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Abstract. We explore the task of automatic classification of texts by the 
emotions expressed. We consider how the presence of neutral instances affects 
the performance of distinguishing between emotions. Another facet of the 
evaluation concerns the relation between polarity and emotions. We apply a 
novel approach which arranges neutrality, polarity and emotions hierarchically. 
This method significantly outperforms the corresponding “flat” approach which 
does not take into account the hierarchical information. We also compare 
corpus-based and lexical-based feature sets and we choose the most appropriate 
set of features to be used in our hierarchical classification experiments. 
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1   Introduction 

In recent years there has been a growing interest in automatic identification and 
extraction of opinions, emotions, and sentiment in text. Motivations for this task 
include the desire to provide tools for information analysts in government, 
commercial, and political domains, who want to automatically track attitudes and 
feelings in on-line forums [1]. Emotions, an important element of human nature, have 
also been widely studied in psychology and behavioral sciences. They have also 
attracted the attention of researchers in computer science and particularly in 
computational linguistics. 

This paper looks at the categorization of a sentence into six basic emotions 
(defined as emotions with universally accepted distinctive facial expressions). Those 
are happiness, sadness, fear, anger, disgust, and surprise [2]. We added a class non-
emotional for the sentences which bear no emotion. These seven classes are common 
in much of the previous work [3, 4, 5, 6]. 

There has been progress in research on polarity and sentiment analysis, but little 
work has been done in automatic recognition of emotion in text. We assume that 
emotions carried by a sentence are not independent of their polarity; therefore we try 
to find a link between them and we want to apply classification methods, which 
consider these connections. 
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Our proposed hierarchical classification is a novel method in emotional analysis, 
which considers the relation between polarity and emotion of a text. The main idea is 
to order these categories and their relations in a hierarchical form and perform 
classification based on this hierarchy. 

We have two forms of hierarchy for classification. Using two-level classification, 
we explore how neutral instances affect the emotional analysis. In three-level 
classification, the first step is to define whether the instances are emotional. Next, the 
instances defined as emotional in the previous step are classified on their polarity. In 
the third step we assume that, among the six emotions, the instances of happiness 
have positive polarity, while the other five emotions are regarded as negative polarity. 
That is why we take the negative instances from the second step and classify them 
into the five negative emotion classes. 

Our experiments on data annotated with emotions show that this approach 
significantly outperforms the corresponding “flat” approach. We note significantly 
improved precision, recall and F-measure of all emotional classes. 

The remainder of this paper is organized as follows. Section 2 briefly presents 
previous work. Section 3 gives an overview of the dataset, lexicons and different 
feature sets which we compare. In Section 4 we describe the hierarchical 
classification method and we evaluate it by comparing it to previous flat classification 
results. We discuss future work and present a few conclusions in Section 5. 

2   Previous Work 

Computational approaches to emotional analysis have focused on various emotion 
modalities, but only limited work has been done in the direction of automatic 
recognition of emotion in text [3]. In SemEval 2007, one of the tasks was carried out 
in an unsupervised setting and the emphasis was on the study of emotion in lexical 
semantics [7-10]. 

The participants in the SemEval 2007 workshop took a linguistic approach, using 
enriched lexical resources such as SentiWordNet and WordNetAffect [8]. They also 
used statistics gathered from Web search engines [9] based on the hypothesis that 
groups of words which co-occur with a given emotion word are highly likely to 
express the same emotion. Mihalcea and Strapparava [7] exploited the co-occurrence 
of words in the text with the words which have explicit affective meaning. They used 
the WordNet affect list as the direct affective words, and implemented a variation of 
Latent Semantic Analysis to yield a vector space model which allows for a 
homogeneous representation of words [7]. These tasks were tested on the emotion 
classification of news headlines extracted from news Web sites. 

The existence of an annotated corpus with rich information about opinions and 
emotions would support the development and evaluation of NLP systems which 
exploit such information. In particular, statistical and machine learning approaches 
have become the method of choice for constructing a wide variety of practical NLP 
applications [1]. Emotional classification is not exemplified. 

Aman and Szpakowicz [3, 11] have shown that the best results on a dataset 
annotated with emotions are achieved by a combination of corpus-based unigram 
features and lexical-based features using Support Vector Machine (SVM). In general, 



42 D. Ghazi, D. Inkpen, and S. Szpakowicz 

two supervised machine learning algorithms, SVM and Naïve Bayes, have long been 
a method of choice for sentiment recognition at the text level [3, 5, 12, 13]. 

So far most of the research has been concentrated on the feature selections and 
applying lexical semantics rather than focusing on different learning schemes. In this 
work, in addition to comparing two different sets of features, corpus-based and 
lexically-based, we would like to focus more on a new learning approach, namely 
hierarchical classification. 

Koller and Sahami [14] carried out the first proper study of a hierarchical text 
categorization problem in 1997. Afterwards more work in hierarchical text 
categorization has been reported [13, 15]. The work in [13] is more related to this 
paper. The authors applied a hierarchical approach in mood classification – 
classifying blog posts into 132 moods. Even though moods and emotions may seem 
similar, their classification is quite different. In mood classification we talk about a 
large number of mood classes. Also, the hierarchical structure applied is based on a 
definition of moods and relations among them which is completely different than our 
hierarchical structure for considering polarity in classifying emotions. 

For these reasons, we propose a new method, called hierarchical classification, in 
our machine-learning approach to classifying blog sentences into Ekman’s six 
emotion classes and one non-emotional class. 

3   Resources and Feature Sets 

In this section, we will first explain the resources, namely data set and lexicons, which 
have been used in our experiments. Next, we will compare three set of features to find 
the most proper one for hierarchical classification. 

3.1   Resources 

The statistical methods typically require training and test corpora, manually annotated 
with respect to each language-processing task to be learned [1]. 

The main consideration in the selection of data for the emotional classification task 
is that the data should be rich in emotion expressions in order to contain numerous 
learning instances. Another consideration is that the data should comprise enough 
instances of all the emotion categories. That is why personal texts such as diaries and 
blogs have received more attention recently [3, 4, 13]. As a result, we chose for our 
experiments a corpus of blog sentences annotated with emotion labels, discussed in [3]. 

Each sentence is tagged by a dominant emotion in the sentence, or as non-
emotional if it does not include any emotion. The dataset contains 173 weblog posts 
annotated by two judges. It is annotated based on Eckman’s six emotions [2] at the 
sentence level. The dataset contains 4090 annotated sentences, 68% of which were 
annotated as non-emotional. The highly unbalanced dataset with 68% of non-
emotional sentences as the highest class and 3% of the fear and surprise classes 
prompted us to reduce the number of non-emotional sentences to 38% of all the 
sentences by removing 2000 of the non-emotional sentences, to reduce the unbalance. 
Table 1 shows the details of the chosen dataset. 
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Table 1. Data set specifications 

 Domain Size # classes Min-Max% 
Data set 1 Weblogs 2090 7 6-38 % 

We now compare three sets of features. The first set is corpus-based, so we need 
no other external resources; the other two sets are lexically-based. The lexically-based 
approach requires lexical-semantic resources. In our experiments, we use three 
emotional lexicons: Prior-Polarity subjectivity lexicon1 [16], WordNet Affect2 [17], 
and an emotion lexicon derived from Roget’s Thesaurus3 [18]. 

The prior-polarity subjectivity lexicon contains over 8000 subjectivity clues 
collected from a number of sources. To create this lexicon, the authors began with the 
list of subjectivity clues extracted from [19]. The list was expanded by using a 
dictionary and a thesaurus, and added positive and negative word lists from the 
General Inquirer4 [16]. The words are grouped into strong subjective and weak 
subjective clues; Table 2 presents the distribution of their polarity. 

The WordNet Affect lexicon contains six lists of words corresponding to the six 
basic emotion categories. It is the result of assigning a variety of affect labels to each 
synset in WordNet [17]. Table 3 shows the distribution of words in WordNet Affect. 

The emotional lexicon derived from Roget’s Thesaurus was created automatically 
finding the emotion-related words [11]. The total number of words selected for 
inclusion in this lexicon is 2622. The distribution of words in different emotion 
classes is shown in Table 4. 

Table 2. Distribution of Prior-Polarity clues 

neutral positive negative both 
6.9% 33.1% 59.7% 0.3% 

Table 3. Distribution of the WordNet Affect emotional lexicon 

happiness sadness anger disgust surprise fear total 
398 201 252 53 71 141 1116 

Table 4. Distribution of the Roget’s-derived emotional lexicon 

happiness sadness anger disgust surprise fear total 
643 262 265 401 499 552 2622 

                                                           
1  http://www.cs.pitt.edu/mpqa 
2  http://www.cse.unt.edu/~rada/affectivetext/data/ 

 WordNetAffectEmotionLists.tar.gz 
3

  Several versions of Roget’s Thesaurus are available. In the experiments reported here, the 
1987 Penguin’s Roget’s Thesaurus was used [3]. 

4  http://www.wjh.harvard.edu/~inquirer/’p 
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3.2   Feature Sets 

We want to evaluate the performance of different lexicons by comparing them with 
unigram features. We also want to find the most appropriate set of features for our 
main experiments in the next section. Here, we perform three different experiments, 
all based on the flat classification approach. 

The first experiment is a corpus-based classification which uses unigrams. The 
unigram models have been widely used in text classification, and shown to provide 
good results in sentiment classification tasks [12]. In this experiment, we use 
unigrams from the corpus, selected using feature selection methods from Weka5. 

The second experiment consists in the classification with features derived from the 
polarity lexicon. The features here are the tokens that are common between the prior 
polarity lexicon and the chosen dataset – 796 tokens in total. 

In the last experiment, we use a combination of the emotional lists of words from 
Roget’s Thesaurus and WordNet Affect. All the common tokens between the 
combined lexicons and dataset’s tokens comprise 1264 words. 

Text classification quite often deals with high dimensionality of the feature space. 
Many learning algorithms do not scale to a high-dimensional feature space. SVM has 
been shown to give good performance in text classification experiments: it scales well 
to the large numbers of features [3, 12]. We also experimented with other classifiers: 
Naïve Bayes and Decision Tree. As expected, the results for our task were lower, so 
we do not present them here. Consequently, we use SVM as a machine-learning 
algorithm to be applied to the chosen features. 

As a result of the emotional classification experiments using SVM (the SMO 
algorithm in Weka) [20] and setting “10-fold cross validation” as a testing option, we 
get the accuracy of 65.55% for the first set of features, 62.67% for the second set and 
57.3% for the last feature set. 

Based on the accuracy of the three experiments, unigram features outperform the 
other two types. Even though it is significantly better than the third one, its difference 
with the second feature set merits a discussion. Here, we would like to point out 
parameters – other than the accuracy of the results – which should be considered in 
choosing the list of features. The number of features is one of the main parameters. 
We are not interested in having better results by adding more features. What is more 
interesting is to find a list of fewer but more meaningful features which could 
contribute more to learning. In our experiments, the size of polarity features is quite 
smaller than the unigrams. Also, by checking the features manually we noticed that 
they appear to be more meaningful. For example, among the unigram features we 
have proper nouns such as names of people and countries. It is also possible to have 
misspelled tokens in unigrams, while the prior-polarity lexicon features are well-
defined words usually considered as polar. Besides, lexical features are known to be 
more domain and corpus-independent. For these reasons, polar lexically-based 
features will be chosen for the main experiments in the next section. 

                                                           
5 Machine-learning software available at http://www.cs.waikato.ac.nz/ml/weka/ 
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4   Hierarchical Classification 

Hierarchical categorization deals with categorization problems in which categories are 
organized in hierarchies. For most text categorization tasks the category hierarchies 
have been carefully composed by humans and represent our knowledge of the  
subject [15]. 

In this work, we use the hierarchical categories to impart an additional knowledge 
to our classification method. We will convey the information in two forms of 
hierarchy. The first one is a two-level hierarchy which represents the relation of 
emotion and neutrality in text. The second form is a three-level hierarchy which 
addresses the relation between polarity and emotions in addition to the relation 
between emotion and neutrality. That is based on the assumption that, among the six 
chosen emotions, happiness belongs to the positive polarity class, while the other five 
emotions are regarded as having negative polarity. 

In the remainder of this section, we will give a detailed explanation of both 
proposed hierarchical forms. The experiments and results of applying them to our 
chosen data set will be presented. 

4.1   Two-Level Classification 

The main goal of this task is to find out how the presence of neutral instances affects 
the performance of features for distinguishing between emotional classes. This was 
motivated by a similar work in polarity classification [16]. 

In the two-level classifications, the first level, emotional versus non-emotional 
classification, tries to determine whether an instance is neutral or emotional. The 
second step takes all instances which level 1 classified as emotional, and tries to 
classify them into one of the six emotions. The two levels of this hierarchy are as 
follows: 

- Emotional versus non-emotional: We change the annotated data set by keeping 
all the non-emotional instances as is, and changing the class of all the other six 
emotional classes to “Emo” (for emotional). The result of this experiment and its 
comparison with the flat classification shows that the recall of non-emotional 
instances decreases while the precision increases. This happens to non-emotion 
class that used to be the dominant class in flat classification but it no longer 
dominates in hierarchical classification. Classifiers tends to give priority to a 
dominant class, so more instances are placed in this class; thus, classification 
achieves low precision and high recall. Hierarchical method tends to produce 
higher precision in this case.  

- Six-class classification: After classifying the instances based on whether they are 
emotional, now we would like to classify the instances which level 1 classified as 
emotional. That will be done in two ways. In the first experiment, we assume that 
all the non-emotional instances are correctly classified, so we would only need to 
be concerned about the mistakes in level 2 (this is called gold standard). The 
second experiment considers the misclassified non-emotional instances of the 
first level as well. Both sets of results and the flat classification results are shown 
in Table 5. 
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Table 5. Two-level emotional classification (the highest precision, recall, and F-measure values 
for each class are shown in bold) 

Two-level classification Flat classification 

 Precisio
n 

Recall 
F-

measure 
Precision Recall 

F-
measure 

1st  level 
Emo 

Non-emo 
0.88 
0.88 

0.85 
0.81 

0.86 
0.84 

-- 
0.54 

-- 
0.87 

-- 
0.67 

2nd  level 
gold 

standard 

happiness 
sadness 

fear 
surprise 
disgust 
anger 

0.59 
0.77 
0.91 
0.75 
0.66 
0.72 

0.95 
0.49 
0.49 
0.32 
0.35 
0.33 

0.71 
0.60 
0.63 
0.45 
0.45 
0.46 

0.74 
0.69 
0.82 
0.64 
0.68 
0.67 

0.60 
0.42 
0.49 
0.27 
0.31 
0.26 

0.66 
0.52 
0.62 
0.37 
0.43 
0.38 

2nd level 
based on the 

1st level 
result 

happiness 
sadness 

fear 
surprise 
disgust 
anger 

0.59 
0.79 
0.92 
0.66 
0.65 
0.65 

0.96 
0.48 
0.54 
0.25 
0.33 
0.30 

0.73 
0.60 
0.68 
0.37 
0.44 
0.41 

0.74 
0.69 
0.82 
0.64 
0.68 
0.67 

0.60 
0.42 
0.49 
0.27 
0.31 
0.26 

0.66 
0.52 
0.62 
0.37 
0.43 
0.38 

By comparing the results of the second level of gold standard classification with 
the flat classification, we can see that the F-measure of all the emotional classes in the 
two-level experiment is higher than the F-measure of the emotional classes in the flat 
classification. In two emotion classes, however, the precision of the flat approach is 
higher. In disgust the difference is insignificant but the difference between precision 
and recall of the happiness class in the flat approach and the two-level approach 
cannot be ignored. This can be explained by the fact that at the second level of the 
two-level classification we do not have the non-emotional instances any more. The 
happiness class is the dominant class, with 42% of all the instances. This makes the 
classifier consider most all the instances it is not sure about as happiness. This results 
in high recall and low precision for the happiness class. We hope to address this big 
gap between precision and recall of the happiness class in the next experiments, three-
level classification, which separates happiness from the other five emotions. So, it 
makes the number of instances of each level more balanced. 

At the second level, when we consider the mistakes of the first level, we have to 
ignore both the false-negative emotional instances and false-positive non-emotional 
instances in order to obtain the set of instances which we use in the second level; 
therefore the number of instances will drop to 1101 from 1290. Because of the 
different number of instances, in this case the results are not quite comparable with 
the results of the original one-level task. Despite having to deal with the noise from 
the first level, the hierarchical approach still gets higher F-measures for five of the 
emotion classes and equal F-measure for the surprise class. 

4.2   Three-Level Classification 

In this approach, we go even further: we break the seven-class classification task into 
three levels. We add an assumption that the happiness class is positive and the 
remaining five emotions are negative. 
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Table 6. Three-level emotional classification (the highest precision, recall, and F-measure 
values for each class are shown in bold) 

Three-level Classification Flat Classification 

 Precision Recall 
F- 

measure 
Precision Recall 

F- 
measure 

1st  level Emo 
Non-emo 

0.88 
0.88 

0.85 
0.81 

0.86 
0.84 

-- 
0.54 

-- 
0.87 

-- 
0.67 

2nd  level 
gold standard 

positive 
negative 

0.89 
0.79 

0.65 
0.94 

0.75 
0.86 

0.74 
-- 

0.60 
-- 

0.66 
-- 

3rd  level  
gold standard 

sadness 
fear 

surprise 
disgust 
anger 

0.63 
0.88 
0.79 
0.42 
0.38 

0.54 
0.52 
0.37 
0.38 
0.71 

0.59 
0.65 
0.50 
0.40 
0.49 

0.69 
0.82 
0.64 
0.68 
0.67 

0.42 
0.49 
0.27 
0.31 
0.26 

0.52 
0.62 
0.38 
0.43 
0.38 

  2nd  level 
based on the
1st level result 

positive 
negative 

0.90 
0.78 

0.66 
0.94 

0.76 
0.85 

0.74 
-- 

0.60 
-- 

0.66 
-- 

 
  3rd  level 
based on the
2nd level result 

sadness 
fear 

surprise 
disgust 
anger 

0.64 
0.90 
0.83 
0.37 
0.35 

0.64 
0.53 
0.35 
0.45 
0.56 

0.59 
0.67 
0.50 
0.40 
0.43 

0.69 
0.82 
0.64 
0.68 
0.67 

0.42 
0.49 
0.27 
0.31 
0.26 

0.52 
0.62 
0.37 
0.43 
0.38 

 

 

Fig. 1. The comparison of F-measure result of the flat classification with the hierarchical 
classification approaches for seven classes 
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In the three-level classifications, the first level is the same as in the previous 
approach. After determining the non-emotional instances of the first level, in the 
second level we classify into positive and negative the instances which level 1 
classified as emotional. We only consider happiness as positive. Finally, we classify 
the negative instances into five negative emotion classes. The results of this 
classification are shown in Table 6.  

As we can see in the results of the second level, we increased the precision of the 
happiness class. In the polarity classification level (the second level) the data are 
almost balanced, with 42% of positive instances. That makes the instances defined as 
happiness more precise. 

At the third level, except in the class disgust, we see an increase in the F-measure 
of all classes in comparison to both the two-level and flat classification. It is hard to 
compare the result of all three applied approaches from the above tables. We have 
combined all the results in Figure 1, which displays the F-measure of each class for 
the three approaches. 

5   Conclusions and Future Work 

The focus of this study was an emotional analysis and classification of emotions in 
sentences. We first defined two different sets of lexicon-based features to compare 
with the bag-of-words classification method. As a result, we noticed that unigram 
features were not much better than polarity lexicon features. Besides, the polarity 
lexicon features had some benefits over unigrams. In particular, they are supposed to 
be less corpus-dependent. They also have fewer features than unigram sets; therefore 
the rest of our experiments were based on the polarity lexicon features. 

In the emotional classification we noticed that having non-emotional instances in 
the dataset degrades the results significantly; therefore we applied a two-level 
classification which defines the non-emotional instances in one step and considers the 
rest as emotional. As a result we saw a considerable improvement in the classification 
results. 

The second part of the hierarchical classification experiments considers the polarity 
of emotions, that is, their positivity or negativity. Here we assume that happiness is a 
positive emotion, while sadness, surprise, fear, disgust, and anger are negative. We 
added one more step into our hierarchy to convey the information of the relation 
between polarity and emotions in our system. 

On the other hand, a classifier trained on unbalanced data gives biased results for 
the classes with more instances. In this case most of the learning algorithms behave 
just as people do. They mainly learn the dominant class and if they see an instance 
they do not have information about, they will classify it as an instance of the bigger 
class, since it is more probable. The hierarchical classification approach was better at 
dealing with the highly unbalanced data. 

In the future, we plan to expand our work by testing on other available emotion-
annotated data sets. There are three other available datasets annotated with emotions. 
The first one is a data set of 700 sentences extracted from blogs, which are annotated 
with nine emotions and one neutral class [4]. The second available dataset is 
composed of sentences in the narrative domain of nineteen children’s fairy tales 
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which have affect labels from two annotators. The affects are the same as the six 
emotions we considered, with the difference that the surprise class is broken into two 
subclasses of positive surprise and negative surprise [5]. The last set is the TextAffect 
dataset available for SemEval 2007, Task 14 [6]. We are interested in seeing how the 
emotional classification of these data sets will be affected by our proposed 
classification approach. 

Another interesting future task would be to consider different levels of our 
hierarchy as different tasks which could be handled differently. In the last experiment, 
the three-level classification, we had three different tasks, namely emotional versus 
non-emotional, polarity, and emotional classification. Each of these tasks has its own 
specification; therefore we can definitely benefit from analyzing each task separately 
and defining different sets of features and classification methods for each task rather 
than using the same method for every task. One of the first steps for our future work 
will be using the emotional lexicon and their corresponding features in the third level 
of our hierarchy – classifying five negative emotions. We believe that using the 
features derived from the two emotion lexicons will improve the results of the third 
level. 

References 

1. Wiebe, J., Wilson, T., Cardie, C.: Annotating Expressions of Opinions and Emotions in 
Language. Language Resources and Evaluation 39, 165–210 (2005) 

2. Ekman, P.: An Argument for Basic Emotions. Cognition and Emotion 6, 169–200 (1992) 
3. Aman, S.: Identifying Expressions of Emotion in Text. Master’s thesis, University of 

Ottawa, Ottawa, Canada (2007) 
4. Neviarouskaya, A., Prendinger, H., Ishizuka, M.: Compositionality Principle in 

Recognition of Fine-Grained Emotions from Text. In: Proc. Third International ICWSM 
Conference, pp. 278–281 (2009) 

5. Alm, C.O., Roth, D., Sproat, R.: Emotions from text: machine learning for text- based 
emotion prediction. In: Proc. Joint Conference on Human Language Technology / 
Empirical Methods in Natural Language Processing (HLT/EMNLP 2005), Vancouver, 
Canada, pp. 579–586 (2005) 

6. Strapparava, C., Mihalcea, R.: SemEval-2007 Task 14: Affective Text (2007) 
7. Strapparava, C., Mihalcea, R.: Learning to Identify Emotions in Text. In: Proc. ACM 

Symposium on Applied computing, Fortaleza, Brazil, pp. 1556–1560 (2008) 
8. Chaumartin, F.: Upar7: A knowledge-based system for headline sentiment tagging. In: 

Proc. SemEval 2007, Prague, Czech Republic (June 2007) 
9. Kozareva, Z., Navarro, B., Vazquez, S., Montoyo, A.: Ua-zbsa: A headline emotion 

classification through web information. In: Proc. SemEval 2007, Prague, Czech Republic 
(June 2007) 

10. Katz, P., Singleton, M., Wicentowski, R.: Swat-mp: the semeval-2007 systems for task 5 
and task 14. In: Proc. SemEval 2007, Prague, Czech Republic (June 2007) 

11. Aman, S., Szpakowicz, S.: Using Roget’s Thesaurus for Fine-grained Emotion 
Recognition. In: Proc. Third International Joint Conf. on Natural Language Processing 
(IJCNLP), Hyderabad, India, pp. 296–302 (2008) 

12. Kennedy, A., Inkpen, D.: Sentiment classification of movie reviews using contextual 
valence shifter. Computational Intelligence 22, 110–125 (2006) 



50 D. Ghazi, D. Inkpen, and S. Szpakowicz 

13. Keshtkar, F., Inkpen, D.: Using Sentiment Orientation Features for Mood Classification in 
Blog Corpus. In: IEEE International Conf. on Natural Language Processing and 
Knowledge Engineering, Dalian, China, September 24-27 (2009) 

14. Koller, D., Sahami, M.: Hierarchically Classifying Documents Using Very Few Words. In: 
Proc. International Conference on Machine Learning, pp. 170–178 (1997) 

15. Kiritchenko, S., Matwin, S., Nock, R., Fazel Famili, A.: Learning and Evaluation in the 
Presence of Class Hierarchies: Application to Text Categorization. LNCS, pp. 395–406. 
Springer, Heidelberg (2006) 

16. Wilson, T., Wiebe, J., Hoffmann, P.: Recognizing contextual polarity: an exploration of 
features for phrase-level sentiment analysis. Computational Linguistics 35(3), 399–433 
(2009) 

17. Strapparava, C., Valitutti, A.: WordNet-Affect: an affective extension of WordNet. In: 
Proc. 4th International Conference on Language Resources and Evaluation (LREC 2004), 
Lisbon, Portugal, pp. 1083–1086 (2004) 

18. Jarmasz, M., Szpakowicz, S.: Roget’s Thesaurus and Semantic Similarity. In: Nicolov, N., 
Bontcheva, K., Angelova, G., Mitkov, R. (eds.) Recent Advances in Natural Language 
Processing III: Selected Papers from RANLP, John Benjamins, Current Issues in 
Linguistic Theory, vol. 260, pp. 111–120 (2003) 

19. Riloff, E., Wiebe, J.: Learning extraction patterns for subjective expressions. In: Proc. 
Conference on Empirical Methods in Natural Language Processing (EMNLP 2003), 
Sapporo, pp. 105–112 (2003) 

20. Witten, I.H., Frank, E.: Data Mining: Practical Machine Learning Tools and Techniques, 
2nd edn. Morgan Kaufmann, San Francisco (2005) 


	Hierarchical Approach to Emotion Recognition and Classification in Texts
	Introduction
	Previous Work
	Resources and Feature Sets
	Resources
	Feature Sets

	Hierarchical Classification
	Two-Level Classification
	Three-Level Classification

	Conclusions and Future Work
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




