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Abstract

English. This paper describes the
UNITOR system that participated to the
SENTIment POLarity Classification task
within the context of Evalita 2014. The
system has been developed as a work-
flow of Support Vector Machine classi-
fiers. Specific features and kernel func-
tions have been used to tackle the differ-
ent sub-tasks, i.e. Subjectivity Classifica-
tion, Polarity Classification and the pilot
task Irony Detection. The system won 3
of the 6 evaluations carried out by the task
organizers, and in the worst case it ranked
in 4th position w.r.t. about 10 participants.

Italiano. Questo articolo descrive il sis-
tema UNITOR che è stato valutato nel task
di SENTIment POLarity Classification ad
Evalita 2014. Il riconoscimento del senti-
mento nei Tweet è basato su un workflow
di classificatori di tipo Support Vector Ma-
chine (SVM), il cui flusso è stato studiato
appositamente per risolvere i diversi task
proposti nella competizione. Rappresen-
tazioni vettoriali specifiche sono state def-
inite per modellare i tweet al fine di ap-
plicare funzioni Kernel che vengono uti-
lizzate dai classificatori SVM. Il sistema
ha ottenuto risultati promettenti risultando
vincitore di 3 dei 6 task proposti.

1 Introduction

Modern Internet technologies allow users to gen-
erate new contents, writing their opinions about
facts, things and events. The interest in the analy-
sis of the user-generated contents is rapidly grow-
ing. In particular, Sentiment Analysis (SA) of
web data produced by users is becoming a cru-
cial component for companies or politicians in or-
der to check the mood on the web, and conse-

quently adjust their strategies. Twitter1 is one of
the most popular social networking service that al-
lows people to express themselves with very short
messages. SA in Twitter represents a challenging
task, as messages are short, informal and char-
acterized by their own particular language, e.g.
retweets (“RT”), user references (“@”), hashtags
(“#”) or other typical web slang, e.g. emoticons.
Classical approaches to Sentiment Analysis (Pang
et al., 2002; Pang and Lee, 2008) mainly focus
on longer texts, e.g. movie reviews, resulting in
performance drops when applied on tweets. Ex-
amples of tweet modeling within Machine Learn-
ing settings for the Twitter SA can be found in
(Pak and Paroubek, 2010; Zanzotto et al., 2011;
Kouloumpis et al., 2011; Agarwal et al., 2011;
Croce and Basili, 2012; Castellucci et al., 2013;
Rosenthal et al., 2014).

In this paper, the UNITOR system partici-
pating in the Sentiment Polarity Classification
(SENTIPOLC) task (Basile et al., 2014) within
the Evalita 2014 evaluation campaign is described.
The system faces three proposed subtasks: Sub-
jectivity Classification, Polarity Classification and
the pilot task called Irony Detection. As the spe-
cific labeling of the challenge is rich and complex,
we decomposed the analysis in different stages.
The labeling of each tweet is determined by the
application of a workflow of Support Vector Ma-
chine (Vapnik, 1998) classifiers. In this work, sev-
eral kernel functions have been exploited to tackle
the different nature of each subtask. The UNITOR
system ranked among the 1st and 4th position in
all the submitted runs, resulting the winning sys-
tem in 3 of 6 evaluations.

In the rest of the paper, in Section 2 the clas-
sifiers, in terms of features, kernels are described
and the adopted workflow is presented. In Section
3 the performance measures of the system are re-
ported while Section 4 derives the conclusions.

1http://www.twitter.com
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2 System Description

The UNITOR system participated to all the sub-
tasks proposed in the SENTIPOLC (Basile et al.,
2014) challenge: Subjectivity Classification, Po-
larity Classification and the pilot task Irony Detec-
tion. The first task aims at evaluating the perfor-
mance of systems in capturing whether a message
conveys a subjective position. The second task is
intended to verify if a system is able to detect the
polarity of a message, in terms of positive, neu-
tral or negative classes. The last one is intended to
verify the presence of irony.

2.1 Feature engineering
In our Supervised Learning setting, a multiple-
kernel based approach has been adopted to ac-
quire the SVM classifiers (Shawe-Taylor and Cris-
tianini, 2004): the similarity between training and
testing example is measured by kernel functions,
that are applied to different feature representa-
tions, each engineered to capture different prop-
erties of each message.

First, all tweets have been processed through
an adapted version of a Chaos natural language
parser (Basili and Zanzotto, 2002). A normaliza-
tion step is exploited before applying the Natural
Language Processing chain. The following set of
actions is performed: fully capitalized words are
converted in their lowercase counterparts; hyper-
links are replaced by the token LINK; any char-
acter repeated more than three times are cleaned,
as they cause high levels of lexical data sparseness
(e.g. “nooo!!!!!” is converted into “noo!!”); all
emoticons are replaced by special tokens2.

Then, a set of feature vector is generated to let
the SVM classifiers capture semantic properties of
each tweet. In the rest of this Section, the repre-
sentations of tweets are described.
Bag-Of-Word (BOW) is a representation that aims
at capturing the lexical overlap between examples.
A feature vector in which each dimension repre-
sents a lemma and a part-of-speech is derived from
a tweet message. A boolean weighting is applied,
i.e. a feature has a 1.0 value if the corresponding
lemma and part-of-speech pair appears in the mes-
sage.
SentixSum (SSUM) is a feature vector that is ob-
tained using the Sentix (Basile and Nissim, 2013)
lexicon. It is obtained aligning different exist-
ing resources. It consists of about 60.000 entries,

2We normalized 113 well-known emoticons in 13 classes.

each characterized by an Italian lemma, part-of-
speech, WordNet (Miller, 1995) synset ID, and
different polarity scores. Given a tweet, we de-
rived the SSUM vector, as a 4-dimensional vector
where each feature corresponds to the sum, with
respect to each word, of the polarity scores that are
available in the Sentix lexicon: positivity, negativ-
ity, polarity and intensity scores. The final vector
is then normalized.

SentixDifference (SDIFF) is a feature vector de-
scribing how discordant are the words in a mes-
sage. Again, this vector is obtained using the
Sentix resource (Basile and Nissim, 2013). The
SDIFF vector is 4-dimensional, and it reflects the
4 scores that can be extracted from this lexicon.
In particular, each dimension is the result from
the difference computed between the vectors of
the maximally polar word and the minimally po-
lar word. Formally, given ~w1 and ~w2 as the vec-
tors in Sentix, representing the words respectively
with the maximum and minimum polarity score re-
spectively, then the SDIFF vector is computed as
sd( ~w1, ~w2) = ~w1 − ~w2.

Latent Semantic Analysis (LSA) representation
aims at generalizing lexical information available
through the BOW model. A vector representation
for words is obtained from a co-occurrence Word
Space built accordingly to the methodology de-
scribed in (Sahlgren, 2006). A word-by-context
matrix M is obtained through the analysis of a
large scale corpus of 3 million of tweets. Each
dimension is weighted through the Pointwise Mu-
tual Information between a word and its context
in a window of 3 words before or after. The La-
tent Semantic Analysis (Landauer and Dumais,
1997) technique is then applied as follows. The
matrix M is decomposed through Singular Value
Decomposition (SVD) (Golub and Kahan, 1965)
into the product of three new matrices: U , S, and
V so that S is diagonal and M = USV T . M
is then approximated by Mk = UkSkV

T
k , where

only the first k columns of U and V are used,
corresponding to the first k greatest singular val-
ues. The original statistical information about M
is captured by the new k-dimensional space, which
preserves the global structure while removing low-
variant dimensions. Every word of a tweet is pro-
jected in the reduced Word Space and a message is
represented by applying an additive linear combi-
nation. Only verbs, adjectives, nouns and hashtags
are considered.
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IronyVector (IV) is a specific vector designed to
capture the irony of messages. It has been in-
spired by some recent works on irony detection
(Carvalho et al., 2009; Reyes et al., 2012). This is
a 7-dimensional vector in which each value aims
at capturing some linguistic feature of ironic mes-
sages. The features are the following: hasQuota-
tionMarks, if the tweet contains a quotation mark;
hasQuestionMarks if the message contains a ques-
tion mark; hasExclamationMarks if the tweet con-
tains an exclamation mark; lastTokenIsAPunctua-
tion if the last token of a message is a punctua-
tion; lastTokenIsAHappySmile if a tweet ends with
a smile belonging to the happy category with re-
spect to our classification; lastTokenIsASadSmile
if last token is a sad smile; lastTokenIsASmile if
message ends with a smile. Each activated dimen-
sion is boolean weighted, i.e. the value is 1.0.
Out-of-Topic Weighted BOW (WBOW) is a Bag-
Of-Word vector representing the words in a mes-
sage. The main difference with respect to the pre-
vious BOW representation is the adopted weight-
ing scheme. In fact, in this case we leverage on
the Word Space previously described. For each
dimension representing a lemma/part-of-speech
pair, its weight is computed as the cosine similar-
ity between the LSA vector of the considered word
and the vector obtained from the linear combina-
tion of all the other words in the message. This
vector aims at capturing how a word is out of con-
text in a sentence, and therefore it should help
in capturing unconventional use of words, and it
should be an indicator of an ironic use of language.
LSAIrony (LSAIR) is a 4-dimensional vector
specifically designed for the irony detection tasks.
Its purpose is to compute a measure of dissimilar-
ity between the words in a tweet, exploiting, again,
the idea that an ironic message makes an uncon-
ventional use of words. Each dimension is a mea-
sure of how much words are dissimilar in a specific
grammatical category. Thus, the first dimension
measures the dissimilarity in the Word Space of
the verbs, the second dimension considers nouns,
the third look at the dissimilarities between adjec-
tives, while the last dimension takes into account
all the words of the message.

2.2 A Cascade of SVM classifiers for
Sentiment Analysis

In Figure 1 the workflow of SVM classifiers de-
veloped for the SENTIPOLC task is shown. Each

tweet is pre-processed and feature vectors are gen-
erated as described in the previous Section. Sep-
arated representations are considered in the con-
strained and unconstrained settings. In the con-
strained setting only feature vectors using tweet
information or public available lexica are consid-
ered. In the unconstrained setting, feature vectors
are derived also by exploiting other tweet mes-
sages, that are used in the acquisition of the Word
Space (LSA and LSAIR).

Each tweet, in terms of its multi-vector repre-
sentation, is then fed to the classifiers, and it flows
over the cascade following the diagram in Figure
1. At the end of the workflow, 7 possible outputs
are allowed according to the specification of the
task. A binary code is used to express the different
outputs: 4 bits are used to express the subjectivity,
positivity, negativity and irony of a message. For
example, a tweet that is subjective, and expresses
both a positive and negative sentiment is labeled
as 1110.

In the following, the specific kernel functions
used in each classification stage are reported.
Subjective classifier. At the first stage of the
workflow, the Subjectivity classifier is invoked.
This is a crucial step, as an error in the classifi-
cation of the subjectivity of the message compro-
mises the entire cascade. At this stage, the linear
combination of a linear kernel is applied over the
BOW and the SSUM vectors. In the unconstrained
case, a 2-degree polynomial kernel (Shawe-Taylor
and Cristianini, 2004) is applied on the BOW rep-
resentation in combination with a linear kernel on
SSUM and a linear kernel on LSA.
Explicit polarity classifier. Here, the classi-
fier adopts the same representations and kernels
that have been used for the Subjective classifier.
Consequently, the resulting classification function
only depends on the labels of the training material.
Explicit positive/negative classifier. Again, the
same setting used in the previous classifiers is ex-
ploited. Instead of a single binary classifier dis-
criminating between two classes (i.e. positive
and negative), here we have two binary classifiers.
This is necessary to enable the labeling of tweets
conveying both a positive and negative polarity in
opposition of a neutral polarity. This last label-
ing is assigned when both the explicit positive and
negative classifiers express a negative confidence
of the classification.
Irony classifier. When a tweet does not explic-
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Figure 1: The UNITOR classifier workflow

itly express a sentiment, it may be ironic. It is
reflected in the workflow as a classifier that sepa-
rated ironic and neutral tweets. In the constrained
case, the irony classifier adopts a BOW vector rep-
resentation with a linear kernel combined with the
SDIFF representation, again with a linear kernel.
In the unconstrained case, a linear kernel applied
on the WBOW representation is combined with a 2-
degree polynomial kernel on the BOW vector and a
linear kernel on the SDIFF vector.
Ironic positive/negative classifier. When a tweet
is ironic, the last classification stage adopts more
representations both in the constrained and in the
unconstrained case. In the former, a linear ker-
nel is applied on the BOW, SDIFF and IV vec-
tor. In the unconstrained case, the representa-
tions involved are: BOW, SDIFF, IV, LSAIR with
a linear kernel, and the LSA with a RBF ker-
nel (Shawe-Taylor and Cristianini, 2004). When
training the explicit positive/negative and ironic
positive/negative classifiers, the training material
was split according the presence of irony as it af-
fects also the way of expressing the polarity.

Each classifier is built by using a custom Java
Support Vector Machine (SVM) implementation
based on LibSVM (Chang and Lin, 2011). This
implementation is specifically developed to sup-
port the combination of multiple representations
and kernels. The Figure 1 reflects also the learn-
ing strategy that has been set up during the tun-
ing phase: each classifier has been trained on the
specific subset of the data of interest. Parame-
ter tuning phase has been done by a fixed 80/20
split of the training data. Training data have been
downloaded through the web interface proposed
by the organizers3, resulting in 4,033 tweet that

3http://www.di.unito.it/˜tutreeb/

were available at the time of the download. We
lost 482 messages during the download phase due
to Twitter policies. More information about the
data, annotation process and evaluation metrics
can be found in (Basile et al., 2014).

3 Results

In this Section the results of the UNITOR sys-
tem are reported. Performance measures refer to
the three subtasks proposed in the SENTIPOLC
evaluation. Test data were downloaded through
the same web interface provided by the organiz-
ers. Even for test data, some messages were no
more available due to Twitter policies. Test data
were supposed to be 1,938, while we downloaded
1,752 tweets. In Table 1 cumulative F1 scores and
ranks for the UNITOR system are reported. De-
tailed performances are reported in the rest of the
Section.

C U
Subjectivity Classification 68.7 (2) 69.0 (1)
Polarity Classification 63.0 (4) 65.5 (2)
Irony Detection 57.6 (1) 59.6 (1)

Table 1: UNITOR overall score and ranks. C and
U refer to constrained and unconstrained runs

In Tables 2 and 3 the performances of the Sub-
jectivity Classification subtask are reported. Both
the constrained and unconstrained runs are here
presented. UNITOR performances are remark-
able as in the constrained run it ranks in 2nd po-
sition, while in the unconstrained one is in 1st

position. In the constrained case, representations
adopted are able to correctly determine whether
a message is subjective with good precision, as
demonstrated by the Subjective precision measure.

sentipolc-evalita14/tweet.html
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However, the winning system here was about 3
points ahead, in particular resulting more effec-
tive in the detection of non-subjective messages.
The UNITOR system is not able to tackle mes-
sages that are too short. For example, some tweets
were composed only by one or two words. In such
messages there is not enough information for our
classifiers. In the unconstrained case, the contri-
bution of the LSA vector representation is demon-
strated by the higher score obtained with respect
to the constrained case. This makes the UNITOR
system one of the best performing system in de-
tecting the subjectivity of messages.

NotSubjective Subjective
P R F1 P R F1

57.7 58.7 58.2 85.8 73.6 79.2

Table 2: Subjectivity classification: constrained

NotSubjective Subjective
P R F1 P R F1

60.6 54.9 57.6 84.9 76.2 80.3

Table 3: Subjectivity classification: unconstrained

In Tables 4 and 5 the performances for the
Polarity Classification are reported. In the con-
strained case, the results are comparable with the
best systems, i.e. less than 5 points from the 1st

system. Analyzing the full results, our main prob-
lems are in the detection of the positive polarity
classes, as we observed a 15 point drop of pre-
cision in the positive class. In the unconstrained
case, the contribution of our tweet-specific Word
Space derived vectors is again remarkable. In this
case the UNITOR system is able to have the best
performances in all the measures for the positive
class (except the recall for the positive class). In
the case of the negative class the system is not able
to perform as well as the positive case. However,
we consider this result very promising as the im-
provement w.r.t. our constrained run is about of
3 points. It means that the unsupervised analysis
of a large tweet corpus is beneficial even for the
polarity classification task. In this task, many mis-
classifications affect messages characterized by an
implicit inversion of polarity. Moreover, messages
that were not correctly recognized as ironic by
the Explicit polarity classifier determine a more
complex classification in the Polarity Classifica-
tion stage, as we have a separated classifier for po-
larity in the ironic case.

In Tables 6 and 7 the performances of the
UNITOR system on the pilot task Irony Detection

Positivity
P0 R0 F10 P1 R1 F11 F1

79.5 77.0 78.2 56.0 40.9 47.3 62.8
Negativity

P0 R0 F10 P1 R0 F11 F1
72.2 60.1 65.6 61.4 60.2 60.8 63.2

Table 4: Polarity classification: constrained

Positivity
P0 R0 F10 P1 R1 F11 F1

82.1 77.5 79.7 60.8 48.2 53.7 66.7
Negativity

P0 R0 F10 P1 R0 F11 F1
73.8 59.9 66.2 62.1 62.4 62.2 64.2

Table 5: Polarity classification: unconstrained

are reported. In the constrained case, the UNITOR
system reaches the 1st position on the rank with
a combined F1 score of 57.59. The system per-
forms very well in detecting not-ironic messages,
as demonstrated by the NotIronic columns. Prob-
ably this is due to the unbalanced dataset provided
for this task. In fact, only 564 over 4515 mes-
sages in the training data were labelled as ironic.
If the same ratio was in the test set, it can be seen
as a bias for the evaluation. In the unconstrained
case, the UNITOR system reaches again the 1st

position in the rank. The contribution of the un-
constrained representations helped, as a gain of
2 points in the combined F1 score has been ob-
served. Moreover, representations used in the un-
constrained case allow to be more precise when a
message is ironic, as the 4 points precision incre-
ment suggests. However, a drop in recall makes
the two systems perform more or less the same in
terms of Ironic F1 measure (about 35 points in F1
score in both cases).

NotIronic Ironic
P R F1 P R F1

93.1 69.6 79.6 26.6 52.9 35.5

Table 6: Irony detection: constrained

NotSubjective Subjective
P R F1 P R F1

92.1 76.3 83.5 30.6 42.9 35.7

Table 7: Irony detection: unconstrained

4 Conclusions

In this paper the description of the UNITOR
system participating to the SENTIPOLC task at
Evalita 2014 has been provided. The system won
3 of the 6 evaluations carried out in the task, and in
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the worst case it ranked in the 4th position. Thus,
the proposed classification strategy is one of the
best performing in the Twitter Italian Sentiment
Analysis scenario. The UNITOR system won the
Irony Detection task both in constrained and un-
constrained settings. Even if the evaluation dataset
for this subtask was quite small, the irony specific
features that were studied for this problem were
able to detect irony in short messages. However,
further work is needed to improve the overall (low)
F1 scores. The nature of Twitter messages does
not help, as tweets are very short and the amount
of useful information for detecting irony is often
out of the message. For these reasons, we think
that more information can be extracted using mes-
sage contexts, as demonstrated in (Vanzo et al.,
2014b; Vanzo et al., 2014a) for the English and
Italian languages.
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