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Abstract—Network analysis methods have been applied in
many areas such as computer science, social science, biology
and physics. In this paper, we apply network analysis methods
to the linguistic domain for classifying subjective documents.
Particularly, we view that subjective documents are related to one
another according to some common subjective words and build a
subjective document network of which nodes are documents and
of which links represent the similarity between two documents.
In addition, we consider that adjectives and adverbs are the
two representatives carrying sentimental polarities among parts-
of-speeches, and perform experiments for three cases, using
adjectives only, adverbs only, and both adjectives and adverbs
together. In conclusion, this paper proposes a new method to the
subjective document classification problem by applying network
analysis methods without requiring linguistic domain knowledge
and suggests the possibility of detecting themes among documents
rather than binary classification.

I. INTRODUCTION

Network analysis methods have been applied in many
research areas such as biology, physics, social science and
computer science. They model some networks as graphs
and analyze mathematically the roles which some nodes or
node groups play, and the relationships between nodes in the
network

Nodes and links can be ‘humans and social relationships’
in social science, ‘molecules and their interactions’ in biology,
or ‘web pages and hyperlinks’ on the web, respectively [1],
[2], [3]. In addition, a lot of researches have been devoted on
finding communities in large scaled networks such as detecting
functionally similar DNAs in biology and identifying families,
friends and colleagues in demography [4], [5].

In this paper, we construct a network with subjective docu-
ments, apply a component analysis method to build a learning
model for positive and negative documents, and classify test
documents by applying some community analysis methods.
Particularly, we assume that adjectives and adverbs carry sen-
timental polarities more than any other parts-of-speeches and
utilize them to measure the similarity between two documents.
The contributions of this paper lie on introducing network
analysis methods to the document classification problem and
proposing a new method which outperforms existing methods
without using complicated linguistic analysis techniques.

The followings are the structure of this paper. In section
2, we will describe about target data, some preprocessing
on it, and how to construct a subjective document network.
In section 3, a component analysis method for building a
learning model will be explained. Moreover, two kinds of com-
munity analysis methods, modularity-based and eigenvector-
based ones, will be compared. In section 4, experimental
results of constructing model networks and classifying test
documents with them for three cases will be shown. Finally,
we will conclude this paper and suggest some future works in
section 5 and 6.

II. BUILDING A SUBJECTIVE DOCUMENT NETWORK

A. Data Collection

1) Target Data: As target data, we use the Bo Pang’s
sentiment scale data set from movie reviews [7]. It consists of
movie reviews of four authors. The total number of reviews
is 5,006 (1,770, 902, 1,307, and 1,027 each). As shown in
Table 1, the target data includes information such as document
IDs of the original movie reviews, movie ratings representing
author’s subjective opinions (0 to 1 scale; 0-strongly negative,
1-strongly positive), and subjective sentences from the movie
reviews.

TABLE I
AN EXAMPLE OF TARGET DATA

Document Review Subjective SentencesID Rating
295119 0.2 this is the last film made by the celebrated

italian neorealist. it was an unbearable dull
and simplistic film: poorly acted and with
a vile and inaccurate depiction of jews and
there was just no emotion drawn from the
story. it was so badly done, that it seemed
like all the figures were wooden...

2) Positive vs. Negative Documents: We strictly divide the
Bo Pang’s sentiment scale data set into two sentimental cat-
egories (positive or negative) based on the subjective ratings.
That is, we consider review documents with greater-than or
equal-to 0.8 rating points as positive ones, and those with less-
than or equal-to 0.3 rating points as negative ones. The remains
with between 0.4 and 0.7 rating points are excluded from the
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target data so that we can find out the substantial features
of sentiment polarities and finally classify test documents as
positive and negative ones.

3) Training Data Set vs. Test Data Set: The 90% of positive
and negative documents are used for training a classification
model, while the rests are used to evaluate the proposed
method (10-fold). Of course, they are randomly selected from
the target data.

B. Pre-processing of Data

1) POS Tagging: As mentioned before, one hypothesis of
this paper is that adjectives and adverbs are two representative
parts of speech for evaluating the subjectivity of a document.
Therefore, we apply GENIA Tagger [8] for part-of-speech
tagging in this paper.

2) Three Test Cases: With extracted adjectives and adverbs,
you can think of three cases like using (1) adjectives only, (2)
adverbs only, and (3) both adjectives and adverbs together. We
tested for each case and the results will be shown in section
4.

3) Feature Extraction: Table II shows the number of doc-
uments where particular adjectives occur more than once.

TABLE II
WORD FREQUENCIES IN POSITIVE AND NEGATIVE DOCUMENTS,

RESPECTIVELY (ADJECTIVE CASE)

From Positive Docs. From Negative Docs.
Word Frequency Word Frequency
many 362 bad 249
other 277 good 243
good 271 few 210
few 268 other 200
such 250 many 180
great 247 much 168
much 238 little 162

. . .
zbigniew 1 x-rated 1
zestful 1 yourself-at 1
zoltan 1 youthful 1
zoo 1 zachary 1

zoran 1 z-grade 1

You may think that high word frequency in a particular
polarity means that the word is tightly related to that polarity,
but that is not true. As shown in Table II, words with
high frequency are likely to show up in both polarities. A
word ‘many’, for example, appears in 362 positive review
documents and also in 180 negative ones. Therefore, we can
conclude that commonly used words in both polarities are not
likely to be used for a particular subject.

Sometimes positive words can be used in negative docu-
ments. For example, a word ‘good’ can be used like ‘it is not
good’ or ‘something is good, but others are not satisfying’ in
negative documents.

In addition, one of the purposes of this study is to show
the better classification performance (at least, similar) even
without linguistic domain knowledge than the existing method-
ologies which are strongly dependent on linguistics. Thus,
we filter out these gray words without considering linguistic

processes (ex. negation of negation, the position of negative
words in a sentence, etc.) in accordance with the following
constraints.

1) Those words which appear in both positive and negative
documents are removed out.

2) Those words which show up at least two documents are
only taken into account.

Table III shows the number of feature words before and
after filtering for the three test cases mentioned above.

TABLE III
FILTERING FEATURE WORDS FOR THREE CASES

Adjective Adverb Both
Pos. Neg. Pos. Neg. Pos. Neg.

Word Count 4,889 3,768 1,041 876 5,805 4,545Before Filtering
Word Count 935 206 1,128After Filtering

After the filtering, we merge the words from positive and
negative documents for generating the three kinds of descrip-
tors as adjective, adverb, and both adjective and adverb in the
next step. Therefore, in the case of ‘Both’ in Table III, the
word count after filtering is 1,128 which is not equal to 935
plus 206. The reason is that there are words used as adjective
and adverb as well.

4) Presence Vector Generation: With remained feature
words, a subjective document is expressed as a presence vector
as shown in Fig. 1. It is a binary vector of which dimension
is the number of feature words after filtering in Table III,
and each coordinate is 1 for the presence of the word in the
document or 0, otherwise.

Fig. 1. Presence vectors and descriptors of movie reviews

Each movie review has three kinds of presence vectors
according to the descriptors. Fig. 1 shows the case of adjective
presence vectors with respect to adjective descriptors, where
W indicates the degree of similarity between the two doc-
uments, D1 and D2. Here, the similarity is obtained by the
inner product of the presence vectors, V1 and V2.

C. Network Construction
In order to build a graph of which nodes are subjective

documents, we need to define the similarity measurement
between two documents, i.e. the link strength. In this paper,
if the inner product of two presence vectors is greater than
0, a link between those documents is made. In other words,
if there are any common words in two documents, they are
thought to be related to each other in some way.
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III. COMMUNITY ANALYSIS FOR DETECTING THE
SUBJECTIVITY OF DOCUMENTS

Another hypothesis of this paper is that commonly used
words in several documents reflect the same sentiment (a
negative or positive opinion). And those common words lead
strongly connected documents which play the core in the
network and construct communities as shown in Fig. 2.

Fig. 2. Two positive and negative document communities

Therefore, we try to find the strongly connected core or
a learning model with the training data set first and then
attach test data set to the network according to the similarity
measurement between two documents. Finally, by applying
a community finding algorithm to the integrated graph, we
classify the test documents into positive or negative ones.

A. Component Analysis
In this section, we will explain how to find the components

of the subjective document network to construct a learning
model. A component of a graph is a sub-graph of which
nodes are all connected, but no outgoing links are there. Since
all the feature words appearing in both positive and negative
documents are eliminated in the filtering step, the positive
document component and the negative document component
will be detected.

Fig. 3.(a) shows the result of component analysis with
the training data set, where a red rectangle represents one
component.

Fig. 3. The result of component analysis; (a) all detected components, (b)
two largest components, positive and negative ones(a learning model)

By component analysis, we can find the maximally con-
nected subgraphs. Of course, two nodes which are connected
each other, but not linked with others, i.e. two documents
which share common words only between them, can be a
component.

As you may expect, among lots of components, two largest
components correspond to the positive document component

and the negative one as shown in Fig. 3.(b). These two
components are a learning model which classifies the test
sentiment document inputs as positive and negative ones.

B. Modularity-based Community Analysis

Now, it is time to classify test documents according to
the learning model. As mentioned earlier, we connect test
documents to the learning model according to the similarity
measurement between two documents. Then, we may obtain
one giant graph, since newly introduced test documents can
link positive and negative components. Finally, by community
analysis methods it is segmented into several groups. In
this paper, we will compare the results of modular-based
community analysis and eigenvector-based one.

In modularity-based community analysis, each node is con-
sidered as one community at first and they are merged until
we have the maximum modularity [4] as shown in Fig. 4.

Fig. 4. Merging communities in modularity-based community analysis

Equation (1) shows the definition of the modularity of
the Min-Max cut. It is the sum of the ratio of the within-
community links (Observed) minus the average ratio of the
within-community links to the overall links (Expected) for
every community. In short, modularity-based community anal-
ysis is a problem to find the point when the modularity
becomes maximized. Here, the expected ratio is the one of a
graph which has the same number of nodes and their degrees
are also the same, but randomly connected.

Q =
1

2m

∑
vw

(
Avw − kvkw

2m

)
δ(cv, cw), (1)

where

Avw =

{
1, if vertices v and w are connected
0, otherwise ,

kv =
∑

w Avw, kw =
∑

v Avw,m = 1
2

∑
vw Avw.

Fig. 5 shows the result of modular-based community anal-
ysis after integrating test data to the learning model.

Fig. 5. The result of modular-based community analysis
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Each red rectangle describes one particular community. As
you see, it is divided into several communities, not two.
Thus, it is not suitable for our purpose, positive/negative
classification. This is the limitation of the modular-based
community analysis, that we cannot control the number of
output communities.

C. Eigenvector-based Community Analysis
In order to avoid getting more than two communities, we

can use eigenvector-based community analysis which calcu-
lates the leading eigenvector of the modularity matrix and
projects each presence vector to it [5].

Fig. 6. depicts the result of the eigenvector-based com-
munity analysis. Unlike modular-based community analysis,
eigenvector-based one can control the number of communities
and thus, we choose it in this paper. In the following section,
we will describe the experimental results for three cases, using
(1) adjective only, (2) adverbs only, and (3) both adjectives and
adverbs together.

Fig. 6. The result of eigenvector-based community analysis

D. Sentiment Document Classification Procedure
Fig. 7 summarizes the process of classifying sentiment

documents as positive and negative ones. From the 1,455 doc-
uments (positive ones: 840, negative ones: 615), we randomly
select 1,302 documents (positive ones: 750, negative ones:
552) as the training data, and 153 documents (positive ones:
90, negative ones: 63) as the test data.

Fig. 7. The conceptual diagram of our sentiment document classification
process

Then, (1) we construct the document network from the
training data, (2) by component analysis we obtain the po-
larity graph which has negative and positive components as a
learning model, (3) by attaching the test data to the learning
model according to the similarity measure, a giant network is
generated, (4) finally, by eigenvector-based community analy-
sis, we achieve two classified document sets as a result which
correspond to negative and positive document communities,
respectively.

IV. EXPERIMENTAL RESULTS

A. Case 1: Using Adjectives Only

First of all, we only take care of adjectives as the polarity
clue among parts-of-speeches. Fig. 8.(a) shows the result of
component analysis with 1,302 training documents ( positive
ones: 750, negative ones: 552). After extracting two main
components like Fig. 8.(b), we attached 153 test documents
(positive ones: 90, negative ones: 63) to the learning model and
performed eigenvector-based community analysis. Fig. 8.(c)
depicts the result of community analysis. The classification
accuracy is 94.336

Fig. 8. Using adjectives only; (a) the result of component analysis of the
training data, (b) two main components (the learning model), (c) the result of
community analysis after introducing the test data

B. Case 2: Using Adverbs Only

Next is the case for adverbs only. Fig. 9.(a) shows the result
of component analysis with the same training data of the pre-
vious case. Unlike Fig. 8.(b), in Fig. 9.(b) the components are
very sparse, and the size difference between two components is
big. Therefore, test documents are prone to be attached to the
larger component, and it is expected to produce a bad result.
Fig. 9.(c) depicts the result of eigenvector-based community
analysis with the same test document of the previous case.
According to the expectation, the classification accuracy is
very low (almost 0%). Therefore, it is not too much to say
that it is impossible to classify the subjectivity of documents
only with adverbs.

Fig. 9. Using adverbs only; (a) the result of component analysis of the
training data, (b) two main components (the learning model), (c) the result of
community analysis after introducing the test data
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C. Case 3: Using Both Adjectives and Adverbs Together

Finally, both adjectives and adverbs are used together as
the clue for subjectivity. Fig. 10.(a) and (b) show the result
of component analysis, while Fig. 10.(c) describes the result
of community analysis. Also at this time, the training and test
data is the same. The classification was made with the highest
accuracy 96.244% among three cases. Thus, it is better to
use both adjectives and adverbs together as the clue for the
subjectivity than adjectives or adverbs only.

Fig. 10. Using both adjective and adverbs together; (a) the result of
component analysis of the training data, (b) two main components (the
learning model), (c) the result of community analysis after introducing the
test data

V. CONCLUSIONS

In this paper, we applied network analysis methods to
the domain of linguistics and introduced a new method of
detecting subjective document communities with commonly
used subjective words.

Experimental results show that the proposed method en-
hances the accuracy rate (96.244%) over that (about 83%)
of existing methods using the Support Vector Machine or
Naı̈ve Bayesian approach to finding positive and negative
communities in subjective documents [6]. This result shows us
the possibility to classify subjective documents without much
knowledge about linguistics.

Particularly, constructing a graph depends on the definition
of the link between two documents. In this paper, we as-
sumed that adjectives and adverbs carry sentimental polarities
more than other parts-of-speeches and defined the similarity
measurement between two documents based on how many
adjectives and adverbs they share together.

After finding positive and negative components by applying
a component analysis method, we introduced the test data to
them with the same similarity measurement definition. Finally,
we applied an eigenvector-based community analysis method
and classified test documents into positive and negative ones.

Experimental results shows that using adverbs only is not
enough to segment subjective documents, but using both
adjectives and adverbs together as subjective elements in the
documents produces better classification accuracies than using
adjectives only. However, if we care about adjectives only, we
can achieve good classification performance, though.

VI. DISCUSSIONS

There can be some improvements in several parts of the
proposed approach in this paper. First of all, when learning a
model, you can apply clique analysis which is known to be
stricter than component analysis.

Secondly, you can define the similarity measurement in
different ways rather than using adjectives and adverbs. Par-
ticularly, in this paper we try to avoid understanding the
linguistic meanings of words, but utilize statistic methods only.
That makes the proposed method simple and powerful, but if
you can calculate similarities based on linguistic meanings
between two documents, you may obtain better results. One
more advantage of avoiding linguistic processes is that it can
reduce maintenance costs for them such as handling grammars,
semantics, and so on.

Finally, you can investigate other community finding meth-
ods instead of eigenvector-based community analysis or apply
multi-class document classification rather than binary one. For
example, you may want to extract documents which have a
particular theme as shown in Fig. 11. Today, bunch of articles
are newly posted day by day and classifying them according
to themes would be a prospective research.

Fig. 11. Opinion Mining by detecting the subjective document communities
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