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Abstract. Recent years have seen increasing interest in analyzing  the millions 
of texts published every year in blogs and forums. One of the applications 
attracting most attention is the automated gathering opinions of people on 
different products. In this paper, we elaborate a methodology for opinion 
mining and subjectivity analysis, based on the notion of personal sense. Our 
hypothesis is that the personal sense of the words that the author uses in a text is 
reflected their appraisal of a product described in the text. In this preliminary 
work, we describe a new methodology applied to the polarity classification 
task, and present and evaluate our the preliminary results. 
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1 Introduction 

There is a vast amount of documents published in the web that contain subjective 
information. Texts containing subjective opinion of the author are one of the popular 
research domains. Thus, opinion analysis is an important part of the subjective 
language research. Web pages that contain product reviews usually divide them into 
classes, using a gradual appraisal scale, for example in a star rating system, every 
product receives 1 to 5 stars according to how good the author finds the product in 
question. A binary classification separates the items into two classes, one containing 
positive opinion on a product, the other negative. Automatic classification using these 
two classes would be of use for web pages containing ordered product reviews, 
recommender systems, business intelligence systems, Internet clipping services such 



as TracerLock.com1, which can follow discussion threads in the web that contain 
information on products and opinions on them. Here, we are using a corpus of movie 
reviews, where every movie is rated positive or negative by a critic2. 

In this paper we present our preliminary work on a methodology that assigns 
positive or negative polarity to short product-review texts, based on lexical features of 
a text, that are presented by words' co-occurrence with each other. We argue that 
personal sense[10], on one hand influences a words distribution, and on the other, 
reflects the opinion polarity expressed in the text. We explore the personal sense of 
the words ‘movie’, ‘film’, and the combination of these words, in every individual 
review, and the appraisal component of their personal sense. The co-occurrence lists 
for these words as triggers present the features for the polarity classification task. We 
test the co-occurrence method alone, and combine it with a baseline method to 
compare the performance. 

This paper is organized as follows. In Section 2 we describe the practical and 
theoretical background of our work. In Section 3 we present the new approach to 
opinion mining. The corpus used in this paper and it’s modifications are introduced in 
Section 4. Section 5 describes the results of the experiments with the co-occurrence 
features, and in the final section we discuss possible reasons for the obtained results 
and outline some future experiments. 

2 Background 

In this section, we describe briefly the research and background information related to 
our approach, viz. similar approaches to opinion mining and the notion of personal 
sense. 

2.1 Related Work on Opinion Mining 

Many opinion mining methods were applied on the text corpus used in this paper 
for the binary opinion classification task. Formulae from different probabilistic 
models were used for the learning process in [1]. Graph theory was successfully 
employed in [4] to identify subjective parts of documents with minimum cuts method, 
the authors of [2] follow the Systemic Functional Linguistic theory, from which they 
take the Appraisal system network, and use the words in the document related to the 
network as features. 

An approach to opinion classification utilized very successfully is based on 
product features and their characteristics discussed in the reviews, see [8]. The basic 
principle of the algorithm is that there are certain features important for a product to 
be successful, for example in the case of a camera they would be resolution, size and 
design − a camera with high resolution, tiny size and nice design is likely to be rated 
high or positive. However, we are exploiting the task which involves even more 
subjectivity in a sense that for movie reviews there are no clearly defined features 
                                                 
1 http://tracerlock.com/ 
2 Available online at http://www.cs.cornell.edu/people/pabo/movie-review-data/. 



which can have ‘positive’ or ‘negative’ values: a ‘complicated plot’ can be considered 
an advantage by one movie critic and a shortcoming by another.  

Different lexical features have been used in opinion mining. Various lexical 
features were compared in [6]. Unigrams and higher order n-grams are widely used. 
Word-meanings are used usually in their polar or emotional aspects, as for example in 
[7]. Adjectives, along with other features, such as parts of speech, syntax 
constructions, the use of negation are the main classes of features used and compared 
in polarity classification, see [5] for examples. In [11] a hierarchy of lexical features 
is presented, the information gain of different features is discussed, and the hierarchy 
is employed for the selection of the best features for opinion analysis. In our 
approach, the features represent information about the position of words in relation to 
other words, whereas in other works[6] information about the position of the words in 
terms of the whole text is employed, for example if the word is used closer to the 
middle or to the end of the document. 

2.3 Personal Sense 

The notion of personal sense was first defined by Leontev in [10] as a component 
of word-meaning different for individuals. This component reflects a meaning of the 
word in terms of unique experience of a person. As a person encounters an object, 
state, act or characteristic, defined by a word, and relates in some way with this object 
etc., the information about the unique experience of the person encountering this 
object is stored in the memory of a person, and it is believed that these memories, 
conscious or unconscious, influence the individual meaning of the word. 

We assume that not only the individual meaning, but the individual use of the 
word by a person in a text or in speech is affected. First of all, in the contexts in which 
the words are used, presented largely by co-occurrence word-vectors. The goal of our 
work is to design a methodology for detecting such individual word-meaning and 
describing and interpreting it in a way that would assist in subjectivity analysis, 
particularly, in this work, in the polarity classification task. 

3 Co-occurrence Personal Sense Approach 

Our approach to opinion mining is based on the detection of personal sense. Our 
hypothesis is that the personal sense of the word contains an appraisal part. In the case 
of the movie-review corpus, the personal sense of the word ‘movie’, for example, 
would be slightly different in every individual review. We believe that the component 
of positive or negative appraisal would be contained in the personal sense of the word 
‘movie’, and that this would be reflected, in some subtle way, in the list of the most 
similar vectors to the word-vector ‘movie’, ie. reflecting their positive or negative 
experience in speech. A person who likes a movie that they have just seen would use 
the word denoting the movie in a different way than the person who does not like a 
movie.  

Here we do not address the question of which words, occurring in the similar 
word-vector lists, would reflect the positive or negative component of the personal 



sense. Moreover, we suppose that every critic will use different words to reflect 
positive or negative appraisal. Although for some reviews the co-occurrent word-lists 
are clearly indicative of the author’s sentiment: consider, for example, the list of the 
most similar words to the trigger-word ‘movie’: [series desperate induced climax 
talking fourth abruptly short theater hush bad] drawn from a negative review, or 
[typical worth reinterpretation unsure essentially inspired attempt copy beautifully 
lush hollywood angels films early make desire stevens striking live] from a positive 
one. Our goal is to check the hypothesis, if the most similar word-vectors reflect the 
appraisal component, and thus improve the polarity classification results. 

We are testing the hypothesis that word-meaning, and especially personal sense, 
is represented between the words, in the way that words are put together to form a text 
and in the way they occur together with each other. We use a simple co-occurrence 
matrix to represent word-vectors. Then for the word that we examine we obtain a list 
of the most similar word-vectors, with the similarity measure being the cosine 
measure between the two vectors[3]. We assume that the list of the most similar 
word-vectors characterizes the personal sense of the word for the author in the 
particular text.  

4 Corpus 

We used the movie-review corpus introduced in [6]. The corpus contains 1400 
short movie-reviews, 700 of them positive and 700 negative. It is obvious from the 
corpus, that in the case of movie reviews, there are no common features that can be 
rated bad or good for the movie. On the other hand, sometimes the polarity of the 
review is opposite to the values of the features: 'it's the story that needs some major 
work' – ‘major work’ would be indicative of a positive appraisal, but the sentence is 
taken from a negative review, whereas ‘bresson employed nonprofessional actors who 
recite the dialogue in emotionless , flat voices’ is a piece of a positive review.  

We use minimal text preprocessing: we turn all the letters to lowercase, and 
delete stopwords. We use the obtained text collection for the first experiment. In the 
next experiment we used some initial keywords, namely ‘movie’, ‘film’, and both of 
them at a time. For our experiment we required every review file to contain the 
keyword. Moreover, the experiment results appear to be the more reliable, the more 
times the keywords occur in the review files[3]. For the initial experiments we set the 
minimum possible occurrence of keywords to 2. That means we only take into 
account the texts that contain the keyword two times or more. Thus we formed groups 
of files with positive and negative reviews for the keywords ‘movie’, ‘film’ and for 
both – ‘movie’ and ‘film’; in the latter case using the files that contained either 
‘movie’, or ‘film’ twice, or once the ‘movie’ and once the ‘film’.  

We expected the frequency of the keywords to be crucial for our experiments, so 
for comparison we constructed a corpus from the texts that contained the keywords at 
least 4 times only. In terms of frequency this is still a very small number, but it is 
suitable for our current goals, as we are testing the performance of the co-occurrence 
method with short review texts, and with the current corpus this threshold allows 
enough text instances.  



In Table 1 the numbers of files appropriate for our task containing different 
polarity reviews for each of the keywords are presented. 

 
 

Table 1. The numbers of files in the corpus obtained for different trigger-words. 

  movie film movie_film 
occurrence >= 2     

 pos 557 415 671 
 neg 525 439 649 

occurrence >= 4     
 pos 381 198 565 
 neg 353 254 568 

5 Experiments and Results 
We performed classification experiments using 10-fold cross-validation with the 

movie-review corpus. The task was to classify every individual review as negative or 
positive, with the gold standard provided. For the experiments we used a machine 
learning tool, Weka 3.6.13, described in [9]. 

5.1 Unigram-Only Baseline for the Whole Corpus 

We used the list of all the unigrams contained in the review as the baseline 
feature set. The algorithms that we applied were Naïve Bayes(NB) and Linear 
Support Vector Machine(SVM). Using the overall corpus and the two sets of options 
described later in Section 4.2, the initial baseline accuracy results were 77.39% for 
NB and 81.73% for SVM. 

5.2 Experiment with Co-occurrence Features 

For the next stage of experiments we used the groups of files selected for the 
words ‘movie’, ‘film’, and both. We used each of these three as ‘trigger-words’. First, 
for the trigger-word we obtained the lists of co-occurrence vectors with similarity 
higher than 0.20, one word-list for every review-file. At this stage we only used these 
co-occurrence lists. A higher threshold(0.25, 0.30) leaves no vectors similar enough to 
the triggers, for many files in the corpus. A lower threshold(0.15), on the other hand, 
for some test experiments gives exactly the same results as the initial 0.20.  

We conducted two groups of experiments. In the ‘similarity’ experiments, we 
accounted for the information on actual similarity measures for the words in the lists. 
In the ‘presence’ experiments, on the other hand, we assign a formal 1.0 similarity to 
each word in the list, so it is only the presence or absence of a word in the list that 
makes a difference. 

                                                 
3http://www.cs.waikato.ac.nz/ml/weka/ 



To obtain word-vectors, we also experimented with different options. First, we 
used different window-size: 1 or 2 words before and after the trigger-word. The 
second option was to include the words separated from the keywords by punctuation 
marks in the contexts, or to leave out such words. ie., to ignore punctuation(-) or to 
take it into account(+), respectively. 

  

Table 2. Accuracy results for the co-occurrence features. 

 
The numbers in italics are the best results that we got for one constant set of 

options. Thus, the best options for NB were windowsize 1, using punctuation marks, 
and only accounting for the presence of the similar word-vectors in the co-occurrence 
lists. For SVM, on the contrary, the outstanding best options were windowsize 2, no 
punctuation borders, and similarity instead of just presence. For brevity we call them 
(set 1) and (set 2)  respectively in our following experiments. 

We used two types of datasets: the texts containing the trigger-words at least 
twice, and the texts containing them at least 4 times. The table only shows results for 
the first dataset: the second dataset confirms the results obtained for the first one, i.e. 
the results are similar, and the options yielding the best results are the same. 

5.3 Co-occurrence combined with the unigrams features 

In our second experiment we combined the baseline features with the co-
occurrence features. We used the same sets of review-files. We compared the results 
for the combination of features with the results of applying the baseline features only 
to the same sets of files. Table 3 shows the second stage results in comparison. Again, 
the results for the first and the second datasets were similar, so we only present the 
results for the first one here. 

 

 film movie movie film window punctuation Expt type 

NB 55.91 56.24 54.36 2 - similarity 

 51.45 53.46 52.53 2 + similarity 

 51.84 53.24 54.98 2 + presence 

 56.40 57.50 53.86 1 + presence 

 52.51 54.39 50.22 1 + similarity 

       

SVM 59.25 59.45 59.97 2 - similarity 

 52.87  57.87 58.51 2 + similarity 

 52.68 58.23 56.39 2 + presence 

 54.27 56.28 53.66 1 + presence 

 56.31 56.23 53.00 1 + presence 



 
 
 
 

Table 3. Accuracy Results for the combinations of features and for the baseline. 

 NB   SVM   
Experiments film movie movie_ film film movie movie_ film 
options set 1       
unigrams+  
co-occurrence 76.99 78.41 78.40 82.96 83.01 83.10 
unigrams 
baseline 76.94 78.42 78.39 83.00 82.60 83.11 
       
options set 2       
unigrams+  
co-occurrence 60.54 63.72 74.05 83.04 82.75 83.11 
unigrams 
baseline 76.94 78.42 78.39 83.00 82.60 83.11 

It is obvious that for the same set of files the co-occurrence method makes little 
any difference in comparison to the baseline. We expect that the two possible reasons 
for this are: 
• the trigger-words in both cases were too infrequent, so their co-occurrent vectors 

were actually random words and did not really characterize the personal sense of 
the trigger-words, thus the overall review polarity. 

• the set of files containing at least 2 keywords itself yielded better performance 
that the overall corpus, with the overall baseline being 77.39%. This leads us to 
the intuition that the texts containing frequent explicit names of the subjects are 
easier to classify in terms of polarity, at least using the unigrams as features. 

 6 Discussion, future work 

Our experiments show that first of all, for all the features and datasets used, 
Linear SVM consistently outperforms Naïve Bayes, and this confirms some of the 
results in [6]. Moreover, Naïve Bayes and SVM with the co-occurrence features show 
their best performance with totally different text processing options, ie., the best 
performance of NB with the co-occurrence features alone involved punctuation, 
windowsize 1 and word presence, in all of the options SVM ‘prefers’ the ones that 
give more information to the features: no punctuation as limits, larger windowsize and 
real-number word similarity instead of the binary presence. 

Notwithstanding our expectations, the co-occurrence method in all cases changes 
the performance very little. The reasons for this we believe to be as follows. Firstly, 
for each author the personal sense of a good movie and a bad movie is different, so 
the co-occurrence lists for different authors might include different words with no 
overlap between the authors. This means that the personal sense should be first of all 



investigated for every different author individually. Therefore, the next step of the 
personal sense investigation will include polarity classification of the reviews, with 
texts by different authors being separate datasets. 

Secondly, the accuracy for the personal sense features alone was in most cases 
clearly better than the 50% baseline, while it does not significantly improve the 
baseline in combination with the unigrams. The co-occurrence features obviously 
contain some quantity of information about the polarity of the reviews, but the same 
information, and more, is present in the unigram features.  

Furthermore, for every set of options and trigger-words for SVM, and most of 
them for NB, the unigram baselines for the sets of files containing the trigger-words 2 
or 4 times were better than the unigram baseline for the whole corpus. This leads to a 
consideration, which should be confirmed by experiments in future, that the reviews 
containing the explicit names of the products being reviewed are easier to classify, 
using the unigram features, and probably, any other set of features. 

Moreover, according to our hypothesis, the personal sense of words would not 
only reflect the appraisal component, but would also represent the personality and the 
unique experience of the author, making the language use of every person an 
individual idiolect. For this reason we are planning experiments on authorship 
attribution using personal sense. 
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