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Abstract

Microblogging today has become a very popular communingtiol among Internet users. Millions of users share opmimmdifferent
aspects of life everyday. Therefore microblogging webssére rich sources of data for opinion mining and sentimeayais. Because
microblogging has appeared relatively recently, thereaafiew research works that were devoted to this topic. In opepave focus
on using Twitter, the most popular microblogging platfoffor, the task of sentiment analysis. We show how to automigticallect a
corpus for sentiment analysis and opinion mining purpoéésperform linguistic analysis of the collected corpus axplan discovered
phenomena. Using the corpus, we build a sentiment classHggris able to determine positive, negative and neutrairsents for a
document. Experimental evaluations show that our proposelthiques are efficient and performs better than prewomsiposed
methods. In our research, we worked with English, howeterproposed technique can be used with any other language.

1. Introduction can be obtained from microblogging services, as their users
Microblogging today has become a very popular commudPost everyday what they like/dislike, and their opinions on
nication tool among Internet users. Millions of messagegnany aspects of their life.
are appearing daily in popular web-sites that provide serln our paper, we study how microblogging can be used for
vices for microblogging such as TwitferTumblr, Face- sentiment analysis purposes. We show how to use Twit-

booké. Authors of those messages write about their life,[€" @ & corpus for sentiment analysis and opinion mining.
share opinions on variety of topics and discuss current is¥/& Use microblogging and more particularly Twitter for the
sues. Because of a free format of messages and an easy #lowing reasons:

cessibility of microblogging platforms, Internet userade « Microblogging platforms are used by different people
to shift from traditional communication tools (such as tra- g express their opinion about different topics, thus it
ditional blogs or mailing lists) to microblogging services is a valuable source of people’s opinions.

As more and more users post about products and services

they use, or express their political and religious views, mi e Twitter contains an enormous number of text posts and
croblogging web-sites become valuable sources of people’s it grows every day. The collected corpus can be arbi-
opinions and sentiments. Such data can be efficiently used trarily large.

for marketing or social studies. R
We use a dataset formed of collected messages from Twit-
ter. Twitter contains a very large number of very short mes-
sages created by the users of this microblogging platform.
The contents of the messages vary from personal thoughts
to public statements. Table 1 shows examples of typical
posts from Twitter. o Twitter's audience is represented by users from many
As the audience of microblogging platforms and services  countriesS. Although users from U.S. are prevailing, it
grows everyday, data from these sources can be used in is possible to collect data in different languages.
opinion mining and sentiment analysis tasks. For example,

manufacturing companies may be interested in the foIIow-We collected a corpus of 300000 text posts from Twitter

ing questions: evenly split automatically between three sets of texts:

Twitter’s audience varies from regular users to celebri-
ties, company representatives, politicihnand even
country presidents. Therefore, it is possible to collect
text posts of users from different social and interests
groups.

1. texts containing positive emotions, such as happiness,

e What do people think about our product (service, com- ;
amusement or joy

pany etc.)?

« How positive (or negative) are people about our prod- 2. texts contqmlng Uegatwe emotions, such as sadness,
uct? anger or disappointment

« What would people prefer our product to be like? 3. objective texts that only state a fact or do not express
any emotions

Political parties may be interested to know if people sup- L .
port their program or not. Social organizations may ask\r:\/e perforT aImgms_tlc anal|y5|s_fc_)f our: corpus aﬂd we”show
people’s opinion on current debates. All this information ow to build a sentiment classifier that uses the collected

corpus as training data.

Yhttp://twitter.com
2http://tumblr.com 4http://www.sysomos.com/insidetwitter/politics
Shttp://facebook.com Shttp://www.sysomos.com/insidetwitter/#countries
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funkeybrewster. @redeyechicago | think Obama’s visit might've sealed tiotovy
for Chicago. Hopefully the games mean good things for the cit

veurve: | like how Google celebrates little things like this: Goeglo.jp honors Con
fucius Birthday — Japan Probe

mattfellows: Hai world. | hate faulty hardware on remote systems whedéigo
prevents you from moving software to less faulty systems.

brroooklyn: I love the sound my iPod makes when | shake to shuffle it. Baokdo®
MeganWilloughby: Such a Disney buff. Just found out about the new Alice in Won-
derland movie. Official trailer: http://bit.ly/131Js0 Me the Cheshire Cat.

Table 1: Examples of Twitter posts with expressed usersiiops

1.1. Contributions J.Read in (Read, 2005) used emoticons such as “:-)" and “:-
The contributions of our paper are as follows: (" to form a training set for the sentiment classificationr Fo

1. W ¢ thod t lect ith .this purpose, the author collected texts containing emoti-
- W& present a method 1o coflect a corpus With post, s qom ysenet newsgroups. The dataset was divided
tive and negative sentiments, and a corpus of objectiv

) fhto “positive” (texts with happy emoticons) and “negative
.t?XtS' Ou_r method allows to collect negatlve_ and pos- texts with sad or angry emoticons) samples. Emoticons-
ftive sentiments such that no human effort is needeq e g classifiers: SVM and Naive Bayes, were able to ob-
for classifying the documents. Objective texts are alsqrain up to 70% of an accuracy on the test set.
collected autom_aticglly. The size of the collected cor-m (Go et al., 2009), authors used Twitter to collect train-
pora can be arbitrarily large. ing data and then to perform a sentiment search. The ap-

2. We perform statistical linguistic analysis of the col- proach is similar to (Read, 2005). The authors construct
lected corpus. corpora by using emoticons to obtain “positive” and “neg-

3. We use the collected corpora to build a sentiment clasz—itive” samples, _and then use v"arious cIassifier;._ The_ e

' sification system for microblogging result was obta!ned by the Naive Bayes cla§S|f|er with a
' mutual information measure for feature selection. The au-

4. We conduct experimental evaluations on a set of reahors were able to obtain up to 81% of accuracy on their
microblogging posts to prove that our presented techtest set. However, the method showed a bad performance
nigue is efficient and performs better than previouslywith three classes (“negative”, “positive” and “neutral”)
proposed methods.

1.2. Organizations 3. Corpus collection

The rest of the paper is organized as follows. In Section 2Using Twitter APl we collected a corpus of text posts and
we discuss prior works on opinion mining and sentimentformed a dataset of three classes: positive sentiments; neg
analysis and their application for blogging and microblog-tive sentiments, and a set of objective texts (no sentiments
ging. In Section 3, we describe the process of collecting thdo collect negative and positive sentiments, we followed
corpora. We describe the linguistic analysis of the obthine the same procedure as in (Read, 2005; Go et al., 2009). We
corpus in Section 4 and show how to train a sentiment clasqueried Twitter for two types of emoticons:

sifier and our experimental evaluations in Section 5. Fi-

nally, we conclude about our work in Section 6. e Happy emoticons: “:-)", “1)", “=)", “:D" etc.

2. Related work e Sad emoticons: “:-(", “:(", “=(", “;(" etc.
With the population of blogs and social networks, opinion
mining and sentiment analysis became a field of interest he two types of collected corpora will be used to train a
for many researches. A very broad overview of the ex-classifier to recognize positive and negative sentiments.
isting work was presented in (Pang and Lee, 2008). Irin order to collect a corpus of objective posts, we retrieved
their survey, the authors describe existing techniques anigxt messages from Twitter accounts of popular newspapers
approaches for an opinion-oriented information retrieval and magazines , such as “New York Times”, “Washington
However, not many researches in opinion mining considPosts” etc. We queried accounts of 44 newspapers to collect
ered blogs and even much less addressed microblogging.a training set of objective texts.
In (Yang et al., 2007), the authors use web-blogs to conBecause each message cannot exceed 140 characters by the
struct a corpora for sentiment analysis and use emotiorules of the microblogging platform, it is usually composed
icons assigned to blog posts as indicators of users’ mooaf a single sentence. Therefore, we assume that an emoti-
The authors applied SVM and CRF learners to classify seneon within a message represents an emotion for the whole
timents at the sentence level and then investigated severalessage and all the words of the message are related to this
strategies to determine the overall sentiment of the docuemotion. In our research, we use English language. How-
ment. As the result, the winning strategy is defined by conever, our method can be adapted easily to other languages
sidering the sentiment of the last sentence of the documeince Twitter API allows to specify the language of the re-
as the sentiment at the document level. trieved posts.
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" In the graph, we see that superlative adjectives (JJS) are

o
§ = used more often for expressing emotions and opinions, and
- + comparative adjectives (JJR) are used for stating facts and
o + providing information. Adverbs (RB) are mostly used in
§ 7 * subjective texts to give an emotional color to a verb.
- tgr Figure 3 shows values @’ for negative and positive sets.
é o *’_rtr As we see from the graph, a positive set has a prevailing
3 S *ﬁt number of possessive wh-pronoun 'whose’ (WH$), which
E is unexpected. However, if we look in the corpus, we dis-
o | cover that Twitter users tend to use 'whose’ as a slang ver-
- +JZr++ sion of 'who is’. For example:
HHHHH+
HHHHH- + dinner & jack o’lantern spectacular tonight! :)
-1 | “'I"""'"':'*""”"* |+ + whose ready for some pumpkins??
1 10 100 1000 10000 Another indicator of a positive text is superlative adverbs
count (RBS), such as “most” and “best”. Positive texts are also

characterized by the use of possessive ending (POS).
Figure 1: The distribution of the word frequencies follows AS OPPOSite to the positive set, the negative set contains
Zipf's law more often verbs in the past tense (VBN, VBD), because
many authors express their negative sentiments about their
. loss or disappointment. Here is an example of the most
4. Corpus analysis frequent verbs: “missed”, “bored”, “gone”, “lost”, “stutk
First, we checked the distribution of words frequencies in“taken”.
the corpus. A plot of word frequencies is presented in Fig\We have compared distributions of POS-tags in two parts
ure 1. As we can see from the plot, the distribution of wordof the same sets (e.g. a half of the positive set with another
frequencies follows Zipf’s law, which confirms a proper half of the positive set). The proximity of the obtained dis-
characteristic of the collected corpus. tributions allows us to conclude on the homogeneity of the
Next, we used TreeTagger (Schmid, 1994) for English tocorpus.
tag all the posts in the corpus. We are interested in a dif-
ference of tags distributions between sets of texts (posi- 5. Training the classifier
tive, negative, neutral). To perform a pairwise comparisorg 1. Feature extraction
of tags distributions, we calculated the following value fo

. " ) The collected dataset is used to extract features that @vill b
each tag and two sets (i.e. positive and negative posts):

used to train our sentiment classifier. We used the presence

» NI —NT of an n-gram as a binary feature, while for general informa-
1,2 = m (1) tionretrieval purposes, the frequency of a keyword’s occur
rence is a more suitable feature, since the overall sentimen
whereN{ andN] are numbers of ta@ occurrencesinthe may not necessarily be indicated through the repeated use
first and second sets respectively. of keywords. Pang et al. have obtained better results by
L L using a term presence rather than its frequency (Pang et al.,
4.1. Subjective vs. objective 2002).

Figure 2 shows values @7 across all the tags where set 1 We have experimented with unigrams] bigrams, and tri-
is a subjective set (mixture of the positive and the negativgrams. Pang et al. (Pang et al., 2002) reported that uni-
sets) and set 2 is an objective set (the neutral set). Frorams outperform bigrams when performing the sentiment
the graph we can observe that POS tags are not distributegiassification of movie reviews, and Dave et al. (Dave et
evenly in two sets, and therefore can be used as indicatogg., 2003) have obtained contrary results: bigrams and tri-
of a set. For example, utterances (UH) can be a strong ingrams worked better for the product-review polarity classi
dicator of a subjective text. Next, we explain the observedication. We tried to determine the best settings for the mi-
phenomena. croblogging data. On one hand high-order n-grams, such
We can observe that objective texts tend to contain morgs trigrams, should better capture patterns of sentiments
common and proper nouns (NPS, NP, NNS), while authorgxpressions. On the other hand, unigrams should provide
of subjective texts use more often personal pronouns (PR good coverage of the data. The process of obtaining n-

PP$). grams from a Twitter post is as follows:

Authors of subjective texts usually describe themselves o _

(first person) or address the audience (second person)l- Filtering — we remove URL links (e.g.
(VBP), while verbs in objective texts are usually in the  hftp://example.com), Twitter user names (e.g.

third person (VBZ). As for the tense, subjective texts tend ~ @alex — with symbol @ indicating a user name),
to use simple past tense (VBD) instead of the past partici-  TWitter special words (such as “R); and emoticons.
ple (VBN). Also a base form of verbs (VB) is used often in

subjective texts, which is explained by the frequent use of SAn abbreviation for retweet, which means citation or re-
modal verbs (MD). posting of a message
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Utterances are strong

Verbs in base form are used with Subjective texts contain indicators of a subjective text

. more personal pronouns
modal verbs to express emotions p P \
1
PDT J
. L PP
08 Superlative adjectives are used more for
e expre§sing emotions and o_pinions, comparative wRs PP$ RB
: adjectives are used for stating facts eSS
0.4 VD VB RBR €C EX
wpT WP RP
veg VBD
s oot I I I I
TO NN l
JER

0.2
0 -
I I I I I W o
JJR
-0.2 VBZ
IN VBN
NNS
04 NP x
G o Verbs in objective texts are
’ usually in the third person and Authors of subjective texts usually write about themselves
0.8 WP$ used more often in past participle (verbs in first person) or address the audience (second
NPS person) and tend to use simple past tense
-1
Objective texts contain more
common and proper nouns

Figure 2: PT values for objective vs. subjective

0.8
06
04
VBD VBN
- £x RB WRB
G NN VBZ CC TO RP VBP
DT JJ JUR PDT VB WP RBR PP WDT PP VB l I
0 -__ﬁ——————------........
HEN uH NNS
JJS NPS MD NP
0.2 e, POS
WP$ —_ . . , . ‘
-0.4 Superlative adverbs and possessive Negative texts contain verbs in past
endings may indicate positive texts tense to express loss or regrets
06

.08 Twitter users use 'whose'
as a slang for ‘'who is'

Figure 3: PT values for positive vs. negative

2. Tokenization — we segment text by splitting it by CRF (Lafferty et al., 2001), however the Naive Bayes clas-
spaces and punctuation marks, and form a bag osifier yielded the best results.
words. However, we make sure that short forms suctNaive Bayes classifier is based on Bayes' theo-

as “don't”, “I'll", “she’d” will remain as one word. rem(Anthony J, 2007).
3. Removing stopwords — we remove articles (“a”, “an”, P(s)- P(M|s
“the”) from the bag of words. P(s|M) = % (2)

4. Constructing n-grams — we make a set of n-grams oy, . o sentiment)/ is a Twitter message. Because
of consecutive words. A negation (such as “no” and 5 ge. '

“not”) is attached to a word which precedes it or fol- we hav\?v eqilﬁl I?fetthf posntliven,. negative and neutral mes-
lows it. For example, a sentence “I do not like fish” sages, we simplity the equation.

will form two bigrams: “I do+not”, “do+not like”, P(M|s)

“not+like fish”. Such a procedure allows to improve P(s|M) = P00 3)
the accuracy of the classification since the negation

plays a special role in an opinion and sentiment ex- P(s|M) ~ P(M|s) 4)

pression(Wilson et al., 2005).
We train two Bayes classifiers, which use different features
5.2. Classifier presence of n-grams and part-of-speech distributioninfor
We build a sentiment classifier using the multinomial Naivemation. N-gram based classifier uses the presence of an
Bayes classifier. We also tried SVM (Alpaydin, 2004) andn-gram in the post as a binary feature. The classifier based
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on POS distribution estimates probability of POS-tagspres | N-gram | Salience| | N-gram | Entropy |

ence within different sets of texts and uses it to calculate | so sad 0.975 clean me 0.082
posterior probability. Although, POS is dependent on the | miss my 0.972 page news 0.108
n-grams, we make an assumption of conditional indepen-| so sorry 0.962| | chargedin 0.116
dence of n-gram features and POS information for the cal- | love your 0.961| | sosad 0.12
culation simplicity: i'm sorry 0.96 police say 0.127
sadi 0.959 man charged 0.138
P(s|M) ~ P(Gls) - P(T|S) ®) i hate 0.959| | vital signs 0.142
whereG is a set of n-grams representing the mességs, lost my 0.959 arrested in 0.144
a set of POS-tags of the message. We assume that n-grams have great 0.958 boulder county] 0.156
are conditionally independent: i miss 0.957 most viewed 0.158
gonna miss 0.956 officials say 0.168
P(Gls) = H P(gls) (6) wishing i 0.955| | man accused 0.178
9e@ miss him 0.954| | pleads guilty 0.18
Similarly, we assume that POS-tags are conditionally inde- | can’t sleep 0.954 guilty to 0.181

pendent: P(T|s) = H P(t)s) ) |Table 2: N-grams With.high values of salience (left) and

i ow values of entropy (right)
P(s|M) ~ P . P
(sIA1) gel_[G (gle) tell (tls) (©) The introduced measure takes a value between O and 1. The

low value indicates a low salience of the n-gram, and such

an n-gram should be discriminated. Same as with the en-

L(s|M) = Z log(P(g|s)) + Z log(P(t|s)) (9)  tropy, we can control the performance of the system by tun-
geG teG ing the threshold valué.

In Table 5.3. examples of n-grams with low entropy values

and high salience values are presented.

To increase the accuracy of the classification, we shoulgjging the entropy and salience, we obtain the final equation
discard common n-grams, i.e. n-grams that do not stronglys 5 sentiment’s log-likelihood:

indicate any sentiment nor indicate objectivity of a sen-
tence. Such n-grams appear evenly in all datasets. To dis- L(s|M) = Z log(P(gls)) -if(f(g) > 6,1,0)

Finally, we calculate log-likelihood of each sentiment:

5.3. Increasing accuracy

criminate common n-grams, we introduced two strategies. geC
The first strategy is based on computing the entropy of a n Zl (P(t]s)) (12)
probability distribution of the appearance of an n-gram in °9 5

different datasets (different sentiments). Accordinghte t ted

formula of Shannon entropy(Shannon and Weaver, 1963):.wheref(g) is the entropy or the salience of an n-gram, and
N 6 is a threshold value.

- (10)  We have tested our classifier on a set of real Twitter posts

whereN is the number of sentiments (in our research, N =hand-annotated. We used the same evaluation set as in (Go
3). The high value of the entropy indicates that a distribu-etal., 2009). The characteristics of the dataset are piesen
tion of the appearance of an n-gram in different sentimentn Table 5.4..

datasets is close to uniform. Therefore, such an n-gram
does not contribute much in the classification. A low value

| Sentiment| Number of samples

of the entropy on the contrary indicates that an n-gram ap- Positive 108
pears in some of sentiment datasets more often than in oth- Negative 75
ers and therefore can highlight a sentiment (or objeciivity Neutral 33
Thus, to increase the accuracy of the sentiment classifica- Total 216

tion, we would like to use only n-grams with low entro . .

values. We can control the aciurgcy by putting a thres%ld Table 3: The characteristics of the evaluation dataset
valued, filtering out n-grams with entropy abowe This . .

would lower thg recall,%ince we reduce fr?e number of used - cgmpute accuracy (Mann|r_1g and Schu.tzel, 1999) of the
features. However our concern is focused on high accuracf/:,IaSSIerr on the whole evaluation dataset, i.e..
because the size of the microblogging data is very large. N (correct classifications)
For the second strategy, we introduced a term “salience” Aceuracy = TN (all classifications)
which is calculated for each n-gram:

(13)

vel N We measure the accuracy across the classifier’'s decision
1 «— in(P(qg|s;), P(g|s; Adda et al., 1998):
saliencelg) = L 3 $° 1 mn(Plole). Plalsy) € )
N = j=itl max(P(g]si), P(gls;)) decision — N (retrieved documents)
(11) ceston = N (all documents)

(14)
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Figure 4: The comparison of the classification accuracyrigure 6: The impact of increasing the dataset size on the
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Figure 5: The impact of using the attachment of negatiorrjgyre 7: Salience vs. entropy for discriminating common
words n-grams

The value of the decision shows what part of data was clas-

sified by the system. From the both figures, we see that we can obtain a very high
accuracy, although with a low decision value (14). Thus, if
5.5. Results we use our classifier for the sentiment search engine, the

First, we have tested the impact of an n-gram order on th@utputted results will be very accurate.

classifier’s performance. The results of this comparisen arWe have also examined the impact of the dataset size on the
presented in Figure 4. As we see from the graph, the begerformance of the system. To measure the performance,
performance is achieved when using bigrams. We explain itve useF-measure(Manning and Schiitze, 1999):

as bigrams provide a good balance between a coverage (un-
igrams) and an ability to capture the sentiment expression
patterns (trigrams).

Next, we examine the impact of attaching negation words
when forming n-grams. The results are presented in Figin our evaluations, we replace precision with accuracy (13)
ure 5. and recall with decision (14), because we deal with multiple

precision - recall

F=(1+p
(1+5 )[32 -recall + recall

(15)
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classes rather than binary classification: Alec Go, Lei Huang, and Richa Bhayani. 2009. Twit-
o ter sentiment analysis. Final Projects from CS224N for
F=(1+p% QGCCWGCy'dBCZSZ?@ (16) Spring 2008/2009 at The Stanford Natural Language
3% - accuracy + decision Processing Group.
Bernard J. Jansen, Mimi Zhang, Kate Sobel, and Abdur
Chowdury. 2009. Micro-blogging as online word of
mouth branding. €HI EA’09: Proceedings of the 27th
international conference extended abstracts on Human

whereg = 0.5 We do not use any filtering of n-grams in
this experiment. The result is presented on Figure 6. As
we see from the graph, by increasing the sample size, we
improve the performance of the system. However, at a cer- . )
tain point when the dataset is large enough, the improve- factors in computing systems, pages 3859-3864, New

ment may be not achieved by only increasing the size of York, N, USA. ACM.

the training data. John D.. Lafferty, Andre\_/\{ McCallum, and Fernando C N
We examined two strategies of filtering out the common Peréawla.fZOOl. Contc_iltlonaldr?nt;jolm fields: PrOb?jb':'St'?
n-grams: salience (11) and entropy (10). Figure 7 shows :ré?\ﬂf§019r;eg?e§_n Ing fatr;] ; Etlngtﬁelqrenc? :Ia. n
that using the salience provides a better accuracy, therefo - Froceeaings of the Eighteenth fnternation

the salience discriminates common n-grams better then the Confergnce on Machine Learning, pages 282_.289’ San
entropy Francisco, CA, USA. Morgan Kaufmann Publishers Inc.

Christopher D. Manning and Hinrich Schitze. 1988un-
6. Conclusion dations of statl_stlcal natural language processing. MIT
Press, Cambridge, MA, USA.

Microblogging nowadays became one of the major typeggg pang and Lillian Lee. 2008. Opinion mining and senti-
of the communication. A recent research has identified it ,ant analysisFound. Trends Inf. Retr., 2(1-2):1-135.

as online word-of-mouth branding (Jansen et al., 2009)B0 Pang, Lillian Lee, and Shivakumar Vaithyanathan.
The large amount of information contained in microblog- 5602 "Thumbs up? sentiment classification using ma-

ging web-sites makes them an attractive source of data for .pine learning techniques. Proceedings of the Con-

opinion mining and sentiment analysis. ference on Empirical Methodsin Natural Language Pro-
In our research, we have presented a method for an au- ceqing (EMNLP), pages 79-86.

tomatic collection of a corpus that can be used to train 3red Pedersen. 2000. A simple approach to building en-
sentiment classifier. We used TreeTagger for POS-tagging gempjes of naive bayesian classifiers for word sense dis-

and observed the difference in distributions among posi- ambiguation. InProceedings of the 1st North American

tive, negative and neutral sets. Frgm the observations we chapter of the Association for Computational Linguis-
concl_ude that authors use syntactic structures to descnpe tics conference, pages 63-69, San Francisco, CA, USA.
emotions or state facts. Some POS-tags may be strong in- Morgan Kaufmann Publishers Inc.

dicators of emotional text. . . ... Jonathon Read. 2005. Using emoticons to reduce depen-
We used the collected corpus to train a sentiment classifier. dency in machine learning techniques for sentiment clas-

Our classm(_er is able to determine posmvez .ne.gatlve and sification. INACL. The Association for Computer Lin-
neutral sentiments of documents. The classifier is based on quistics

the multinomial Naive Bayes classifier that uses N-gram, | .t Schmid. 1994. Probabilistic part-of-speech tag-

and POS-tags as features. ging using decision trees. IAroceedings of the Inter-

Afs _It_h(_attf utt:jretworkc,jwe plan totﬁoller(]: ta nlult_llltrjgualfc;srpus national Conference on New Methods in Language Pro-
of Twitter data and compare the characteristics of the cor- cessing, pages 44—49.

pus across different languages. We plan to use the Obtainedaude E_ Shannon and Warren Weaver. 1963Mathe-
data to build a multiingual sentiment classifier. matical .Theory of Communication. Univer.sity of lllinois
7 Ref Press, Champaign, IL, USA.
) eterences Theresa Wilson, Janyce Wiebe, and Paul Hoffmann. 2005.
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man. 1998. The GRACE French part-of-speech tagging ment analysis. IFHLT '05: Proceedings of the con-
evaluation task. In A. Rubio, N. Gallardo, R. Castro, ference on Human Language Technology and Empirical
and A. Tejada, editor$,REC, volume |, pages 433-441, Methods in Natural Language Processing, pages 347—

Granada, May. 354, Morristown, NJ, USA. Association for Computa-
Ethem Alpaydin. 2004.Introduction to Machine Learn- tional Linguistics.

ing (Adaptive Computationand MachineLearning). The  Changhua Yang, Kevin Hsin-Yih Lin, and Hsin-Hsi Chen.

MIT Press. 2007. Emotion classification using web blog corpora.
Hayter Anthony J. 2007Probability and Statistics for En- In W1 ’07: Proceedings of the IEEE/WIC/ACM Interna-

gineers and Scientists. Duxbury, Belmont, CA, USA. tional Conference on Web Intelligence, pages 275-278,
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