
Abstract
Human Emotion Recognition (HER) in text documents is 
essentially a content – based classification problem involving 
concepts from the domains of Natural Language Processing as 
well as Machine Learning. Apart from HER and Human Computer 
Interaction (HCI), classification of text documents on the basis of 
their content also finds use in fields like context – based Information 
Retrieval (IR) and Text To Speech (TTS) conversion. A number 
of techniques from Machine Learning have been employed for 
achieving emotion – based text classification, like Decision 
trees, Naïve Bayesian classifiers, Support Vector Machines and 
Neural Networks. However, an important part of the classification 
algorithm is the appropriate representation of the text documents 
for input to these classifiers.
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I. Introduction 
There are two broad steps involved in text classification through 
NLP and ML techniques. The first one, namely the processing of 
the text document for conversion into a suitable form that can be 
input to a classification model, is handled by NLP; while the other 
one, which is the development and training of the classification 
models comes under ML. each of the classifiers tested so far 
require the text document to be represented in the form of a feature 
vector. Most commonly, the Bag of Words model and TF-IDF 
values are used for this purpose. However, feature selection is a 
major field of research which attempts to take in only the relevant 
information from the linguistic components of the text and discard 
the useless data. One method of feature selection particularly 
relevant for emotion – based classification of text documents is 
discussed here and tested by combining with three types of Naïve 
Bayesian classifiers. The experimental results and analysis follows 
at the end.

II. Document Representation Models 
Feature section involves two major concerns – one is the extraction 
of only those parts of the document which are relevant for 
classification; while the other deals with assigning appropriate 
‘weights’ to these features so as to reflect the ‘degree of relevance’ 
of each of these features. These ‘weights’ should give the following 
measures: (a) a measure of how much relevant is the feature 
within a given document with respect to other features of the 
same document; and (b) a measure of how much relevant is the 
feature for the given document with respect to other documents 
in the entire corpus. The TF-IDF score seems to capture these two 
pieces of information satisfactorily in terms of the frequency of 
occurrence of the feature. 

III. TF-IDF score 
TF or term frequency: This refers to relative occurrence of a term 
within a given document. It is calculated as follows: 
tfi,j = ni,j / Σk nk,j 
Here, tfi,j represents the term frequency of term i in document j, 
ni,j is the number if times term i appears in document j and the 

denominator gives the total number of terms in document j. 
IDF or inverse document frequency: This gives a measure of the 
numbers of documents containing a given term relative to the 
document corpus. It is calculated as follows: 
idfi,j = log( |D| / |{d : ti є d}| ) 
Here, idfi represents the inverse document frequency of the term 
i, |D| gives the total number of documents in the corpus and the 
denominator of the argument of logarithm gives the total number 
of documents in the corpus that contain the term i. 
The overall TF-IDF score is then computed as a product of the 
above two values: 
tf-idfi,j = tfi,j x idfi 
The TF part contributes information of relevance of a term within 
a document and the IDF part up-weights or down-weights the 
score depending upon the relevance in the entire corpus. This 
score also conveys how specific is a term for a document with 
respect to the whole set. 

IV. Bag Words 
Bag of words is the most basic of all document representation 
models. It considers each document as an unordered set of words 
occurring in the text. This approach does not take into account 
any semantics of the text and looks at the words as independent 
entities. The information related to word sequence and/or grammar 
is completely lost. However, if the feature selection is done 
appropriately, it is found to perform quite well with the classifiers 
like Naïve Bayesian. n-grams (a sequence of two or more words 
from the text) can also be conveniently incorporated in the BoW 
model, thereby capturing the information related to word sequence 
or phrases to some extent. 
The document is represented as a Feature Vector, as described 
below: 
Consider the lexicon L being a collection of n unique terms. It is 
formulated as follows: 
L = {t1, t2, ………….tn} 
A text document i of the corpus is then given as a vector with each 
dimension corresponding to a unique feature, as given below: 
di = <w1i, w2 i, ………….wni> 
where wki is the weight of the term k with respect to the document 
i which is generally taken to be the tf-idf score as mentioned above. 
If a term k occurs in document i, then wki is a non – zero value, 
otherwise it is zero. The term – document matrix, defined for the 
complete corpus of documents, has each row corresponding to the 
feature vector of a particular document (di ), and each column of 
this matrix refers to unique term (feature) in the corpus. The term 
– document matrix is generally very large and spare (has lots of 
zero entries). Typically the size may go up to a few thousands for 
both the dimensions. Stemming and stop words removal during 
the conversion of document into bag-of-words leads to removal 
of useless information and better results; as stemming takes into 
account that a word can be used in different forms (noun, adjective, 
adverb, singular, plural, etc) and hence converts all the words to 
the root form for any further computations. Also stop words like 
(a, the, and, and many more) do not provide any useful information 
about the document, removing them beforehand can reduce the 
size of term – document matrix significantly and hence improve 
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efficiency in computations. 
Certain low – rank approximations of the term – document 
matrices may also be used. These are calculated using Singular 
Value Decomposition (SVD) and for the realm of Latent Semantic 
Analysis (LSA).

V. Multinomial Bayesian Classifier 
This is another version of the probabilistic Naïve Bayesian 
classification technique. Here also, each feature of the document 
is considered to be appearing independently of the other features, 
however the normal distribution od predictor variables is not 
considered here. Instead, a multinomial distribution, which takes 
into account the count of a set of words in the document is used 
here. The mathematical forms are as given below: 
For each of the classes 1 to m, a parameter vector is defined as 
follows: 
Ѳi = { Ѳi1, Ѳi2, …..Ѳin } 
where n is the number of features in the complete set of documents 
or more generally, in the lexicon and Ѳik is the probability that 
the feature k appears in some document belonging to class i. (This 
uses a set of pre-classified documents as the training set.) Then, 
for a document d, likelihood given a class i can be given as: 
P(d| Ѳi ) = Πk (Ѳik) 
In this equation, Ѳik , the probability that term k of document d 
is in class i, can be computed as follows: 
Ѳik = Nik / Ni 
where Nik is the number of times the term k appears in the 
documents of class i and Ni is the total number of terms occurring 
in the documents of class i. 
Then, the class label of a document is determined in a way similar 
to the above mentioned rule, as follows: 
Label (d) = k argmaxi { ( log (P ( Ѳi) ) + Σi log ( Ѳik ) ) } 
Substituting the value of Ѳik , we get the following: 
Label (d) = k argmaxi { ( log (P ( Ѳi) ) + Σi log ( Nik / Ni ) ) }

VI. Test Analysis  
The dataset used for experiments is obtained from the International 
Survey of Emotion Antecedents and Reactions (ISEAR) which 
was conducted in 1990s across 37 countries and had almost about 
3000 respondents. This dataset contains text documents of about 
3-4 sentences pre-classified into the categories of emotion – anger, 
disgust, fear, guilt, joy, sadness and shame. The Weka tool is used 
for testing on the Naïve Bayes, Multinomial Naïve Bayes and 
Complement Naïve Bayes classifiers. The lists corresponding to 
each of the emotion-classes is manually generated from the online 
WordNet Database. 
Following steps were followed for the experiments: 
1.  Removal of numbers and punctuation marks from the 

documents 
2.  Conversion of all alphabets into lower case characters (to 

avoid the distinctions between capitalized and lower case 
word) 

3.  Removal of the stop words (words like a, the, and…) 
4. Stemming – conversion of words to root form (so as to avoid 

differentiation between different forms of the same word) 
5.  Feature extraction using the lists generated from the WordNet 

Database 
6.  Computation of TF-IDF score of the features do obtained 
7.  Creation of the term – document matrix 
8.  Training and Testing with the specified classifier using cross 

validation technique 

A total of 2518 text documents were used for testing. The total 

number of distinct features generated for this dataset was equal 
to 371. Thus, the term – document matrix was a matrix of the 
dimensions 2518 x 371. The Table 1 shows the number of 
documents in each of the categories:

Table 1.

S.No Class No. of 
documents

% of 
dataset

1 anger 461 18.30
2 fear 448 17.79
3 Guilt 291 11.55
4 Joy 214 8.49
5 Sadness 391 15.5

VII. Conclusion
Apart from the informatory and/or explanatory content, many of 
the text documents hold some attitude or emotional information. 
Classification of documents based on this piece of information can 
serve important functions in more than one applied areas, (like 
in TTS applications). However, emotional classification is very 
different from simple topic classification, because it is not merely 
comparison of the document content against a set of ‘keywords’ 
or ‘keyphrases’. Following are some of the issues in emotional 
classification of text documents that make this problem quit a 
challenging one: 
Emotion builds up through the sentences of textual content 
There are no specific set of words which can completely define a 
particular emotion Given a set of words, more than one emotional 
feeling can be implicit from those ‘happy’ and ‘excited’ may 
convey the feeling of ‘happiness’ as well that of ‘surprise’. Many 
times, a certain set of words may not be having any emotional 
information, but when placed in the sentence and the context of 
the document, the underlying ‘emotion’ becomes clear, Example 
– ‘I don’t understand why people tell lies!’ There is no emotional 
word in this sentence; however, a feeling of sadness is clear from 
the sentence. Thus semantics of a given sentence as a whole are 
important rather than the individual words separately. Presence of 
ambiguity – a given sentence may convey more than one emotional 
meaning. For example with the above sentence, a feeling of anger 
might also be associated. The context plays an important role here, 
rather than semantics of a single sentence. 

References
[1]  Eirini Spyropoulou, Sabine Buchholz, Simone Teufel, 

"Sentence-based Emotion Classification for Text-to 
Speech", Computational Aspects of Affectual and Emotional 
Interaction (CAFFEi 2008), 2008

[2]  George H. John, Pat Langley, "Estimating Continuous 
Distributions in Bayesian Classifiers" Eleventh Conference 
on Uncertainty in Artificial Intelligence (1995) 

[3]  Shamim Alpha, Paul Dixon, "Feature Preparation in Text 
Categorization Ciya Liao",

[4]  Jason D, M, Rennie, Lawrence Shih, Jaime Teevan, David 
R. Karger, "Tackling the poor assumptions of the Naïve 
Bayes text classifiers" Twentieth International Conference 
on Machine Learning (2003) 

[5]  "Feeler: Emotion Classification of Text Using Vector Space 
Model".

 190 InternatIonal Journal of Computer SCIenCe and teChnology

IJCSt Vol. 2, ISSue 3, September 2011 I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m



Kiran Babu Kommu received his B.Tech. 
degree in Computer Science and Engineering 
from Acharya Nagarjuna University, 
Andhra Pradesh, India, in 2005. Presently, 
He is pursing M.Tech. in KITE, Kakinada, 
Affiliated to JNTUK, Kakinada, Andhra 
Pradesh, India. His research interests in 
Image processing and Computer Networks

Mortha Chinna Rao received the 
B.Tech degree in Computer Science and 
Engineering from JNTU, Hyderabad, 
Andhra Pradesh, India, in 2004. And also, 
received M.Tech, in Software Engineering 
from JNTU, Hyderabad, Andhra Pradesh, 
India, in 2008. Presently He is puring PhD 
in JNTUK, Kakinada, Andhra Pradesh, 
India. He is working as Associate Professor 
in KIET, Kakinada. His research interests 

including Data mining and Emotion recognition and speech 
recognition in Image processing. He is member of Computer 
society of India and Indian Society for Technical Education. 

 InternatIonal Journal of Computer SCIenCe and teChnology 191

I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m

IJCSt Vol. 2, ISSue 3, September 2011


