Then, the set of eXpeI’ImentS, the evaluation metric Used, and the ranking, all at an Abbeylink machines, which are also, \ie their branches, everywbere.
16: | can find no fault with the staff at my brir\,yif ot a bit bored-looking, they gre always\helpful, friepdly and chatty

about 6 casNier positions at the back.
new card aRd to cancel my did one as | lost

sults obtained will be shown. Finally, a discussion of the results will whenever | ga .

. . . 7:The|_'e are plenty of t_herr! about and the queuey seen) to be minimal, if there are any\at all.
be provided in order to allow us to draw some conclusions. 18: Which is good considering this is quite a busy Kranch. R

19: Overall, Abbey is a great bankthere are many adyantages with banking here over e othels, they [are less stuffy,
old fasioned and confusing than the likessf Barclays\Nat\Vest and HSBC.

20: Give them a go!

5.1 Dataset \\siszAMPLE OF SUBJECTIVE \‘ \‘ M

SENTENCES EXAMPLE OF OBJECTIVE
SENTENCES

The corpus employed consisted of 89 bank reviews gathered directly

from the Internet. In particular, we used Clamebsite to collect re-

views from several English banks, such as Abbey, Barclays or Hal-

ifax. Some statistical properties concerning the dataset are shown in Figure2. Fragment of a 5-star review
Table 1. It is worth mentioning that the documents we deal with are

long documents, since the length of the reviews is 2,603 words on

average, and the longest review has 5,730 words in total.

Table1. Corpus properties. 5.2 Experiments

oo 5 The main purpose of_the paper is t_o ar_1a|yze the usefulness of differ-
Avg length | 2,603 ent types of summaries for the rfitlng-lnference problem. Therefore,
Max length | 5,730 each experiment consists of using each type of summarization ap-
Min Length | 1,491 proach described in Section 3 for training and testing the SVM clas-
sifier, and predict the star associated to a review. We deal with three
types of summaries (generic, query-focused and sentiment-based),
9 http:/Aww.ciao.co.uk and for each type we use the following techniques (word frequency,
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textual entailment, and the code quantity principle) resglth four in most of the cases. Moreover, it seems that query-focused sum-
different combinationst{; te+tf; cqp+tf; te+cqp+tf). In addition,  maries are also beneficial for the rating classification. However, the
we propose four baselinekeéd final, gf andsen), and summaries generation of sentiment-based summaries do not seem to be of great
are generated according to different compression rates, which randelp when using only the root of a word as a feature for the classi-
from 10% to 50%. As a consequence, for each review we generate §ation process. This may happen due to the fact that the semantic
different summaries, resulting in 7,120 summaries in total. Finally,information associated to the words is not being employed, relying
each summary is trained and tested using 10-fold cross validatioonly on a lexical level when using the root of the words. Similarly,
through two sets of features, as it was previously explained in Seche results shown in Table 4 also indicate a clear tendency that query-
tion 4. On the one hand, only the root of the words is used, while orfocused summarization is more appropriate than other strategies for
the other hand, the root of the word is combined together with thehe rating-inference task. However, it is important to stress upon the
part of speech category and the SentiWordNet score. fact that when using also sentiment-based features (SentiWordNet) in
It is worth stressing upon the fact that due to the class distributhe classification process, sentiment-based summarization is suitable
tion shown in Table 2, a totally uninformed baseline (4-star ratingas well.
baseline) is also taken into account for predicting the rating of a re- Concerning the comparison of the proposed features for training
view. This baseline consists of considering all documents as if theynd testing the SVM algorithm, the MSE results obtained for the
belonged to the most predominant class, i.e. 4-star rating. lead gf and sentbaselines, as well as the sentiment-based sum-
Regarding the evaluation, we take into consideration Mean marization approaches, when using the root of the word, the part
Squared Error(MSE) [47], which is capable of capturing the de- of speech and the SentiWordNet value, are better with respect to
viation of the prediction from the true class label. The MSE can bethe same approaches when using only the root of words. However,
defined as this does not happen when query-focused summaries are combined
with the proposed text summarization techniques, where the results
ZLI (Y; — V3)? are better in the latter case. For generic summarization, there is
- - not an obvious tendency, and therefore for some technigfjend
te+cqp+tf) the results when taking also into account the part of
speech and SentiWordNet are better, butdqp+tf or te+tf they

MSE =
n

wheren is the total number of sampleg; is the true class label
andY; is the predicted class. not.

are

This measure has been previously used for text classification pur- Apother aspect that it is worth analyzing from the tables is whether
poses [35] and this is also appropriate for our experiments becau§geyists or not an optimal compression rate for summaries. If we
we deal with classification at a fine-grained granularity, and we a'fave a look at both tables, and count the number of summarization
interested in analyzing which summarization approaches minimize,,,4aches which perform better than the full review and the 4-star
the error in the star-rating prediction. As a consequence, if the 0rigiating paseline for each compression rate, we can observe that 30%
nal review's rating belonged to the 5-star class, and after using sUms,mpression rate contains the highest number of better MSE resullts.

maries for the prediction, it was rated as 4 stars, the MSE would bgjs might mean that this compression rate could be an appropriate

lower than if it was rated as 1 star. Other evaluation metrics such as Fo'ne, when deciding the length the summaries should have. However,

measure or accuracy would not account for this fact, and they would} s jmportant to remark that compression rates of 40% and 50% are
have only focused on the number of reviews correctly rated (i.e. in theys, quite predominant, because the longer the summary is, the more
aforementioned example both results would have obtained the samgeyant information it may contain. Therefore, an in-depth analysis
performance). Furthermore, after all experiments were conducted, Gaa(s to be performed out of the scope of this paper in order to draw

paired t-test [47] was used to assess significance of the results at@initive conclusions regarding the optimal summary length for the
95% confidence interval. In the next subsection, the results Obta'”%ting-inference task.

will be shown and discussed. From the results, it can be seen that the summarization approach

using the combination of techniquestcqp+tf for a 10% compres-
sion rate obtains the best results with respect to the remaining com-
bination techniques of the same compression rate in the three sum-

Table 3 and Table 4 show the results obtained for all experimentg”,”arizmi0n strategies in turn (generic, query-focused, and sentiment-

using only the root feature for classification purposes and the combi?@sed), except for the query-focused strategy with word frequency

nation of root, part of speech and SentiwordNet value, respectively2lone, when predicting the rating with the root, the part-of-speech
In both tables, the MSE obtained when using the whole reviews and the SentiWordNet value. This may mean that despite not having
text input, the baseline which assigns all reviews a 4-star rating, ag_btalned the best results for the rating-inference t_ask, the combma-
well as the different types of summaries can be seen. Moreover, tH&Pn of these three features could be very appropriate for generating
results improving both the full document and the baseline are emSummaries of the 10% of the source documents independently or in
phasized in bold. Concerning the statistical t-test we performed ofonjunction with other NLP tasks. . .

the most relevant results obtained, we could not report any signif- Although we can.not claim that there eX|sts.a pgrtlcular feature or
icance value with a 95% confidence interval in most of the casesSirategy that contributes the most to the rating-inference problem,
Only the approaclyf+cqp+tf for a compression rate of 40% was W€ can observe a general trend with respect Fo.the summarization
statistically significant with respect tgf baseline of 30%, 40% and @PProaches that leads to the best results, obtaining lower MSE than
50%, when employing the root as a single feature for the classificahen employing the full review. In this case, the most appropriate
tion process. Nonetheless, this does not mean that we cannot analy@es Of summarization strategies are query-focused and sentiment-
the results in depth in order to find possible tendencies about which@Sed. Also, some specific types of generic summarization, such as
summaries could be more suitable for the rating-inference task. Frorff Or te+tf can also be adequate for this task.

Table 3 it is worth noting that the word frequency is performing well

5.3 Resaultsand Discussion
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Table3. MSE results for summaries using onfyot as feature for rating classification (leadfirst sentencedijnal = last sentencesf =
term frequencyte = textual entailment¢qp = code quantity principle with noun-phraseg;= query-focused summaries; asent=
sentiment-based summaries).

Approach Compression Rate
Full document 10% 20% 30% 40% 50%
Full review MSE 259 259 259 259 259
4-star rating baseline MSE 258 258 258 258 258
Summarization method
lead MSE 310 3.00 310 330 3.10
final MSE 274 3.00 213 264 248
af MSE 249 270 358 3.78 3.88
sent MSE 389 316 3.03 290 2.66
generic-tf MSE 321 233 239 237 244
generic-te+tf MSE 339 323 252 238 229
generic-cqp+tf MSE 301 334 261 317 3.03
generic-te+cqp+tf MSE 270 293 3.00 310 271
gf-tf MSE 211 219 218 246 237
gf-te+tf MSE 244 208 230 227 242
gf-cqp+tf MSE 283 3.00 270 180 200
gf-te+cqp+tf MSE 211 251 228 240 210
sent-tf MSE 283 216 247 243 229
sent-te+tf MSE 320 280 240 269 271
sent-cqp+tf MSE 3.01 327 262 321 3.10
sent-te+cqp+tf MSE 269 321 346 290 293

Table4. MSE results for summaries usimgot, categoryandSentiWWordNeas features for rating classification (leadfirst sentencedijnal
= last sentencesf = term frequencyte = textual entailment¢cqp = code quantity principle with noun-phraseg;= query-focused
summaries; andent= opinion-oriented summaries).

Approach Compression Rate
Full document 10% 20% 30% 40% 50%
Full review MSE 259 259 259 259 259
4-star rating baseline MSE 258 258 258 258 258
Summarization method
lead MSE 263 262 272 286 2.60
final MSE 320 266 216 213 250
af MSE 245 253 290 291 281
sent MSE 3.69 287 244 234 227
generic-tf MSE 321 268 219 229 233
generic-te+tf MSE 398 290 279 3.06 264
generic-cqp+tf MSE 337 345 331 319 284
generic-te+cqp+tf MSE 3.02 287 283 3.18253
gf-tf MSE 244 256 237 277 250
gf-te+tf MSE 321 252 226 262 272
gf-cqp+tf MSE 273 348 251 248 227
gf-te+cqp+tf MSE 260 283 252 244 253
sent-tf MSE 3.02 247 216 212 231
sent-te+tf MSE 299 3.07 221 293 264
sent-cqp+tf MSE 354 281 251 243 270
sent-te+cqp-+tf MSE 277 231 214 282 247

6 CONCLUSION AND FUTURE WORK

erated summaries of different types (generic, query-focused and

sentiment-based) and we analyzed several techniques (word fre-
In this paper we proposed an extensive analysis of a wide rang@uency, textual entailment and the code quantity principle) within
of summarization strategies of different compression rates for th€ach type. Moreover, four summarization baselines were also pro-
rating-inference task, which can be considered as a particular proiuced in order to provide a more detailed analysis. These baselines
lem within the sentiment ana|ysis research area. Therefore, we geM\Lere: lead baseline, which selects the first sentence of a document
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up to a desired lengtHjnal baseline, where the last sentences of
a document are extracted; a query-focused baseline ggfecting
the most similar sentences to a given query, and a sentiment-base[a]
baseline ¢en), accounting only for the most opinionated sentences.
For all these summarization approaches five compression rates (10%-
50%) were also tested. As far as the rating-inference process is con-
cerned, we approached the task employing a SVM paradigm withint!
the GATE framework. We also proposed two types of features for
document representation. On the one hand, the root of each word in
the text was used, whereas on the other hand, the root of each worf$]
was also combined with the part of speech category and a sentiment
scored, that we computed using the SentiWordNet lexical resource.
The corpus we dealt with consisted of 89 bank reviews that had beerg)
rated by users from 1 to 5 stars, according to their experiences with
these banks. After carrying out the classification process, the results
were evaluated usingean Squared Errqiwhich is very appropriate
for such fine-grained class granularity. Moreover, in order to assess
the summaries’ performance, we compared them to the full review,
and a naive baseline considering all the reviews as a 4-star rating,
which was the most frequent rating assigned by users. The results o8]
tained showed that, although there is a variability in the summaries’
performance, there seem to be a clear tendency for query-focused and
sentiment-based summaries, indicating that these types are more ap-
propriate for the rating-inference task than other types. However, wel9l
could not report strong evidence on this, and consequently, several
things have to be further explored.
On the one hand, in the short-term we would like to extend thg10]
size of the dataset, in order to investigate whether the rating perfor-
mance obtained using summaries could be affected by such small
dataset. We also are interested in analyzing the difficulty of the finetHl
grained classification in depth. Consequently, we would like to study
if a simplification of the problem, for instance with a scale of 3 rating[12]
values, could result in an increase of performance by minimizing the

error obtained. On the other hand, in the long-term we would like t
replicate the experiments but within a different domain, for exampl

(7]

213]

movie reviews. This would allow us to compare our results with al-
ready existing ones, and assess the performance of summarization in
the rating-inference task.
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The smallest, cheapest, and best:
Superlatives in Opinion Mining

Silke Scheiblé

Abstract. This paper introduces superlatives as special indicatorshere has not yet been a thorough investigatiosupérlative adjec-

for product features in customer reviews. The investigation showsives and adverbs in this context. This paper aims to show that some
that one type of superlative (called ‘ISA) is of particular relevance, types of superlative represent a special linguistic means of expressing
as instances in this class tend to contain both a feature string ar@pinions about products. Consider for example:

its associated opinion word. An identification of the components of

such superlative comparisons can therefore help to solve two Opinidn The Panasonic TC-P54G10 is thest plasma TVon the market.
Mining tasks at once: Feature and Opinion Word Identification. TH&) It has theclearest picturel have ever seen.

study further introduces and evaluates a novel tool that can reliably

identify such superlatives, and extract from them potential product ! ¢laim that superlative constructions like (1) and (2) act as special
feature strings and opinion words. indicators of product features, which contain both the opinion word

(the superlative, italicised) and the feature string (underlined). This
means that the identification of the components of such superlative
1 INTRODUCTION comparisons addresses two Opinion Mining tasks at once: Feature
In recent years, the domain of product reviews has attracted much ati]nd Oplnlon Wprd Identification. This paper provides ewdencg for
is claim, and introduces a novel tool which can be used to reliably

tention in the area of Sentiment Analysis and Opinion Mining. While. . . . :
. . e identify superlatives of interest and extract potential product feature
the main goal of the former is classification of documents, sentences;
- . . : L .~Strings from them.
phrases or words as positive or negative, the interest in Opinion Min=
ing lies in extracting information about which entities or features

of entities are considered as positive or negative, and to summaris2 PREVIOUS APPROACHES

Lt:)l;ln::]rgwsamr)]r; ([Ez]r;\t['lnlf]c;)r[l;‘;];i'l—rr:lzt;z Otfcgr:titr::psegt r;] Q;r?ggnf?k:e.}zxisting work on identifying product features (Task 1) often relies
) dp tl bV\; |Wf rlr mml nd tilil ut ms wh pini ) : '(t)n the simple heuristic that explicit features are expressed as noun

products, but aiso for recommencation systems WNOose purpose 1S p%rases. While this narrows down the set of product feature candi-

.aSS'St.C.UStomers in deciding \.Nh'Ch product to buy. In. genergl, Opmaates, it is clear that not all noun phrases represent product features.
ion Mining systems are required to solve the following main task

. SVarious approaches to further limiting this set have been proposed.
(e.g.[8): The two most notable ones are [8] and [11].

[8] suggest that nouns or noun phrases that occur frequently in
reviews for a particular product are likely to be features. To iden-
tify frequent features they use association mining, and then apply
heuristic-guided pruning to further refine their results. They further
assume that adjectives appearing in the same sentence as frequent

The first step is to identify features of the products that customeréeatures are opinion worqs, there.by. solving Task 2 (however, at the
ost of precision). In addition, retrieving nouns and noun phrases that

are interested in, usually by using data mining and natural Ianguag%o occur with these opinion words in other sentences helps their sys
processing techniques. [8] define the term “product feature” as rep=__ P P ys-

resenting both components of an object (e.g. zoom) and their respe&e-tm to ldigt'fy so-callednfrequent features, which are also of great
tive attributes (e.g. sizé)The next step is to identify sentences in interest [10].

the reviews that express opinions about these features. This involveﬁ [11], on t_he other hand, conglder produc_t featl_Jres to be concepts
distinguishing opinion words from factual wordsijectivity recog- that stand in particular semantic relationships with the product (for

nition). To address (3), the system has to determine whether a statt 3<arlnple,f¢l':1 csmtira ntwaydh_ave “proteert:eﬁ SIZhe.' We;ﬁr:; etc., while
ment of opinion is positive or negative. Finally, the system also re- € lens, flash, €ic. stand In a "part” retafionship wi e camera).

quires technigues for summarising this information ([3]; [2]). Thelrd§trategy for |de(rj1.t|fy|ng. sutch fe_le}:‘gres s to shearcr? for cgrrtet-
So far, none of the studies in Sentiment Analysis or Opinion Min-Spon Ing meronymy discriminators. This approach achieves better

ing have specifically looked at the role of superlatives in these area&erformapce than the one employed by [8], but_ no S.e.”“”.“e”t analy-
While it has been generally acknowledged that there is a positivg"s is carried out, and opinion words have to be identified in a second

i A o step
correlation between subjectivity and the useadfectives (e.g. [7]), Although a previous study by [9] investigated graded adjectives in

1 University of Manchester, UK, email: Silke.Scheible@manchester.ac.uk the context of customer reviews, their study is not suitable for identi-
2 In this definition, the object itself is also a feature. fying product features. They investigate the topic of comparative sen-

1. Feature Identification

2. Opinion Word Identification
3. Sentiment Classification
4. Opinion Summarisation
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tence mining, whose goal is to identify sentences in evaluative textmembers of the ISA class in that the target of comparison is not in-
on the web that express “an ordering relation between two sets oflependently specified in the context. In example (c) the comparison
entities with respect to some common features”, and to extract conremains implicit as the target is not specified in the sentence, except
parative relations from the identified sentences. A follow-up studyas that which satisfies the superlative NP. When superlative forms
by [6] builds on these findings and aims to determine which of theare incorporated in an indefinite NP they are classified as INDEF
extracted entities in a comparison are preferred by its author. Howd). Members of this class are often used as intensifiers. In the FREE
ever, as [9] apply their vector approacheiery graded adjective in  class, on the other hand, superlative forms are not incorporated in a
the corpus, this involves a large amount of cases which do not modioun phrase but occur freely in the sentence. This often makes the
ify “product features” (as identified and annotated by [8] in the samecomparison less easy to pinpoint: (e) does not compare the 37" size
corpus). As a consequence, their system is not suitable for the taskith other screen sizes, but rather the quality of the 37" size viewed
of identifying product features. Furthermore, even though Jindal androm different locations in the room. Superlatives that are derived
Liu’s system aims to identify the components of superlative comparfrom adverbs form their own class, ADV (f). Finally, the IDIOM, PP,
isons, a closer study showed that their approach does not distinguistnd PROP classes contain superlatives which do not express proper
between different types of superlatives, leading to incorrect analysesomparisons: IDIOM contains superlatives that occur as part of an id-
of superlative constructions [12]. The current study takes differenfom (g), PP contains so-called PP superlative constructions (h), and
superlative surface constructions into account, and suggests thatPRROP includes uses ofost as a proportional quantifier (i).
particular subclass of superlatives (namely, 'ISA superlatives’) is es- This study argues that superlatives of the type ISA are of partic-
pecially useful in identifying product features. ular importance in Opinion Mining as they make explicit the IS-A
relation that holds between target and comparison set (cf. Relation 2

above). This means that both their target and comparison set are ex-
3 SUPERLATIVES IN OPINION MINING plicitly realised in the text, where the target string often expresses the

In text books, superlatives are usually introduced alongside Compa.Qroduct, the CS gtr!ng expresses a feature while the superlative itself
atives as special forms of adjectives or adverbs which are used XPresses the opinion word (as in (a) and (b)). The present study rests

compare two or more things, as for example in: on the following claims:
(3) Billis taller than Sue. [comparative] 1. ISA superlatives are special indicators for sentences containing
(4) {Joe}is thetallest [boy at school]. [superlative] product features.

2. The product feature usually appears within their T or CS string,
Superlative constructions like (4) express a comparison between while the superlative expresses its respective opinion word.
a target entity T (Joe; curly brackets) and its comparison set CS (the
other boys at school; square brackets). An investigation ofsuperlat.ive The next section briefly describes the data used to support these
forms showed that two types of relation hold between a superlatlv%laimsl
target and its comparison set [12]:

Relation 1: Superlative relation
Relation 2: I1S-A relation (hypernymy) 4 DATA
The superlative relation specifies a property which all members he investigation described in this paper uses Hu and Liu’s corpus of
of the set share, but which the target has the highest (or lowest) deustomer reviews, which was not only the basis of their own study of
gree or value of. The IS-A relation expresses the membership of thepinion feature mining [8], but has been used as test set by other stud-
target in the comparison class (e.g. its parent class in a generalisigs as well (e.g. [11]). The corpus contains reviews of five products:
tion hierarchy). For example, in (4), the superlative relation implic-two digital cameras (Canon G3 and Nikon Coolpix 4300), one mo-
ity specifies the propertyeight, which applies to all members of bile phone (Nokia 6610), an mp3 player (Creative Labs Nomad Juke-
the comparison sdioys at school. Of this set, the targelbe has the ~ box Zen Xtra 40GB), and a dvd player (Apex AD2600 Progressive-
greatesheight value. The IS-A relation states thide is a member scan§. Sentences in this corpus have been manually annotated with
of the setboys at school. Both relations are of great interest for re- information about product features. Each feature is taken to express
lation extraction, and [14] discusses their use in applications such & opinion, and labelled gmsitive or negative in terms of values on
Question Answering (QA) and Ontology Learning. a six-point scale, where [+3] and [+1] stand for the strongest positive
Superlatives occur in a variety of syntactic structures which usuand weakest positive opinions, respectively, and [-3] and [-1] stand
ally represent different types of comparisons. [14] developed a clagor the strongest and weakest negative opinions.
sification of superlatives based on surface forms (illustrated in Table Hu and Liu’s corpus contains 4259 sentences altogether, of which
1). Superlatives belonging to the ISA class are incorporated in a defL728 include at least one product feature (40.6%). The remaining
inite NP and contain a clear-cut comparison between a target iterséntences in the corpus either contain no product feature (2217 al-
and its comparison set. In example (a) in Table 1, the Panasonic T@dogether, 52.1%), or describe a review title, in which case they have
P54G10 is compared to other plasma TVs on the market with respedeen excluded from consideration (314 instances, 7.4%). The corpus
to its overall quality. The difference between the ISA-1 and ISA-2contains a total of 230 superlatives in 4259 sentences, which means
subclasses lies in the way in which the relation between target andhat there is around one superlative in every 18 sentences. All 230
comparison set is expressed. In the case of ISA-1 superlatives, ttgaiperlatives found in the corpus were annotated with class labels as
verb “to be” or appositive form is used, while ISA-2 superlatives in- shown in Table 1.
volve other forms (e.g. other copula verbs). While superlatives clas-
sified as DEF are also incorporated in a definite NP, they differ from® http://www.cs.uic.edu/ liub/FBS/CustomerReviewData.zip
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Table 1. Superlative classes

Example | Class | Example
€) ISA ISA-1: The Panasonic TC-P54G10 is thest plasmaTV on the market.
(b) ISA-2: The Samsung is considered thest stylish plasma TV.
(c) DEF | | bought thecheapest plasmaTV.
(d) INDEF | Plasma TVs representraost compelling option for home entertainment.
(e) FREE | The 37" size ishest whenyou are 8-10 feet away from the screen.
4] ADV HD TVs most commonly useprogressive scan for 1280x720.
(9) IDIOM | The 42PC1RR won thBest PlasmarV Award this year.
(h) PP The TV weighs about 57 poundsmabst.
0] PROP | Most cheap TVs have poor quality scalers.
5 ISA-SUPERLATIVES AS PRODUCT (6) ithink , {apex}is thebest [dvd playeryou can get for the price] .
FEATURE INDICATORS [Apex]

This section aims to provide support for the claim that superlatives an assessment of all feature-containing sentences with respect to
are special indicators of product features in customer reviews. In paghe involvement of the superlative in the feature-rating shows that the
ticular, I will show that this especially applies to a subgroup of su-|pjom, PP, and PROP classes are of little relevance, while ISA-1 and
perlatives (ISA) by analysing the distribution of feature labels acrosgga2 clearly are, with the superlative form acting as opinion word
the eight superlative classes in Hu and Liu's corpus of customer regyajuating the feature, or acting as intensifier of an opinion word, as
Views. for example “complaint” in (7).

Table 2 shows the overall distribution of superlative classes in the
corpus (columns 1 and 2). The ISA class is the most frequent with {4) [my] biggest [complaint] is {the battery lifeor lack there of}.
instances (30.9%) (of which ISA-1 accounts for 63 instances, and [Creative]
ISA-2 for 8). The table further shows the proportion of title sen-
tences (T), feature-containing sentences (F), and non-feature contain-Furthermore, in 34 out of the 46 feature-containing ISA-1 in-
ing sentences (N) among the 230 superlative-containing sentencétances (73.9%) and in 6 out of 7 ISA-2 instances (85.7%), the fea-
(S) in the corpus. The last row (TOTAL) indicates that the propor-ture is a substring of either the target (as shown in (7)) or the com-
tion of feature-containing sentences among them is higher (at 51.7%)arison set spans (6).
than the average for all sentences (which is 40.6%, cf. Section 4). The importance of the ISA class is further supported by an inves-
What is especially striking is that features are particularly highly rep-tigation which showed that Hu and Liu’s annotation is not always
resented among sentences containing I1SA superlatives: Of 71 I1Sponsistent. Several of the 16 ISA-1 instances thatndidreceive a
superlatives in the data set, 53 occur in a sentence involving a featufeature label in Hu and Lu’s annotation (column “N” in Table 2) do
(74.6%). This suggests that membership in the ISA class is a gooh fact modify a feature. For example, (8) and (9) make a similar pos-

indicator of the sentence containing a product feature. itive statement about a camera, however only (8) was annotated with
a feature (player[+3]). To be consistent, (9) should receive the same
Table 2. Distribution of features feature label. Example (10), on the other hand, is similar to (7) in that
the superlative intensifies a negative evaluatimavback, vs. com-
Class #S #T #E #N plaint in (7)) of a feature (software, vsbattery life), however only
ISA 71 2 53 16 (7) received a feature label (battery life[-3]). Given the structural and
”\?E')EEF 4112 190 136 220 semantic similarities of the examples, one could clearly argue for
FREE 3 1 2 0 adding a feature label “software[-3]" to (10).
ADV 10 0 4 6
IDIOM 12 0 5 7 (8) compared to everything else in this categofthis} is most defi-
PP 27 1 13 13 nately [the]oest [bang for the buck] . [Creative]
PROP 47 0 23 24 (9) i did a good month 's worth of research before buying this over
TOTAL 230 23 119 88 e . L. ..
100% || 10% | 51.79% | 38.3% other similar priced digital cameras , afithis} is [the] best [buy

for the buck] . [Canon]
(10) [the]biggest [drawback that people have about the zen xtrgihe
A closer investigation of the data reveals further interesting results. software}. [Creative]

Amongthe 119 superlative sentences that contain a feature (column . . . .
g P ( The findings of this section corroborate the claim that ISA superla-

“F™), not all superlatives directly contribute to the evaluation of the . L s P
tives are special indicators of product features. Their identification

feature. For example, the superlative “most” in (5), which belongs

to the PROP class, is not directly involved in the evaluation of theCOUIOI simultaneously help to solve Opinion Mining tasks 1 and 2 (see

feature “firewire” as [-1]. In contrast, the ISA superative “best’ in above) as they frequently contain a product feature within their T or

(6) is directly responsible for the positive [+3] rating of the feature €S st_ring, and at thg same time express its associated opinion word.
“dvd player”. As this strategy for finding product features does not depend on fre-

quency (unlike Hu&Liu's approach), ISA superlative identification
(5) itdoes n't have firewirenot a real complaint sinaeost windows also represents an efficient way of locating so-cailidbquent fea-
users do n't generally have firewire cards themselves . [Creative]tures, which are also of great interest in Opinion Mining.
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Table 3. List of abbreviations

Abbreviation | Description

CS Comparison set of a superlative comparison
T Target of a superlative comparison
SRE Superlative Relation Extractor

SUP-Finder | Component of SRE used to identify superlatives in text
SUP-Classifier] Component of SRE used to classify superlative instances according to theesfofms described in Table 1
ISA1-Identifier | SUP-Classifier module used to identify ISA1-superlatives
T/CS-Identifier | Component of SRE used to identify the spans of the target and comparisof seperlatives classified as ISA-1
CS-ldentifier | Sub-component of T/CS-Identifier used to identify comparison set sfd8#\-1 superlatives
T-ldentifier Sub-component of T/CS-Identifier used to identify target spans of ISApkrlatives
CSDet Determinative phrase of the superlative NP, ghgin the best TV on the market
CSHead Head of the superlative NP, e BV in the best TV on the market

6 AUTOMATIC IDENTIFICATION OF The following sections describe the three components of SRE and
POTENTIAL PRODUCT FEATURES USING assess their suitability for the purpose of identifying potential product
SUPERLATIVES features in customer reviews. As SRE was originally developed on

. . . . . Wikipedia texts, its performance is expected to be affected by the
Having established a positive correlation between ISA SuPerlat'Veﬁon-standard nature of the data and the tagging/parsing errors that
and product features, the following sections describe how instance‘,:tqre likely to result from this.
of this superlative type can be automatically identified and how po-
tential product feature strings can be extracted from them, using Hu . .
and Liu's corpus of customer reviews as data set. The tool used t8-1 ~ Superlative detection
achieve this is SRE (‘Superlative Relation Extractor’), a novel sys-5 1.1 Method

tem implemented in Pythwhich can be used to: ) o ] ) N
As a first step, superlatives in the corpus are automatically identified

1) Identify superlatives in text; using the SUP-Finder component of SRE. In general, superlatives
2) Classify superlative instances according to the surface forms deéwre derived from their base adjective/adverb in two different ways:
scribed in Table 1; inflectionally or analytically. In the first case, the inflectional suffix
3) For superlatives classified as ISA-1, identify the spans of the targe€st is appended to the base form of the adjective or adverb (e.qg.
and comparison sets. largest), while in the second case they are preceded by the analyt-
ical markersmost/least (e.g.most beautiful). In addition, there is a
Initially, component 1) (called ‘SUP-Finder’) is used to find su- (limited) number of irregular forms, such best, worst, or furthest.
perlative instances in Hu and Liu’s corpus of customer reviews. Next, Previous automatic approaches to identifying superlatives have
the Classifier in 2) (‘SUP-Classifier’) is used to identify ISA-1 types mainly focussed on techniques involving a search for the POS tags
among the retrieved superlatives, which are then input into compodJS and RBS (e.qg. [1]), usually without carrying out a detailed error
nent 3) (‘T/CS-ldentifier’) to extract potential product feature stringsanalysis due to the large amount of manual intervention that is re-
(which have been shown to occur as substrings of the target or conguired for a gold standard. The SUP-Finder tool aims to improve
parison set spans). Table 3 shows an overview of common abbrevian the POS-based approach by using a pattern matcher based on
tions used in the following sections. regular expressions and a list of “superlative distractors” (i.e. a list
The SRE tool was originally developed on a corpus of Wikipediaof clear cases of non-superlatives, suches, protest, or honest),
texts (Text W ki corpus, [13]]). It employs a rule-based approach which are excluded from consideration. As superlatives form a well-
based mainly on tag sequences and dependency relations (using tthefined class with a limited number of irregular forms, this pattern-
output of the C&C tools, cf. [5]). SRE employs rules rather than ma-based search works very well, and has been shown to outperform a
chine learning due to the relatively small size of the gold-standard®OS-based approach by 2-3% with 99.0% precision and 99.8% re-
data set and the low frequency of some superlative types, whickhal® on Wikipedia texts [14].
would represent a problem for a learner. An additional difficulty con-
cerns the fgct that the toolg uged to obtain the tags and dependenéyl_z Results and discussion
relations will have been optimised to correctly tag frequently occur-
ring phenomena in its target text type, in order to achieve the highedgnlike the POS-based approach, which has been optimised to work
possible performance score. As superlatives are relatively low frewell on a particular text type, SUP-Finder is independent from text
quency phenomena, with most types occurring far down the end dype and can be assumed to work equally well on customer review
low frequency patterns (part of “the long tail"), even a relatively high- data. With its recall value nearing 100%, SUP-Finder was only as-
performance tagger like C&C may perform poorly at tagging them,sessed for precision in this study. The list of 231 superlatives re-
because it will make little difference to the tagger's overall perfor-turned by the tool was manually checked. Only one false positive
mance score. SRE’s approach involves highly flexible and fine-tunewas found, which had been missing from the list of “superlative dis-

rules which can take these factors into account wherever necessaryractors” (hobbiest, a mistyped version dfobbyist). The precision
value is therefore 99.6% (230/231).

4 SRE s freely available upon request (email the author of this paper at
Silke.Scheible@manchester.ac.uk.) 5 Theonly error affecting recall was due to incorrect tokenisation of quotes.
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6.2 Identlfymg ISA superlatlves Table 5. Results of SUP-Classifier

6.2.1 Method _
Class Precision | Recall | F-Measure
The task of the second component of SRE, SUP-Classifier, is to clas- ISA-1 (53/56) | (53/62)
sify superlatives as ISA-1, DEF, INDEF, etc. SUP-Classifier consists _ 94.6% | 85.5% | 89.8%
of a cascade of modules, each of which applies a set diagnostic tests Baseline | (33/115) | (33/62)
! 28.7% 53.2% 37.3%

to determine which class a given superlative instance belongs to.
Here the focus is on the module that identifies an instance as be-
longing to ISA-1, called ISA1-Identifi€rThis module requires sub- 623 Discussion

stantial syntactic information, for example on whether the superlative ) ]
form is bound in a definite NP, and if so, what the indices of the NpThe non-standard nature of the data in customer reviews does not

head and the determiner are. Furthermore, as the target of compafi¢em t0 have had the anticipated negative effect on the performance
son needs to be explicitly mentioned in the sentence (cf. Section 3gf the Classifier. Surprisingly, its performance is better on this text
the ISA1-Identifier component makes extensive use of the GrammatYPe than on the corpus of Wikipedia texts used in [14], where ISA-1
ical Relations output of the C&C parser. Two main cases are distindchieved 82.4% precision and 84.3% recall. A closer investigation
guished: Instances where the 1S-A relation between target and cor@f the gold-standard ISA-1 superlatives shows that this improvement

parison set is expressed via the verb “to be”, or via apposition. Thé likely to be due to a simpler syntactic structure of ISA-1 cases in
strategy for the former case is as follows: customer reviews, leading to better parser performance.

The C&C tool’s inability to handle non-standard language mainly
¢ Step 1. Locate the position of the comparison set h€sth¢ad)  affected recall. For example, (12) was classified as INDEF because

within the sentence the system failed to identify “it 's” as erroneous variant of the pos-
o Step 2: Test whether the relation word between@Belead and  sessive pronoun “its” (incorrectly tagged as personal pronoun, PRP,
its dependant is a form of “to be” and 3rd person singular present tense verb, VBZ). Example (13) was
e Step 3: Find the corresponding target entity not recognised by the parser because “about” is interpreted as prepo-

If all three steps succeed, the instance is classified as ISA-1. ThséItlon (IN) rather than as a preceding adverb (RB).

first step is addressed by testing whether the head of the superl 12'53 i think this is it p ) 'S(y 5.2 biggest flaw .
NP _(_CSHead) occurs in S_UbJeCt (ncsubj ) or complement (xconp 13) if you do any research into digital cameras , you 'll quickly find
position, as for example in (11). that this camera is just sy about; yy thebest value out there.

(11) The Panasonic is the best [T¥lsready -

The output of the C&C parser for this sentence is shown in Table6'3 I(tj.ent'f'catlon of potential product feature
4. To fulfil Step 1, the Identifier first searches for a GR tuple where strings
CSHead (here:TV) stands in axconp position (Row 4 in Table 4). 6.3.1 Method

Step 2 is then met by checking if the item in the second slot of this ) . o .
tuple is a form of “to be”. If it is, Step 3 is addressed by searchingThe third component of SRE, T/CS-Identifier, identifies potential

the GR list for another tuple where the identified verb stands in arl€2turé-containing strings by extracting the target and comparison set

ncsubj relation with another word (the suspected target, cf. RoWstrings of ISA-1 superlatives. The tool consists of two parts: a com-
5). parison set span identifier (CS-Identifier), and a target span identifier

(T-1dentifier). Their goal is to identify all relevant constituents of the
T and CS phrases, which is a major challenge because both can have

Table 4. GR output for “The Panasonic is the best TV.” o . .
pre- and postmodifiers, the latter of which may be restrictive or non-

Row | GR output restrictive [13]. To achieve maximum accuracy, T/CS-Identifier uses
1 (det Panasoni c.1 The.0) a fine-grained set of rules based on the lexical annotation output of
2 | (ncmod . TV.5 best 4) the C&C tools. This approach was chosen as the GR output by the
3 (det TV.5 the.3) C&C parser proved to be unreliable due to the non-standard nature
4 (xconp - is2 TV.5) L .

5 (ncsubj is2 Panasonic.l ) of the data. Similar problems are described by [1].

The present task assumes that both target (T) and comparison set
(CS) comprise a single span. The CS span is defined as consisting of
a determinative phrase (CSDet ) and the main CS phrase (CSMai n).
622 Results To identify the determinative phrase, the tool uses a purely p_attern-

- based approach (based on POS tags). The main CS span is deter-
SUP-Classifieris tested on the output of SUP-Identifier, i.e. all mined by rules which aim to identify all pre- and postmodifiers of
superlative-containing sentences in Hu and Liu's corpus (230 alto€SHead (cf. Section 6.2). Generally, tokens occurring between the
gether)’ The results are displayed in Table 5. superlative form andCSHead are included as premodifiers. Post-

The results show that SUP-Classifier clearly outperforms a ranmodifiers are identified using a set of patterns which were devised
dom baseline system. With 94.6% precision and 85.5% recall, it cato match common types of superlative postmodifiers. Target identi-
be reliably used to identify ISA-1 superlatives in customer reviews. fication involves locating the target in the sentence, and identifying

6 Dueto the low fr oy of ISA2 T will restrict this investiaation t all restrictive pre- and postmaodifiers. The following sentences are ex-
|Slf_fty§esvc\,'m;que cy o 1SA-2 types, Twill restrict this investigation to amples of superlatives for which T/CS-Identifer is able to correctly

7 However, five of the 230 instances were excluded from evaluation as thidentify the target (curly brackets) and comparison set spans (square
C&C parser failed to parse them. brackets), with the product feature underlined.
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(14) ithink , {ape} is [the] best [dvd playegr,.;; youcan get forthe 7 CONCLUSION AND FUTURE WORK
price] .

(15) in my opinion [the]worst [issue on this phone] ifthe side-
mounted volume contrel 53} .

This paper established ISA-1 superlatives as special indicators of
product features in Opinion Mining, which not only contain the fea-
ture strings (in most cases as part of the CS), but also the opinion
word (usually the superlative itself), addressing two Opinion Mining
6.32 Results tasks at once. Although superlatives are of relatively low frequency,
Table 6 shows the results of running T/CS-Identifier on the 1SA-1the study supports previous findings that superlatives are perceived
superlatives in Hu and Liu's data set. The baseline system assum@&§ interesting and important by people [12], and Section 5 highlights
“the” as CSDet , and the first word following the superlative as the their importance in customer reviews. The study further introduced
beginning of theCSMai n, and the first word tagged as NN.* in that SRE as a tool to reliably identify ISA-1 superlatives automatically,
sequence as the end. The CS span is marked as correct only if bg¥id to extract from them potential product feature strings. As this
componentCSDet and CSMai n are exact matches with the gold Strategy for finding product features does not depend on frequency,
standard. The baseline target identifier chooses the sequence of NiFepresents an efficient way of locatimgfrequent features, which
chunks closest to the superlative as target span. are also of great interest in Opinion Mining. SRE can be used as a
stand-alone system for finding product features involving ISA com-
parisons, or it could be incorporated as an additional component in
an existing Opinion Mining system.
Component | SRE | Baseline Having automated the detection of ISA-1 superlatives and their
CS-ldentifier | 62.9% | 17.7% components, the important final question is how these results can be
-CSDet | 98.4% | 88.7% used to arrive at the product features they are assumed to contain. As
-CSMvai n | 64.5% 22.6% . . . . .
TTdentifier T661% 37 1% previously mentioned, the feature is a substring of either the target
or the comparison set in 34 out of the 46 instances (73.9%). As the
majority of them (27) occur as part of the comparison set, one strat-
Both components clearly outperform their respective baselines. €9y would be to assume that the product feature subsring is the NP-
chunk containing th&€SHead. This simple approach would work
for 25 of the 27 cases. Crucially, as most of the errors in automat-
ically detecting the CS span were in recognising postmodification,
The majority of errors in th€SMai n span were caused by the tag- product features can still be correctly identified as they only require
ger/parser, in cases where a restrictive “bare” relative clause startirigentification of theCSHead chunk.
with the pronoun “i” follows theCSHead. In (16), the parser falsely Finally, while this paper has focused on the role of ISA-1 superla-
interprets “i” as the NP head because of its non-standard spellingves in Opinion Mining, another interesting and potentially useful
(which caused it to be tagged as plural noun NNS instead of person&lass is represented by DEF, illustrated by (18) and (19), which ex-
pronoun PRP). A quick test confirmed this: Running the same serPress positive statements about the features “image quality” and “lens
tence through the tagger with “I” capitalised resulted in the correciadapter”, respectively.

Table 6. Performance of T/CS-Identifier (Accuracy)

6.3.3 Discussion

analysis. (18) overall , the g3 delivers what must be considered bst
(16) {this}is [the]best [dvd player i] 've purchased . image qualityof any current> 4 megapixel digicams , from a
(17) {this}is [one of the]nicest [phones nokia] has made . detail , tonal balance and color response point of view .

o ) ] (19) they got théoest lens adaptefor the g3-better than canon'’s .
Similarly, in (17), the token “nokia” was tagged as common noun I

(NN) and not recognised as a new NP chunk (‘B-NP’) indicating the While the distribution of product features across the DEF class
start of a relative or subordinate clause. In both cases, the CS spaloes not hint at their importance (cf. Table 2), one needs to consider
breaks off incorrectly (square brackets). that the DEF class is based on surface forms and contains a vari-
While CS-Identifier performs worse on customer reviews com-ety of different semantic types, of which only the so-called “relative
pared to its original domain (Wikipedia texts, where it achievedset comparisons” type may be of interest. Future work will therefore
88.8%), the situation is the reverse for T-Identifier, despite the noniwvolve finding technigques to distinguish this type from the other se-
standard nature of the data (66.1% vs. 58.4% in Wikipedia). This ignantic types found in the DEF class.
largely due to shorter sentences and fewer appositions, which pos-
itively affect the target location methods. Furthermore, the targei\CKNOWLEDGEMENTS
heads are often pronouns (“this”, “it”) or simple NPs such as “Apex”
with no pre- nor postmodifiers (30 out of 62 instances), which do not Would like to thank Bonnie Webber for her helpful feedback on
represent a problem to T-Identifier. this paper.
The fact that a large proportion of targets are represented by pro-
nouns immediately raises the question of pronoun resolution. How-
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Bootstrapping Supervised Machine-learning Polarity
Classifiers with Rule-based Classification

Michael Wiegand and Dietrich Klakow !

Abstract. In this paper, we explore the effectiveness of bootstrap- In this paper, we explore the effectiveness of an alternative,
ping supervised machine-learning polarity classifiers using the outwhich like most semi-supervised learning algorithms is based on
put of domain-independent rule-based classifiers. The benefit of thiself-training i.e., the process of labeling the unlabeled data with a
method is that no labeled training data are required. Still, this methogreliminary classifier and then training another (more robust) clas-
allows to capture in-domain knowledge by training the supervisedsifier by using the expanded annotated dataset. Unlike traditional
classifier on in-domain features, such as bag of words. semi-supervised learning, we do not use an initial classifier trained
We investigate how important the quality of the rule-based classion a small labeled dataset but the output of a domain-independent
fier is and what features are useful for the supervised classifier. Theile-based classifier. (For reasons of simplicity, we will often refer
former addresses the issue in how far relevant constructions for polate this specific version as plaiself-trainingin the following sec-
ity classification, such as word sense disambiguation, negation modions.) While the rule-based classifier is restricted to the knowledge
eling, or intensification, are important for this self-training approach.of (domain-independent) polar expressions, the supervised classi-
We not only compare how this method relates to conventional semifier trained on in-domain data labeled by the rule-based classifier
supervised learning but also examine how it performs under morean make use of domain-specific features, such as bag of words.
difficult settings in which classes are not balanced and mixed reviewklopefully, the supervised classifier can effectively use this domain-
are included in the dataset. specific knowledge and thus outperform the rule-based classifier.
Though this kind of self-training has already been applied to tasks
. in opinion mining, including polarity classification, there are certain
1 Introduction aspects of this method which have not yet been fully examined:
Recent years have seen a growing interest in the automatic text anatl Firstly, what are good features for the (pseudo-)supervised polar-

ysis of opinionated content. One of the most popular subtasks in this. classifier which is trained on the data labeled by the rule-based

I L . -
area is polarity classification which is the task of distinguishing be_clasglfler. D.O the |nS|ghts hold from common supervised learning or
o . semi-supervised learning?
tween positive utterances (Sentence 1) and negative utterances (Sén- . .
Secondly, what is the impact of the robustness of the rule-based
tence 2). o . e . . o
classifier on the final classifiers, i.e., does the supervised classifier
improve when the rule-based classifier improves? This addresses the
issue of in how far relevant constructions for polarity classification

that can be incorporated into a rule-based classifier, such as word

Various supervised classification approaches, in particular classifie@isambiguation, negation modeling, or intensification, are important
using bag of words, are heavily domain-dependent [2], i.e., they usufor this kind of self-training approach.

ally generalize fairly badly across different domains. Yet the costs to Thirdly, how does this type of self-training compare to state-of-
label data for any possible domain are prohibitively expensive. the-art semi-supervised learning algorithms?

Semi-supervised learning tries to solve this issue by reducing the Finally, does this method work in realistic settings in which — in
size of the labeled dataset. The lack of labeled training data is conddition to definite polar reviews — also mixed polar reviews are part
pensated by a large unlabeled dataset of the target domain. The lat@the dataset and the distribution of the classes is imbalanced?
is much cheaper to obtain.

Rule-based classification does not require any labeled trainin@ Related Work

data. In polarity classification, the rule-based classifier relies on

domain-independent polar expressions. Polar expressions are word§€re has been much work on document-level polarity classification
containing a prior polarity, such ageat and awful. One typically using supervised machine learning methods. Various classifiers and

counts the number of positive and negative polar expressions in a telgature sets have been explored [10, 11]. Support Vector Machines

instance and assigns it the polarity type with the majority of polar ex\>VMs) [5] usually provide best results [11]. Unigram and bigram
pressions. Since the classifier is restricted to domain-independent pigatures outperform complex linguistic features [10].

lar expressions, it lacks the knowledge to recognize domain-specific Rule-based polarity classification usually requires an open-domain
polar expressions, such asinchy" in the food domain obuggy™ polarity lexicon with polar expressions. One typically counts the
in the computer domain number of positive and negative polar expressions occurring in a test

document and assigns it the polarity type with most polar expres-
1 Smken Language Systems, Saarland University, Germany, emailSions. This method can be enhanced by disambiguating polar expres-
{michael.wiegand, dietrich.klakav@Isv.uni.saarland.de sions in their respective contexts. A framework in which scores are

1. The new iPhone lookgreatand iseasyto handle.
2. London isawful; it's crime-ridden dirty and full ofrude people.
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heuristically assigned to polar expressions depending anititd- 4.1.1 Feature Extraction

vidual contexts is proposed in [12]. The contextual modeling mainly ) ) ) ) ) ) ) .

focuses omegationandintensification Implementations inspired by ~Any word in a review that is not included in a polarity lexicon is

that formalism have been empirically proven effective [7, 8, 9]. discarded. Positive words (e.gxcellen} are assigned the valuel,
Semi-supervised learning for polarity classification has beer’€gative words (e.gawful) —1, respectively.

shown to be effective on inducing polarity lexicons from lexical re-

sources [3, 14] but on text classifipation, .the. gffectiyeness is heavilwhl'z Basic Word Sense Disambiguation with

depenc_;lent on th(_a_par_ameter settings. Significant !mproyement over Part-of-speech Tags

supervised classification can usually only be achieved in presence

of few labeled training data and a predictive feature set, such as irffhe polarity lexicon we use has part-of-speech tags attached to po-

domain adjectives or polar expressions from a polarity lexicon [17].lar expressions in order to disambiguate them, e.g., the lilerds

Another effective semi-supervised approach suggests to apply unseither a polar verb or a preposition (in which case it is meaningless

pervised learning (i.e., clustering) to classify unambiguous data infor polarity classification). We identify words as polar expressions

stances and restrict manual annotation to hard data instances [4]. only if their part-of-speech tags also match the specification in the
Bootstrapping supervised machine-learning classifiers with théexicon. This can be considered as some basic form of word sense

help of rule-based classification has already been effectively appliedisambiguation. For part-of-speech tagging we us€©®€ tagger.

to subjectivity detection of sentences [16]. The method has also

been applied to polarity classification, but so far only on Chinese . .

data [13, 15]. While the performance with out-of-domain supervised®-1-3  Negation Modeling

classifiers is compared in [15]_‘ this method is embedded into a COMz 5 polar expression occurs within the scope of a negation, its polar-
plex bootstrapping system Whlch.a}lso. extends the vocabulary (or feq\t—y is reversed (e.gnotnice™] ). By scope, we define the five words
ture set) of the rule-based classifier in [13]. Neither of these Worksfmmediately preceding the polar expression in the same sentence.

examine the impact of the rule-based classifier on the final resulig;,, .« some negation words are ambiguous and do not express nega-
the relation towards semi-supervised learning, nor discusses Varimfi%ns when used in certain constructions, suchasn not only

settings of the self-training algorithm, in particular, different feature but alsg we also apply some rules disambiguating negation words.

sets for the supervised classifier. In addition to common negation expressions, suchaswe also
considerpolarity shifters. Polarity shifters are weaker than ordinary

3 Data negation expressions in the sense that they only reverse a particular
polarity type. For example, the shiftabateonly modifies negative

: ot
In this paper, we use both the datasetMDb movie reviews [11] ~ Polar expressions as [abate the damagel™.

and reviews extracted froMate-It-AlP. We evaluate on the former
pecause itis _c_onsidered a benchmark dataset for p_ola_rity cIassifiggf—_lA Heuristic Weighting
tion. The additional data are used to show that our findings are valid
throughout different domains. Moreover, they have also been use8o far, all polar expressions contained in the polarity lexicon are as-
in prior work on semi-supervised learning [17] which we also makesigned the same absolute weight, ifet)1. This does not reflect
use of in our experiments. Table 1 lists the properties of the corporaeality. Polar expressions differ in their individual polar intensity or,
from the different domains. Note that on tRate-It-Alldatasets we in case of ambiguous words, in their likelihood to convey polarity.
labeledl and2 star reviews asegativeand4 and5 star reviews as  Therefore, they should not obtain a uniform weight.
positive 3 star reviews are labeledixed The actual class of these The polarity lexicon we use [18] includes a binary feature express-
reviews is unknown. Usually & star review should be neutral in the ing the prior intensity of a polar expression. It distinguishes between
sense that it equally enumerates both positive and negative aspestgakpolar expressions, such dsordered andstrongpolar expres-
about a certain topic, so that a definite verdict in favor or against isions, such ashaotic Intuitively, strong polar expressions should
is not possible. That is also why we cannot assign these instancexbtain a higher weight than weak polar expressions.
to either of the other two groups previously mentioned, pesitive When a polar expression is modifed by a so-caiteensifier such
andnegative During a manual inspection of some randomly chosenasveryor extremelyits polar intensity is also increased. An ordinary
instances, however, we also found definite positive and negative reweak polar expression has a similar polar intensity when it is mod-
views amongd star reviews. For this work, we leave these instancesfied by an intensifier as a strong polar expression, exremely
in the category of mixed reviews. disorderedandchaotic

The part of speech of a polar expression usually sheds light on

the level of ambiguity of the word. If a polar expression isaf

4 Method jective its prior probability of being polar is much higher than the
. one of polar expressions with other parts of speech, such as verbs
4.1 Rule-based Classifier or nouns [11, 17]. Therefore, polar adjectives should obtain a larger

he followi d ibe h larity lexi ) q weight than polar expressions with other parts of speech.
In the following, we \escribe how a po arlty. exicon 1S convgrte Since there are no development data in order to adjust the weights
to a rule-based polarity classifier. The polarity lexicon, the list Offorthe previously mentioned properties, we propose to simplible

other important word classes being intensifiers, negation expressiorfﬁe value of a polar expression if either of these properties apply. If

(including the rules to d!sambiguate them) and polarity shifters are, s these properties apply for a polar expression, then its value is
taken from theMIPQA project [18].

Shttp://svn.ask.it.usyd. edu. au/trac/
2http://ww. rateitall.com candc
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Table 1. Properties of the different domain corpoialy relates to thdRate-It-All data).

Domain Source Positive (4 & 5 Star$)  Mixed (3 Stars’)  Negative (1 & 2 Star§)  Vocabulary Size
computer  Rate-It-All 952 428 1253 15083
products Rate-It-All 2292 554 1342 21975
sports Rate-It-All 4975 725 1348 24811
travel Rate-It-All 9397 1772 3289 38819
movies IMDb 1000 0 1000 50920

doubledn times. For instance, an intensified adjective is assignedt.1.6 Different VVersions of Classifiers
the value o#, i.e.,2 - 2. ! . i e
The properties considered for heuristic weighting have alread)We define four different types of rule-based classifiers. They differ in

been motivated and proven effective in previous work [7, 11]. complexity. The simplest classifier, i.e., RRi», does not contain
word sense disambiguation, negation modeling or heuristic weight-

- ing. RBywsp is like RBp.in but also contains basic word sense
4.1.5 Classification disambiguation. R, is like RBywsp but also contains negation
modeling. The most complex classifier, i.e., RBgn:, iS precisely

For each data instance tlwentextualscores assigned to the indi- . : . . .
. . . o the algorithm presented in the previous sections. Table 2 summarizes
vidual polar expressions are summed. If the sum is positive, then th

instance is classified as positive. It is classified as negative, if the sunﬁe different classifiers with their respective properties.

is negative. We assign to all cases in which the sufmtfge polarity

type which gives best performance on that individual dataset (whick},2 ~ Semi-Supervised Learning

is usually negative polarity). Thus, we have a stronger baseline that ) o ) ]

is to be beaten by self-training. Semi-supervised learning is a class of machine learning methods that
Note that the prediction score of a data instance, i.e., the sum dhakes use of both labeled and unlabeled data for training, usually a

contextual scores of the polar expressions, can also be interpreted giall set of labeled data and large set of unlabeled data. A classifier

a confidence score. This property is vital for effectively using thisUSing unlabeled and labeled training data can produce better perfor-
rule-based classifier in self-training. Thus, previously mentioned in/mance than a classifier trained on labeled data alone. This is usually

stances with a score of for example, are unlikely to occur in the achieved by harnessing correlations between features in labeled and
labeled training set since it only includes instances labeled with anlabeled data instances and thus making inferences about the la-
high confidence score. The sum of contextual scores is normalizeB€! of these unlabeled instances. Since labeled data are expensive
by the overall number of tokens in a test instance. This normalizal® Produce, semi-supervised learning is an inexpensive alternative to
tion additionally encodes the density of polar expressions within théupervised learning.

instance. The greater the density of polar expressions of a particular In this paper, we exclusively use Spectral Graph Transduction

type is in a text, the more likely the text conveys that polarity. (SGT) [6] as a semi-supervised algorithm since it produced consis-
Figure 1 summarizes all steps of the rule-based classifier. tently better results than other algorithms on polarity classification
in previous work [17]. In SGT, all instances of a collection (i.e., la-
1. Lexicon loading, i.e., polar expressions, negation words, and intensifiers beled and unlabeled) are represented bsnaarest-neighbor graph,

2. Preprocessing: The graph is transformed to a lower-dimensional feature space, i.e.,

its spectrum, and then divided into two clusters by minimizing the
graph cut. The two clusters that are chosen should preserve the high-

est possible connectivity of edges within the graph.
(i) Check whether part-of-speech tag of potential polar expression matches lexical
entry (asic word sense disambiguatjon

(ii) Mark strong polar expressions. 4.3 Self-Training a Polarity Classifier using the
4. Negation modeling: Output of a Rule-based Classifier

(i) Ildentify potential negation words (including polarity shifters).

(ii) Disambiguate negation words.

(i) Stem testinstance.
(ii) Apply part-of-speech tagging to test instance.
3. Polar expression marking:

The idea of this bootstrapping method is that a domain-independent
rule-based classifier is used to label an unlabeled dataset. Unlike

iii) Reverse polarity of polar expression in scope of (genuine) negation. . . K . . L
m polarity otp P e of (@ yneg in semi-supervised learning (Section 4.2), no labeled training data

5. Intensifier marking

6. Heuristic weighting: double weight in case polar expression is: are used. The only available knowledge is encoded in the rule-
(i) astrong polar expression based classifier. The data instances labeled by the rule-based clas-
(i) an intensified polar expression sifier with a high confidence serve as labeled training data for a

supervised machine-learning classifier. Ideally, the resulting super-
7. Classification: assign test instance the polarity type with the largest (normalized ised classifier is more rOb.u.St on the.domam on which it was tramed
sum of scores. han the rule-based classifier. The improvement can be explained
by the fact that the rule-based classifier only comprises domain-
independent knowledge. The supervised classifier, however, makes
use of domain-specific features, i.e., words sucbraachy" (food
domain) orbuggy  (computer domain), which are not part of the
rule-based classifier. It may also learn to correct polar expressions
that are specified in the polarity lexicon but have a wrong polarity

(iii) a polar adjective.

Figure 1. Rule-based classifier.
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Table 2. Properties of the different rule-based classifiers.

Properties RBpigin RByw sD RBneg RBweight
basic word sense disambiguation v v v
negation modeling v v
heuristic weighting v

type on the target domain. A reason for a type mismatch may b& Experiments
that a polar expression is ambiguous and contains different polari%
types throughout the different domains (and common polarity lexi- . X ) ;

sented in Section 5.4 — we mainly adhere to the settings of pre-

cons usually only specify one polarity type per entry). For instance;’; ) . )
in the movie domain the polar expressioheapis predominantly vious work [17]. We deliberately chose these settings in favor of

negative, as it can be found in expressions, suchaap filmscheap semi-supervised _Ie_arning in order to have a strong baseline for the
special-effectgtc. In the computer domain, however, it is predomi- proposed self-training met_hod. We use a balanced su_bset (randomly
nantly positive as it appears in expressions suchhemp price If generated) for each domain. TRate-It-Alldataset consists a800

such a polar expression occurs in sufficient documents which thgat@ glstar_]ces per domain, where_gs "Mf? dataset _‘?O”S'Stj c:jf i
rule-based classifier has labeled correctly, then the supervised Iearn%q00 ata !nstan(_:es. We just consider (de |_n_|te) positive and ( _e -
may learn the correct polarity type for this ambiguous expression oﬁnte) negative reviews. The rule-based classifiers and the self-trained

that domain despite the fact that the opposed type is specified in th%lassifiers (bootstrapped with the help of rule-based classification)
polarity lexicon. are evaluated on the entire domain dataset. T most highly-

We argue that using a rule-based classifier is more worthwhiléanked data instances (i.600 positive and500 negative instances)

than using few labeled (in-domain) data instances — as it is the cadde chosen as training data for the supervised classifier. This setting,

in semi-supervised learning — since we thus exploit two differentWh'Ch is similar to the one used for semi-supervised learning [17],

types of features in self-training being domain-independent polar exp.rovided gqqd performance in our initial experiments. For t.hefsuper-
pressions and domain-specific bag of words which are known to p¥iSed classifier, we chose SVMs. As a toolkit, we @éMLight.

complementary [1]. The traditional semi-supervised approach usu-eature vectors were always normalized to unit length and addition-

ally just comprises one homogeneous feature set ally weighted withtf-idf scores. All words are stemmed. We report

Figure 2 illustrates both semi-supervised learning and self-trainingtatistical significance on the basis of a paired t-test usibgas the
using a rule-based classifier for bootstrapping. significance level.

o the following experiments — with the exception of those pre-

5.1 Comparison of Different Rule-based Classifiers

4.4 Feature Sets Table 4 shows the results of the different rule-based classifiers across
the different domains. On average, the more complex the rule-based
classifier gets, the better it performs. The only notable exceptions
re theproductsdomain (from RBycy t0 RByweignt) and thesports
omain (from RB-..» t0 RBywsp). On average (i.e., considering

We list the feature sets along thel_r abbreviation W'th_ which theya” domains), however, the improvements are statistically significant.
will henceforth be addressed. The first three features (i.e., Top2000,

Adj600, and MPQA) have been used in previous work on semi- o ) )
supervised learning [17]. They all remove noise contained in thed-2 ~Self-Training with Different Rule-based
overall vocabulary of a domain corpus. The last two features (i.e., Classifiers and Different Feature Sets

Uni and Uni+Bi) are known to be effective for supervised polarity topje 5 compares self-training (SelfTr) using different rule-based

classification [10]. Bigrams can be helpful in addition to unigrams .| ssifiers and different feature sets for the embedded supervised
since they take into account some context of polar expressions. Thugyassifier. In addition to accuracy, we also listed the F(1)-scores of

grucial constructipns,+such as negati@mo nice] ") or inteqsifica— the two different classes. The results are averaged over all domains.
tion ([extremely nicef ), can be captured. Moreover, multiword po- With the exception of RR., in combination with Top2000 and

i + - . ST .
lar expressions, such #sw tax] ™ or [low grades]", can be repre-  \ipoa there is always a significant improvement from a rule-based
sented as individual features. Unfortunately, bigram features are alsaassifier to the corresponding self-trained version. If Top2000 or
fairly sparse and contain a considerable amount of noise. MPQA is used, there is a drop in performance fromRBto SelfTr
in the sportsdomain. Improving a rule-based classifier also results
in an improvement of the self-trained classifier. With exception of
SelfTr(RBpia:n) to SelfTr(RBw sp) this is even significant.
Feature Set Abbrev. The feature set producing the best results is Uni+Bi. Uni+Bi is
the2000 most frequent non-stopwords in the domain corpus Top2000  statistically significantly better than Uni. This means that, as far as
the600 most frequent adjectives and adverbs in the domain corpus ~ Adj600  faatre design is concerned, the supervised classifier within self-
all polar expressions within the polarity lexicon MPQA . L - . e L.
all unigrams in the domain corpus Uni tralrlwlng. beha\{es S|m|I§r to ordlr}ary superwsgd classification [101.
all unigrams and bigrams in the domain corpus Uni+Bi Unlike in semi-supervised learning [17], a noiseless feature set is
not necessary. Best performance of SelfTr using a large set of polar

Table 3 lists the different feature sets we examine for the supervise
classifier (within self-training) and the semi-supervised classifiersd

Table 3. Description of the different feature sets.

4http://svmight.joachins.org
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unlabeled data dataset with confident
from target domain instances being labeled

Self-Training using Rule-based Classifier

— £

Semi-Supervised Learning ‘

Semi-
Supervised
Learner

labeled and
unlabeled data
from target domain ‘

Figure 2. Comparison of semi-supervised learning and self-training using a rule-based classifier for bootstrapping.

Table 4. Comparison of accuracy between different rule-based classifiers (RB) and self-trained classifiers (SelfTr) trained on best feature set (Uni+Bi) on
different domains (for each domain, performance is evaluated on a balanced corpus).

RBPiain RByw s D RBneg RBw cight

Domain RB SelfTr RB SelfTr RB SelfTr RB SelfTr

computer  64.11 80.22 70.61 81.72 73.56 83.67 74.28 83.50
products 60.78 70.78 66.06 73.89 71.06 77.00 70.94 77.00
sports 64.33 66.44 64.39 64.94 67.50 68.89 68.89 72.78
travel 64.61 69.56 67.39 69.83 70.72 73.33 72.61 76.89
movies 61.75 72.70 64.80 72.45 67.85 73.55 71.30 77.75
average 63.12 71.94 66.65 72.57 70.14 75.29 71.60 77.58

expressions is reported in [13]. The feature set comprisepen-o between the two classes is typical of learning-based polarity clas-
domain polarity lexicon and is automatically extended by domain-sifiers [1]. However, it should also be pointed out that the gap is
specific expressions. Our results suggest a less complex alternativeuch smaller (usually not greater thaf). Moreover, the size of
Using SelfTr with unigrams and bigrams (i.e., Sefffr, g;) already  the gap does not bear any relation to the gap in the original RB, i.e.,
provides better classifiers than SelfTr with a polarity lexicon (i.e.,though there is a considerable difference in size between the gaps of

SelfTrspga). The increase is appro%. RBpiqin and RBveg, the size of the gaps in the self-trained versions
It is also worth pointing out that the gain in performance that isis fairly similar.

achieved by improving a basic rule-based classifier (i.e s RR) We also experimented with a combination of bag of words and the
by modeling constructions (i.e., RR.ig4rt) is the same as is gained knowledge encoded in the rule-based classifier, i.e., the two features:
by just self-training it with the best feature set (i.e., Selflr: 5:). the number of positive and negative polar expressions within a data
The relation between the F-scores of the two different classes difinstance. The performance of this combination is worse than a classi-
fers between RB and SelfTr. In RB, the score of the positive class ifier trained on bag of words. The correlation between the two class la-
always significantly better than the score of the negative class. Thibels and the two polarity features is disproportionately high since the
is consistent with previous findings [1]. The gap between the twaopolarity features essentially encode the prediction of the rule-based
classes, however, varies depending on the complexity of the classtiassifier. Consequently, the supervised classifiers develop a strong
fier. In RBpjqin, the gap is17.45%, whereas it is less thaé% in bias towards these two features and inappropriately downweight the
RBneg and RByeignt. In SelfTr, the F-score of the negative class bag-of-words features.
is usually better than the score of the positive cla3#is relation Table 4 compares rule-based classification and self-training on in-

5 - - - - dividual domains. In some domains self-training does not work. This
The only exception where the reverse is always true is Sgifgf 4. This . . . . . -
does not come as a surprise since this feature set resembles RB most. IS Most evident in theportsdomain using self-training on RB s p.
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Apparently, the better the rule-based classifier is, the niketyla
notable improvement by self-training can be obtained. Note that in g i . . . .

the sportsdomain the self-trained classifier using the most complex Semi-supervissaeamng (oLt top 600 AdiStives and acherbe. —c—-
rule-based classifier, i.e., SelfTr(RB.,n:), achieves the largest im- SoTiraibig wih 1000 rardomiy Seleciod iocianees SolTrAy
provement compared to the rule-based classifier. These observatio
are also representative for the remaining feature sets examined b
not displayed in Table 4.

T T

Self-training with 1000 randomly selected instances (SelfTr-A)
Self-training with 1000 training instances selected by confidence (SelfTr-B) ----

80 q

5.3 Self-Training using Rule-based Classifiers
Compared to Semi-Supervised Learning

(classifier trained on 1000 unlabeleEjmanems)

In the following experiments, we use Spectral Graph Transduction
(SGT) [6] as a semi-supervised classifier, since it provided best per
formance in previous work [17]. As a toolkit, we uSSTLight.

For each configuration (i.e., training and test partition) we randomly
sample20 partitions from the corpus. Labeled training and test data  ° 00 200 po 200 s 00 00 200
are always mutually exclusive but the test d&@0(positive ancs00 Number of labeled documents for training

negative instances) can be identical to the unlabeled training data.

Figure 3 compares self-training bootstrapped on the output of rule-  Figyre 3. Comparison of self-training and semi-supervised learning
based classification (SelfTr) to supervised learning (SL) and semi<{performance is evaluated on balanced corpus and results are averaged over
supervised learning (SSL). We compare two variations of SelfTr. all domains).

SelfTr-A, as SSL, uses the same 1000 randomly sampled data in-

stances for both unlabeled training and testir@gain, we report

the averaged result over 20 samples.) SelfTr-B (like in previous sec-

tions) selects000 training instances by confidence from the entire 5.4  Natural Class Imbalance and Mixed Reviews
dataset. The test data are, however, the same as in SelfTr-A. Unlike

in previous work in which Top2000 is used for SL [17], we chose |, this section, we want to investigate what impact natural class im-
Uni+Bi as a feature set. It produces better resulgs than Top2000 0f;1ance has on bootstrapping polarity classifiers with a rule-based
classifiers trained on larger training sets (i.400). For SSL, we  (|assifier since this aspect has only been marginally covered in pre-
consider Uni+Bi and Adj600, which is the feature set with the overallviOus work [13, 15]. In those works, different class ratios on the test

best performance using that learning method. For SelfTr, we consid&le; are evaluated. However, the same amount of positive and negative

the best classifier, i.e., Selii+ 5i- reviews is always selected for training. We assume that the optimal

Though SSL gives a notable improvement on small labeled traing e formance of self-training can be achieved when the class distribu-

ing sets (i.e.= 100), it produces much worse performance than SL o of training and test set is identical and we will provide evidence
on large training sets (i.ex 200). Adjectives and adverbs are a very ¢, that. Moreover, we want to explore what impact different distri-
reliable predictor. However, the size of the feature set is fairly smally)  tions between the two sets have on the accuracy of the classifier
Too little structure can be learned on large labeled training sets Ussynq how different class-ratio estimation methods perform.
ing such a small feature s_et. _U_sing larger (but also noisier) feature pravious work dealing with bootstrapping polarity classifiers us-
sets for SSL, such as Uni+Bi, improves performance on larger laj,q yplapeled data also focuses on datasets exclusively consisting of
beled training sets. However, even with Uni+Bi SSL does not reacyefinite positive and negative reviews [4, 13, 15, 17]. In this sec-
a performance comparable to SL on large training sets and it is Sigjon, the unlabeled dataset will also include mixed reviews, &e.,
nificantly worse than Adj600 on small training sets. star reviews (see Section 3). Due to the availability of such data the
Whenever SSL outperforms SL, every variation of SelfTr also OUt-gyperiments are only carried out on fRate-It-Alldata. We also add

performs SSL. SelfTr-B is significantly better than SelfTr-A which e constraint that the test data must be disjoint from the unlabeled
means that the quality of labeled instances matters and SelfTr is ab{?aining datd.

to select more meaningful data instances than are provided by ran- Test data are exclusively (definite) positive reviews (ide& 5

dom sampling. Unfortunately, SSL-methods, such as SGT, do noting¢5 reviews) and (definite) negative reviews (ile&, 2 star reviews).
corporate such a selection procedure for the unlabeled data. Furthgfym each domain. we randomly sampl® data instances0 times.
exploratory experiments using tiemtire dataset as unlabeled data \ye state the results averaged over these different test sets. The class

for SSL produced, on average, results similar to those usi9 a1 on each test set corresponds to the distribution of definite polar
instances. This proves that SSL cannot internally identify as means.iews i.e.3 star reviews are ignored.

ingful data as SelfTr-B does. Whereas SSL significantly outperforms  The unlabeled training dataset is the dataset of a domain exclud-

SL on training sets using less thafo training instances, the best g the test data. As labeled training data for the embedded super-
variation of SelfTr, i.e., SelfTr-B, significantly outperforms SL on iseq classifier within self-training, we uge% of data instances la-

training sets using less thao instances. This difference is, in par- pejeq by the rule-based classifier ranked by confidence of prediction
ticular, remarkable since SelfTr does not use any labeled training da@cross all domains/configurations, this size provided best results).

at all whereas SSL does. Hopefully, most mixed reviews are among the remairiagy.

Accuraky

o

Shttp://sgt.joachins.org
7 We use this configuration since it is required @ TLight 9 We can include this restriction in this section since we will not consider the
8 Note that previous work in particular focused on small training sets [17]. semi-supervised learning algorithm SGT in this section.
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Table 5. Performance of self-trained classifiers with different feature sets (experiments are carried out on a balanced corpus and results are averaged over al
domains).

RBpiain RBywsp RBneg RBw eight

Type F1+ F1— Acc Fi1+ F1— Acc Fi1+ F1— Acc Fi1+ F1— Acc

RB (Baseline) 69.81 5236 63.12 70.39 6179 66.65 7242 6740 70.14 7426 6830 71.60
SelfTrrop2000 70.15 70.88 70.53 70.26 7155 70.92 72.78 73.88 7340 7479 7418 75.73
SelfTr 445600 68.94 69.92 69.44 70.08 7141 70.76 7246 7390 73.20 7434 7582 75.10
SelfTrarpga 69.18 67.85 6855 70.03 69.46 69.75 7250 72.19 7215 7457 7547 75.04
SelfTruni 69.82 7116 70.51 7053 7241 7150 73.17 7487 7405 7573 77.67 76.74
SelfTfryni+n: 7114 7469 7194 7141 7364 7257 7439 76.12 7529 76.43 78.62 77.58

5.4.1 Class Imbalance and Rule-based Classification class ratio (Ratio-Balanced), the class ratio as predicted by the rule-
) . ) ) based classifier over the entire dataset (Ratio-RB) and estimates
In the first experiment, we just focus on class imbalance @.8tar  gained from a small amount of randomly sampled data instances
reviews are excluded). We examine a self-trained classifier using thg, the dataset. We randomly sample (Ratio20), 50 (Ratio50)
class-ratio estimate of a rule-based classifier as it is the most obviy,q 100 (Ratio-100) instances. For each configuration (i:0, 50,

ous estimate since the rule-based classifier is also used for generatiggy 100), we samplel0 times, run SelfTr for each sample and re-
the labeled training data. In particular, we want to explore whethet, t the averaged result. We compare the self-trained classifier with

there is a systematic relationship between the class distribution, the |5ssifier always assigning a test instance to the majority class
class-ratio estimate of the rule-based classifier and the resulting SEI(Majority-CI) and the rule-based classifier (RB;,n:). This time
wght)- ’

trained classifier. Table 6 lists the actual distribution of classes on thg,q 4150 include the star reviews in the unlabeled dataset.

test set, the deviation between the distribution as it is predicted by the 14p)e 7 displays the results. We also display results of the datasets
rule-based classifier and the actual distribution along the informatiorithqut usings star reviews in brackets. SelfTr using Ratio-Balanced
towards which class the rule-based classifier is biased. Finally, wg\oqyces the worst results among the self-training classifiers. This
also list the absolute improvement/deterioration of the self-trained,,o¢ the only method used in previous work (in Chinese) [13, 15].
classifier in comparison to the rule-based classifier. We will OnlyApparentIy, English data are more difficult than Chinese and, in En-

consider the best rule-based classifier, i.e.uRBx:, and for self-  gjish  selfTr is more susceptible to deviating class-ratio estimates
training, we will exclusively consider the best configuration from the gince in [13, 15] SelfTr with Ratio-Balanced scores rather well.

previous experiments, i.e., Selffriizi. The table shows that the  Ratio-Oracle produces best results which comes to no surprise since
quality of class-ratio estimates of rule-based classifiers varies amonge cjass distribution in training and test set is the same. On av-
the different domains. The deviation is greatest ondfraputerdo-  grage Ratio-100produces the second best result as it also gives
main. This is also the only domain in which the majority class are thejry reliable class-ratio estimates (the deviatiofi.&% on average,
negative reviews. With exception of taportsdomain, the rule-based  \yhereas the deviation of Ratio-Balanced1&16%). Both Ratio-
classifier always overestimates the amount of positive reviews. Thigy 5nd Ratio100 produce results which are significantly better than
overestimation is surprising considering that the polarity lexicon WeMajority-Cl and RByeigne

. . . . ight-
use contains almost twice as many negative polar expressions as pos-yg Ratio-Oracle, Ratio-Balanced, Ratio-20, Ratio-50, and Ratio-

itive pola.r expressions: This finding, however, is cor)gistent with our 00 suggest, the presence of mixed polar reviews does not produce
observation from Section 5.2 that rule-based classifiers have a biaggniicantly different results. It is very striking, however, that the
towards positive reviews, i.e., they achieve a better F-score for pogpgits of Ratio-RB are better using thestar reviews which seems
itive reviews than for negative reweWsTapIe 6 also clearly shows o nter-intuitive. We found that this is a corpus artifact. As already
that the deviation negatively correlates with the improvement of theateq in Section 3 star reviews do not only contain indefinite polar
self-trained classifier towards the rule-based classifier. The improveziews but also positive and negative reviews. We also noted that
ment is greatest on thgportsdomain where the deviation is smallest R4tio-RB has a bias towards predicting too many positive instances.
and the greatest deterioration is obtained ondbeputerdomain  The pias is stronger i$ star reviews are not included in the ratio-
where the deviation is largest. . ... prediction (deviation 08.5% instead 06%). We, therefore, assume

In summary, the class distribution of the data has a significant iMyn 5t among tha star reviews the proportion of negative-like reviews
pact on the final self-trained classifier. In case there is a heavy migg greater than among the remaining part of the dataset and RB within
match between actual and predicted class ratio, the self-training age|fry detects them as such. Thus, the bias towards positive polarity
proach will not improve the rule-based classifier. is slightly neutralized.

In summary, using small samples of labeled data instances is the
5.4.2 Class Imbalance. Class Ratio Estimates and 3 Star Most effective way for class ratio estimation enabling SelfTr to con-
Reviews sistently outperform Majority-CL and RBeign:. Mixed reviews

only have a marginal impact on the final overall result of SelfTr.
In the following experiment we will compare how alternative class-

ratio estimates relate to each other when applied to self-trainin

We compare the actual distribution (Ratio-Oracle) with the balance Conclusion

T We also op T that s bias s saricandy ] e classi In this paper, we examined the effectiveness of bootstrapping a super-
e also opserve al IS Dias Is significantly larger on simpile classl- . . e : _ H _
fiers, such as RBy,,,,. which is plausible since on this classifier the gap wsed_polarlty classm_erwnh the_output of an open domaln_rul_e_ based
between F-scores of positive and negative reviews is also largest (see Tglassifier. The resulting self-trained classifier is usually significantly
ble 5). better than the open-domain classifier since the supervised classifier
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Table 6. Class imbalance and its impact on self-training.

Domain Class distribution (4 : —) Deviation of predicted Class towards which Difference in Accuracy between
distribution from actual predicted distribution is RB and SelfTr(RB)
distribution biased
computer 43.17 : 56.83 16.30 + —3.60
products 63.07 : 36.93 6.65 + —0.25
sports 78.68 : 21.32 2.10 — +3.15
travel 74.07 : 25.93 3.71 + +1.30

Table 7. Accuracy of different classifiers tested on naturally imbalanced data: for self-trained classifiers the unlabeled data alSostantaiiews;
numbers in brackets state the results on a dataset which exdwsti@sreviews.

SelfTr
Domain Majority-Cl RB weignt Ratio-Oracle  Ratio-Balanced Ratio-RB Ratio-20 Ratio-50 Ratio-100
computer 56.83 73.80 82.80(83.35) 83.25(82.95 75.95(70.20) 77.36(77.95) 80.43(80.91) 80.96 (81.47)
products 63.07 76.00 80.90 (81.70) 75.40 (76.05) 77.50 (75.75) 77.61(78.10)  80.45 (80.86)69(81.27)
sports 78.68 77.35 81.25(81.10) 62.55 (60.30) 80.75(80.50  79.10(79.01) 79.94(79.94)  80.620.50
travel 74.07 79.50 81.70 (81.60) 66.95 (66.10) 81.15(80.80  77.96 (76.59)  80.64 (80.52)  80.76 (80.58)
average 68.16 76.66 81.66 (81.94) 72.04 (71.35) 78.84 (76.81)  78.01(77.91)  80.37 (80.18).76 (80.96)

exploits in-domain features. As far as the choice of the featet is
concerned, the supervised classifier within self-training behaves ver)fl]
much like an ordinary supervised classifier. The set of all unigrams
and bigrams performs best.

The type of rule-based classifier has an impact on the performancé?]
of the final classifier. Usually, the more accurate the rule-based clas-
sifier is, the better the resulting self-trained classifier is. Therefore,
modeling open-domain constructions relevant for polarity classifica-
tion is important for this type of self-training. It also suggests that [4]
further improvement of rule-based polarity classifiers by more ad-
vanced linguistic modeling is likely to improve self-training as well. [5]

In cases in which semi-supervised learning outperforms super-
vised learning, self-training at least also performs as well as the besis]
semi-supervised classifier. A great advantage of self-training is that
it chooses instances to be added to the labeled training set by using]
confidence scores whereas in semi-supervised learning one has to re-
sort to random sampling. The resulting data from self-training are g
usually much better.

Self-training also outperforms a rule-based classifier and al9]
majority-class classifier in more difficult settings in which mixed re- 0l
views are part of the dataset and the class distribution is imbalance&
provided that the class-ratio estimate does not deviate too much from
the actual ratio on the test set. A class-ratio estimate can be obtainéd]
by the output of the rule-based classifier but, on average, using small
samples from the data collection produces more reliable results. 5

Since this self-training method works under realistic settings, i{
is more robust than semi-supervised learning, and its embedded su-
pervised classifier only requires simple features in order to produck3l
reasonable results, it can be considered an effective method to OV?{Z.]
come the need for many labeled in-domain training data.
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Comparable English-Russian
Book Review Corpora for Sentiment Analysis

Taras Zagibalov ! and Katerina Belyatskaya®? and John Carroll 3

Abstract. We present newly-produced comparable corpora
of book reviews in English and Russian. The corpora are
comparable in terms of domain, style and size. We are using
them for cross-lingual experiments in document-level senti-
ment classification. Quantitative analyses of the corpora and
the language differences they exhibit highlight a number of is-
sues that must be considered when developing systems for au-
tomatic sentiment classification. We also present experiments
with a sentiment classification system applied to the corpora.
The results suggest that differences in the way that sentiment
is expressed in the two languages lead to large difference in
sentiment classification accuracy.

1 INTRODUCTION

Automatic classification of document sentiment (and more
generally extraction of opinion from text) has recently at-
tracted a lot of interest. One of the main reasons for this
is the importance of such information to companies, other
organizations, and individuals. Applications include market-
ing research tools that help a company analyse market or
media reaction towards their brands, products or services,
or search engines that help potential purchasers make an in-
formed choice about a product they are considering buying.

Most extant sentiment classification systems use ap-
proaches based on supervised machine learning, which require
substantial manually-produced or -curated resources includ-
ing texts annotated at the document level and below, senti-
ment term dictionaries and thesauri, and some level of lan-
guage analysis.

There are a number of publicly available sentiment-
annotated corpora, such as MPQA [15], and Pang and Lee’s
Movie Review corpus [8]. However, most of these corpora con-
sist just of English text. As for other languages, we are aware
of only one publicly available corpus, of Chinese product re-
views [20]. There are other corpora designed for cross-lingual
evaluations, but these seem not to be publicly available (for
example the NTCIR MOAT corpora of English, Japanese and
Chinese [12]).

As part of an on-going research effort in sentiment analy-
sis, we have designed and built comparable corpora of book
reviews in English and Russian, which we are making pub-
licly available, in the expectation that they will contribute to

1 University of Sussex, email: T.Zagibalovl@sussex.ac.uk
2 Siberian Federal University, email: e.o.belyatskaya@gmail.com
3 University of Sussex, email: J.A.Carroll@sussex.ac.uk

research in cross-lingual sentiment processing®. The Russian
corpus is probably the first sentiment-annotated resource in
that language.

In this paper, as well as describing the corpora and quan-
tifying various relevant aspects of them, we analyse some
important language-specific and domain-specific issues that
would be likely to impact on automatic sentiment processing.
We also describe experiments with standard machine learning
sentiment classification technique applied to the corpora.

The paper is structured as follows. Section 2 surveys re-
lated work in sentiment classification. Section 3 describes the
corpora. Section 4 presents experiments with the corpora and
Section 5 concludes.

2 RELATED WORK

Most work on sentiment classification has used approaches
based on supervised machine learning. For example, Pang et
al. [9] collected movie reviews that had been annotated with
respect to sentiment by their authors, and used this data to
train supervised classifiers. A number of studies have investi-
gated the impact on classification accuracy of different factors,
including choice of feature set, machine learning algorithm,
and pre-selection of the segments of text to be classified. For
example, Dave et al. [2] experiment with the use of linguistic,
statistical and n-gram features and measures for feature selec-
tion and weighting. Pang and Lee [8] use a graph-based tech-
nique to identify and analyse only subjective parts of texts. Yu
and Hatzivassiloglou [18] use semantically oriented words for
identification of polarity at the sentence level. Most of this
work assumes binary classification (positive and negative),
sometimes with the addition of a neutral class (in terms of
polarity, representing lack of sentiment).

Turney [13] carried out an early and influential study into
unsupervised sentiment classification. The approach starts
from two ‘seed’” words and builds lists of positive and sen-
timent vocabulary from large amounts of text using a tech-
nique based on pointwise mutual information. For sentiment
classification of movie reviews the approach achieves a rel-
atively modest 65% accuracy (although reviews of automo-
biles are classified with 84% accuracy). Turney attributes this
discrepancy in accuracy between domains to the much more
complex structure of movie reviews. Popescu and Etzioni [10]
extend the approach, applying hand-made rules, linguistic in-
formation and WordNet resources. Kobayashi et al. [4] employ

4 The corpora are available for download from
http://www.informatics.sussex.ac.uk/users/tz21/.
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an iterative semi-automatic approach to extracting opinion-
bearing expressions, although this requires human input at
each iteration. Unsupervised and semi-supervised techniques
may offer the promise of overcoming domain dependence since
they do not require training data in order to be applied to a
new domain. Wiebe and Riloff [14] present an unsupervised
sentence-level subjectivity classifier that uses an extensive set
(about 8000) of rules (subjectivity clues). Li, Zhang and Sind-
hwani [5] used labelled documents to adjust a hand-built sen-
timent lexicon to a domain. The extensive use of knowledge
(rule or lexicons) make these approaches language-dependent.

An alternative approach to overcoming domain dependence
is presented by Aue and Gamon [3], who attempt to solve the
problem of the absence of large amounts of labelled data by
customizing sentiment classifiers to new domains using train-
ing data from other domains. Blitzer et al. [1] investigate
domain adaptation for sentiment classifiers using structural
correspondence learning.

There has been little previous work on applying sentiment
analysis to languages with scarce relevant language resources.
A notable exception is the work towards producing cross-
lingual subjectivity analysis resources from English data by
Mihalcea et al. [7]. They use a parallel corpus to adjust a sub-
jectivity lexicon translated from English to Romanian. Other
multilingual opinion mining work (in English, Japanese and
Chinese) was carried out by Zagibalov and Carroll ([19] and
[21]), using techniques requiring limited manual input to clas-
sify newswire documents with respect to subjectivity and to
extract opinion holders and targets.

A number of studies include development of linguistic re-
sources for sentiment analysis. The text corpora are quite
often annotated by a several annotators to produce differ-
ent kinds of annotation. For example, Read [11] developed an
annotation scheme with about 30 different tags that closely
follows the Appraisal Theory [6]. Wilson and Wiebe [16] de-
veloped a detailed annotating scheme for expressions of opin-
ions, beliefs, emotions, sentiment and speculation. To ensure
annotation robustness, the authors calculate inter-annotator
agreement. Another approach uses tags produced by authors
(‘self tagged’) of the documents included to the corpus [2].

3 THE CORPORA

The English and Russian book review corpora consist of
reader reviews of science fiction and fantasy books by pop-
ular authors. The reviews were written in 2007, ensuring that
the language used is current.

The Russian corpus consists of reviews of Russian transla-
tions of books by popular science-fiction and fantasy authors,
such as S. King, S. Lem, J.K. Rowling, T. Pratchett, R. Sal-
vatore, J.R.R. Tolkien as well as by Russian authors of the
genre such as S. Lukianenko, M. Semenova and others. The
reviews were published on the website www.fenzin.org.

The English corpus comprises reviews of books by the same
authors if available. If some of the authors were not reviewed
on the site or did not have enough reviews, they were sub-
stituted with other writers of the same genre. As a result
the English corpus contains reviews of books such as: S. Er-
ickson (Guardians of the Moon, Memories of Ice), S. King
(Christine, Duma Key, Gerald’s Game, Different Season and
others), S. Lem (Solaris, Star Diaris of Iyon Tichy, The Cy-

briad), A. Rise (Interview with the Vampire, The Tale of the
Body Thief and others), J.K. Rowling (Harry Potter), J.R.R.
Tolkien (The Hobbit, The Lord of the Rings, The Silmaril-
lion), S. Lukyanenko ( The Night Watch, The Day Watch, The
Tuwilight Watch, The Last Watch), and some others. The re-
views were published on the website www.amazon.co.uk.

We annotated each review as ‘POS’ if positive sentiment
prevails or ‘NEG’ if the review is mostly negative based on
the tags assigned by reviewers, but moderated where the tag
was obviously incorrect. Each corpus consists of 1500 reviews,
half of which are positive and half negative. The annotation
is simple and encodes only the overall sentiment of a review,
for example:

[TEXT = POS]

Hope you love this book as much as I did. I thought
it was wonderful!

[/TEXT]

English reviews contain a mean of 58 words (the mean
length for positive and negative reviews being almost the
same). Positive Russian reviews have a mean length of only 30
words; negative reviews are slightly longer, at 38 words (see
Table 1). It is not possible to compare these figures directly
across the languages as they have different grammar struc-
tures which makes English more ‘wordy’ as it has function
words (articles, auxiliary verbs) which are almost completely
absent in Russian.

Russian, being a synthetic language, has a lot of forms of
the same lemma. This results in a large number of distinct
word forms: the corpus contains a total of 13472 word forms,
with 6589 (42%) in positive reviews and 8993 (58%) in nega-
tive. The total number of words in the corpus is 50745, which
means that every word form was used a little more than 3
times on average. The English corpus has only 7489 word
forms in the whole corpus, 4561 (47%) in positive reviews,
and 5098 (53%) in negative. The re-use of word forms in En-
glish is much higher: every word form was used 9 times on
average (the total number of word in the corpus is 87539).
These figures suggest that the Russian reviewers used a richer
vocabulary for expressing negative opinion (compared to the
number of unique words used in Russian positive reviews)
than English reviewers.

Further evidence of the different ways in which people dis-
tinguish sentiment polarity in Russian compared with English
is the distribution of lengths of positive and negative reviews.
The Russian corpus has a large number of short reviews (less
than 50 words) with a median of 15 words for positive reviews
and 10 words for negative reviews. Apart from the language-
specific differences mentioned above that partly account for
the smaller number of words in Russian documents, there is a
clear difference from English reviews in terms of length. The
English reviews feature a more or less equal number of doc-
uments of different lengths (mostly in the range 15 to 75).
The prevalence of short reviews in the Russian corpus, to-
gether with the rich morphological variation, may lead to data
sparseness which would be a problem for many current senti-
ment classification techniques.

Although both of the sites from which the reviews were col-
lected feature review-ranking systems (e.g. one to ten stars),
many reviewers did not use the system or did not use it prop-
erly. For this reason all of the reviews were read through
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Mean Mean Total  Total
tokens  tokens types  types
POS NEG POS NEG
English 58 58 7349 8014
Russian 30 38 9290 12309

Table 1. Overall quantitative measures of the English and

Russian corpora.

and hand-annotated. There were a lot of re-occurring short
reviews like: Xopomo (Good); Nrrepecnas kuura (Interesting
book); Cymep! (Superd!); Hynaruna!! (Boring!!); Huxe cpen-
mero (Below average); Awesome!; Amazing!; The best book
I've ever read!; Boring, and so on. These reviews were added
to the corpus only once. Also both sites had a number of
documents which did not have any direct relation to book re-
viewing, such as advertisements, announcements and off-topic
postings. Such texts were excluded as irrelevant.

The documents that were included in the corpora were not
edited or altered in any other way.

3.1 Ways of Expressing Sentiments

To better understand the difference between the English and
the Russian corpora, we have investigated the means used
to express opinion and how this may impact on automatic
sentiment classification®.

Sentiment can be expressed at different levels in a language,
from lexical and phonetic levels up to the discourse level.
This range is reflected in the corpora (see Tables 2 and 3).
As the Tables show, the two languages express sentiment in
slightly different ways. English makes heavy use of adjectives
to express sentiment (this class of words is used to express
sentiment in a third of all documents). In contrast, Russian
uses verbs as often as adjectives to express sentiment (both
of these classes are used in about quarter of all reviews) and
makes more use of nouns (expressing sentiment in 15% of all
documents compared to 11% in English). The Russian cor-
pus also demonstrates a tendency to combine different ways
of expressing sentiments in a document: the total number of
uses of different ways in the English corpus is 4083 compared
to 4716 in Russian, which means that given equal number of
reviews for each language, Russian reviews tend to have more
different ways of expressing sentiment per document.

Syntactic Lexical Phonetic
Verb  Adj Noun  Other
Positive 432 312 708 225 325 12
Negative 367 389 652 238 407 16
Total 799 701 1360 463 732 28
Table 2. Ways of expressing sentiment in the English Book

Review Corpus (numbers of documents).

Lexical Level

5 All the numerical data presented below comes from manual count-
ing and is not represented in the corpus annotation.

Lexical

Syntactic Phonetic
Verb  Adj Noun Other
Positive 417 492 648 374 367 27
Negative 475 578 567 334 394 43
Total 892 1070 1215 708 761 70
Table 3. Ways of expressing sentiment in the Russian Book
Review Corpus (numbers of documents).
Adjectives Adjectives are the most frequent means of

expressing opinions in both languages, closely followed by
verbs in the Russian corpus. 1215 Russian reviews use ad-
jectives to express sentiment and 1070 reviews use verbs. In
the English corpus there are 1360 reviews that use adjectives,
but only 701 use verbs to express opinion.

Apart from adjectives, which are recognised as the main
tool for expressing evaluation, other parts of speech are also
often used in this function, most notably verbs and nouns. The
English reviews also feature adverbials and both languages
also use interjections.

Verbs As observed by some researchers, opinions deliv-
ered by verbs are more expressive compared to opinions ex-
pressed in other ways. This is explained by the fact that a
verb’s denotation is a situation and the semantic structure of
the verb reflects linguistically relevant elements of the situ-
ation described by the verb. Appraisal verbs not only name
an action, but also express a subject’s attitude to an event or
fact. Consider the following examples:

(1) I truly loved this book, and I KNOW you will, too!

(2) [MOHPABWJIOCh, Hay4Has (aHTaCTHKa B XOPOIIEM
WCIOTHEHUH
I liked it, it’s science fiction in a very good
implementation

The English verbs loved and liked describe a whole situ-
ation which is completed by the time of reporting it. This
means that a subsequent shift in sentiment polarity is all but
impossible:

(3)  *I truly loved this book, but it turned out to be boring.

Nouns Nouns can both identify an object and provide
some evaluation of it. But nouns are less frequently used for
expressing opinion compared to verbs. Nonetheless in the Rus-
sian corpus, nouns were used more than in the English cor-
pus. There are 708 Russian reviews that have opinions ex-
pressed by nouns, however, only 463 English reviews made
use of a noun to describe opinion. The most frequent such
nouns used in Russian reviews are wymo (miracle), kmaccuka
(classics), menesp (masterpiece), reamii (genius), TPEIECTH
(delight), 6pen (nonsense), mypa (raspberry), xsauka (mind-
numbing stuff ), epyuma (bugger).
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Phonetic Level Although the corpora consist of written

text and do not have any speech-related mark-up, some of
the review authors used speech-related methods to express
sentiment, for example:

(4) A BIG FAT ZEEROOOOOOO0O0000O0 for M.A

(5) Hy uro cka3ars. .. demyxa. .. YE-ITY-XA.
What shoud I say... boloney... BO-LO-NEY

Another way to express opinion in Russian is based on the
use of a sub-culture language, Padonky. This sociolect has
distinctive phonetic and lexical features that are distant from
‘standard’ Russian (both official and colloquial). For example,
a phrase usually used to express negative attitude to an author
about his book:

(6) Addrop, soimeir ALY
(lit) Autor, drink some POIZON

Padonky is close to some variants of slang (corresponding in
English to expressions such as u woz, ¢ u soon etc.), however
it is more consistent and is used quite often on the Web.

Sentence Level Sentence-level means of expressing senti-
ment (mostly exclamatory clauses, imperatives or rhetorical
questions) is slightly more frequent in the Russian corpus than
in the English: 892 and 799 respectively. The distribution of
positive and negative sentiments realised at the sentence level
is opposite in the two corpora: syntactic means are used more
frequently in negative reviews in Russian but they are more
frequent in positive reviews in English.

One particularly common sentiment-relevant sentence-level
phenomenon is the rhetorical question. This is a question only
in form, since it usually expresses a statement. For example:

(7) U oTkyzma CTONBKO BOCTOPXKeHHBIX 0T3b1BOB? KopobuT
OT KPYTOCTHU I'JIABHBIX I'€pO€B
Why are there so many appreciative reviews? The
‘coolness’ of the main characters makes me sick

(8) Yro ke TAKOro IMAJI/IPUHAMAJ/HIOXAT aBTOP, 9TOOBI
HanmcaTb Takoe?
What did the author drink / eat / sniff to write stuff
like that?

Some ‘borderline’ cases like the following are also used to
express sentiment:

9) UurepecHo, KTO-HUOYAL JOTAHYII XOTs ObL JI0 CEpeu-
#or! JImaHo 5 - HeT.
I wonder if anyone managed to get to the middle? I
failed.

Considering imperatives, the review author is telling their
audience ‘what to do’, which is often to read a book or to
avoid doing so.

(10)  Run away! Run away!

(11)  Pick up any Pratchett novel with Rincewind and
re-read it rather than buying this one

(12)  Yurarb OXHO3HAYHO.
Definitely should read.

(13)  Hurars NN BCEM

Another way of expressing sentiment by means of syntactic
structure is exclamatory clauses, which are by their very na-
ture affective. This type of sentence is widely represented in
both corpora.

(14) It certainly leaves you hungering for more!

(15) Buy at your peril. Mines in the bin!

Discourse Level Some of the means of sentiment expres-
sion are quite complex and difficult to analyse automatically:

(16) U sr0 aBTOp BLIUUCIUTENS U JIEMMHUHIOB? ...

so this author calculator and lemmings?

HE BEPIO! Caaucs, I'pomos, aga.
(DO)NOT BELIVE! sit gromov two

So is this the author of The Calculator and of The
Lemmings? ...Can’t believe it! Sit down, Gromov,

mark ‘D’!

This short review of a new book by Gromov, the author of the
popular novels The Calculator and The Lemmings, consists of
a rhetorical question, an exclamatory phrase and an impera-
tive. All of these means of expression are difficult to process.
Even the explicit appraisal expressed by utilising a secondary
school grade system is problematic as it requires specialised
real-word knowledge. Otherwise the numeral ‘two’® has noth-
ing to do with appraisal per se.

The example below also features an imperative sentence
used to express negative sentiment. This review also lacks
any explicit sentiment markers. The negative appraisal is ex-
pressed by the verbs ‘stab’ and ‘burn’ that only in this context
show negative attitude.

17 Stab the book and burn it!

Discussion The reviews in English and in Russian often
use different means of expressing sentiment, many of which
are difficult (if at all possible) to process automatically. Often
opinions are described through adjectives (86% of reviews con-
tain adjectives). The second most frequent way of expressing
sentiment is through verbs (59% of reviews have sentiment-
bearing verbs). Less frequent is the noun, in 39% of reviews.
Sentence-level and discourse-level sentiment phenomena are
found in 56% of reviews. 3% of reviews contain phonetic phe-
nomena.

6 Russian schools use a 5-grade marking system, with 5 as the
highest mark. Thus 2 can be thought of as equivalent to ‘D’.
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3.2 Issues that may Affect Automatic
Processing

One of the features of web content not mentioned above is
a high level of mistakes and typos. Sometimes authors do
not observe the standard rules on purpose (for example us-
ing sociolects, as outlined above). For example, in the cor-
pora 52% of all documents contain spelling mistakes in words
that have sentiment-related meaning. The English corpus is
less affected as authors do not often change spelling on pur-
pose and use contractions that have already become conven-
tional (e.g. wanna, gonna, and u). However the number of
spelling mistakes is still high: 48% of reviews contain mis-
takes in sentiment-bearing words. The number of misspelled
words in the Russian corpus is higher, at 58%.

Of course, a spelling error is not always fatal for automatic
sentiment classification of a document, since reviews usually
have more sentiment indicators than just one word. However,
as many as 8% of the reviews in both corpora have all of their
sentiment bearing words misspelled. This would pose severe
difficulties for automatic sentiment classification.

Another obstacle that makes sentiment analysis difficult is
topic shift, in which the majority of a review describes a
different object and compares it to the item under review.
The negative review below is an example of this:

(18)  Houwmrama ¢ tpynom. Hu¥ero mHTEpECHOTO C TOYKH

3penus unadopmanuu. O6pasern MHTEJLIEKTYaTbHOTO
JeTeKTuBa — poMaHbl ¥Y.DKo. U uurarh nupusarTHO, U
raybuna dumocodun, 1 B MCTOPUIECKOM ILIAHE II0-
3HABATE/NbHO. A B 3CTETUYECKOM OTHOIIEHUH BOOOIIE
BBILIE BCAKUX IIOXBAJL.
Hardly managed to read to the end. Nothing
interesting from the point of view of information. An
example of intellectual detective stories are novels
by U.Eko. It’s a pleasure to read them, and (they
have) deep philosophy, and quite informative from
the point of view of history. And as for aesthetics it’s
just beyond praise.

The novel being reviewed is not the one being described, and
all the praise goes to novels by another author. None of the
positive vocabulary has anything to do with the overall senti-
ment of the review’s author towards the book under review.
Other reviews that are difficult to classify are those that
describe some positive or negative aspects of a reviewed item,
but in the end give an overall sentiment of the opposite
direction. Consider the following positive review:

(19) CioxeT MOBOJIEHO OOBIYEH, A3BIK W3JI0KEHUS TTPOCT
10 6e300pa3usi. MHOro rpsi3u, MHOrO KPDOBH U CMep-
TH. C.TII/IH_[KOM peasibHO Oj1d CKa3KH KO€ll sBJIsIeTCS
(baHTeBI/I. Ho UHOTJa TaKWe KHUTH YUTATH TOJIE3HO,
160 OHU OIMCHIBAIOT HEIPUIJISIHYIO PEaIbHOCTD.
The plot is quite usual, the language is wickedly
simple. A lot of filth, a lot of blood and death. Too
true-to-life for a fairy-tale, which a fantasy genre
actually is. But it is useful to read such books from
time to time, as they depict ugly reality.

The large number of negative lexical units may mislead an
automatic classifier to a conclusion that the review is negative.
The three issues described above are present in approxi-

mately one third of all reviews in the corpora. This suggests
that a sentiment classifier using words as features could only
correctly classify around 55-60% of all reviews.

This performance may be even worse for the Russian corpus
as many its reviews feature very unexpected ways of express-
ing opinion. Unlike most of the English reviews, in which a
reviewer simply gives a positive or negative appraisal of a
book backing it with some reasoning and probably providing
some description and analysis of the plot, Russian reviews of-
ten contain irony, jokes, and use non-standard words
and phrases, making use of a variety of language tools, as
illustrated in the following examples:

(20) Ckymraa. momrés o 6erctsa I'T B mup dHyca, n BHe-
3anHo nousu (s1), 9ro ropu ox (I'T) xoTb cuHUM 1Ta-
MEHEM
Booorin’. got to the (episode of) GG fleeing to the
world of Janus, and suddenly (I) realised that (lit.)
let it (GG) burn with blue flames (=~ I do not at all
care about GG)

(21) 4 a1y Mmyrs me nokymas. Shift+del.
I didn’t buy this garbage. Shift+del.

Since there are more reviews of this kind in the Russian corpus
than in the English, it is very likely that a Russian sentiment
classifier would have lower accuracy.

4 EXPERIMENTS

We used Naive Bayes multinomial (NBm) and a Support Vec-
tor Machine classifiers” to investigate performance of stan-
dard supervised classifiers on the two corpora . The feature
sets were the lexical units extracted from the relevant cor-
pora. We extracted all words from the corpora but did not
process them in any way (no stemming or lemmatisation).
15582 words were extracted from the Russian corpus and 9659
words were found in the English book reviews. The evaluation
technique is 10-fold cross-validation.

NBm SVM

Corpus P R F P R F

English book reviews 0.88 0.88 0.88 0.84 0.84 0.84
Russian book reviews 0.81 0.81 0.81 0.78 0.78 0.78

Table 4. Supervised classification results (Precision, Recall and

F1, 10-fold cross-validation)

Table 4 show the results of supervised classification, Rus-
sian review classification being 6-7 percentage points worse
the results obtained from the English corpus.

5 CONCLUSION

In this paper we presented comparable corpora of English and
Russian book reviews, providing the research community with
a resource that can be used for cross-lingual sentiment classi-
fication experiments. We examined language-specific features

7 We used WEKA
(http://www.cs.waikato.ac.nz/ ml/weka )

3.4.11 [17]
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of the reviews that are relevant to sentiment classification and
showed that sentiment in different languages is expressed in
slightly different ways, covering all levels of the language: from
phonetic to discourse. The experiments suggest that these dif-
ferences have an impact on the accuracy of a standard, super-
vised sentiment classification technique.

In future work, we intend to investigate in more depth
which specific characteristics of different languages lead to dif-
ferences in sentiment classification accuracy, using sentiment-
annotated corpora of English, Russian, Chinese and Japanese.
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