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Abstract— Document representation is one of the crucial 
components that determine the effectiveness of text 
classification tasks. Traditional document representation 
approaches typically adopt a popular bag-of-word method as 
the underlying document representation. Although it’s a simple 
and efficient method, the major shortcoming of bag-of-word 
representation is in the independent of word feature 
assumption. Many researchers have attempted to address this 
issue by incorporating semantic information into document 
representation. In this paper, we study the effect of semantic 
representation on the effectiveness of text classification 
systems. We employed a novel semantic smoothing technique to 
derive semantic information in a form of mapping probability 
between topic signatures and single-word features. Two 
classifiers, Naïve Bayes and Support Vector Machine, were 
selected to carry out the classification experiments. Overall, 
our topic-signature semantic representation approaches 
significantly outperformed traditional bag-of-word 
representation in most datasets. 

I. INTRODUCTION 
NE of the major criticisms of bag-of-word document 
representation is that it treats each individual word as 

an independent feature, therefore, it ignores any semantic 
relatedness that might exist between words. Given such 
assumption, document representation is likely to contain an 
inaccurate set of features. For example, synonymous words 
such as automobile and car will be considered as two 
different features, each with one occurrence, while 
polysemous words such as bank in financial bank and river 
bank will be treated as the same feature with two 
occurrences. Another related issue of bag-of-word 
representation is data sparseness problem. In many cases, 

words that appear in training documents of a given class 
may not appear in testing collection. 
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In this paper, we propose the method to address the above 
shortcomings by incorporating semantic information into 
document representation. To derive semantic information for 
each word vector, we employ a novel technique called 
context-sensitive semantic smoothing which statistically 
maps topic signatures to single-word features. The 
classification experiments on 4 well-known datasets using 
Naïve Bayes and Support Vector Machine (SVM) classifiers 
demonstrated that our method significantly outperforms a 
bag-of-word approach in most conditions. 

Our main contributions can be summarized as follow. 
First, we proposed the methods to incorporate semantic 
information into document representation using topic-
signature semantic smoothing technique. Our method is 
different from others in that it includes contextual 
information from multiword phrases, thus the mapping 
assignment can be more specific. For example, given the 
task of determining the relatedness between two single 
words bank and boat, it might be difficult to do so because 
the word bank alone has several meanings. Without any 
contextual information, it will be very ambiguous to judge 
their semantic relatedness effectively. However, by giving 
the phrase river bank instead of bank, it is relatively easier to 
relate river bank with boat. Next, we consider two additional 
factors in our evaluation, corpora complexity and data 
sparseness, and we empirically evaluate our method along 
those factors. 

The rest of the paper is organized as followed. In section 
2, we discuss related work on document representation and 
text classification. Next, we present the proposed methods in 
section 3. Section 4 and 5 describes experimental setup and 
results, respectively. Finally, we conclude the outcome of 
our work in section 6. 

II. RELATED WORK 
Document representation is one of the major components 
that determine the performance of text classification. 
Therefore, it has been a major interest within text 
classification research community to develop techniques to 
improve upon traditional bag-of-word representation. These 
techniques can be grouped into two main approaches 
according to how semantic information or concepts are 
obtained. The first approaches rely on statistical mechanism 
to automatically extract conceptual words from the corpus or 
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to group word into clusters. Approaches based on 
Probabilistic Latent Semantic Analysis (pLSA) have been 
proposed by [4] to build concept-based document 
representation. Concepts were extracted from the corpus and 
combined with individual terms to create a term-concept 
representation. Bekkerman et al [1] introduced word-cluster 
representation using Information Bottleneck method.  

Phrase-based representation is a common approach to 
represent a document. Most techniques employed language 
models as the underlying algorithm to extract phrases. For 
example, Peng et al. [12] proposed statistical language 
models to discover n-gram phrases. Shen et al. [14] 
introduced an n-multigram language model to automatically 
extract n-multigram sequences, a frequently-occurring 
pattern, through Expectation-Maximization algorithm. Next, 
syntactic parsing was employed by [10] to extract phrases 
that correspond to a given syntactic relationships. 

The second approaches are based on the use of 
background knowledge as a source of concepts and semantic 
information. These works can be further categorized into 
WordNet-based approaches and domain-ontology based 
approaches. Several strategies for adding and replacing 
terms with WordNet concepts were investigated by [6]. For 
instance, in add concepts strategy, each term vector is 
extended by new entries from WordNet concepts. Replace 
terms by concepts strategy works similar to the first strategy. 
But instead of concatenate a term vector with concepts, it 
removes all the terms from the vector representation if at 
least one corresponding concept exists. Ontological concepts 
from existing domain ontologies such as Medical Subject 
Headings (MeSH) and Unified Medical Language System 
(UMLS) have been employed in several studies [3][19]. In 
addition, Several WordNet-based semantic similarity 
measures have been proposed [18],[9],[13]. These 
techniques have been applied in various domains including 
text classification. 

III. PROPOSED METHOD 

A. Language Model and Text Classification  
Document smoothing is a family of methods used in 

language modeling to assign a reasonable non-zero 
probability to any non-seen terms, indicated by their zero 
probability in document vector. From document 
representation perspective, smoothing helps mitigate data 
sparseness problem as it reduces a number of zero cells. A 
particular approach to document smoothing, called semantic 
smoothing, refers to the methods to which contextual 
information is incorporated into the smoothing model. The 
major advantage of semantic smoothing approach is the 
ability to recognize semantic relatedness between terms. 

 When semantic smoothing is applied to a text document, 
words that have strong semantic relationship with each other 
are identified by a high mapping probability. For example, 
automobile and car have a higher mapping probability than 

automobile and spoon. Several semantic smoothing 
techniques have been successfully applied to information 
retrieval [2][15][21]. It was empirically proved to be 
superior to traditional smoothing methods according to 
retrieval performance.  

In our previous work, Zhou et al. [22] proposed a context-
sensitive semantic smoothing (CSSS) method for language 
modeling information retrieval. CSSS decomposes a 
document into a set of weighted context-sensitive topic 
signatures and then statistically maps topic signatures to 
word features. Topic signatures play a significant role in 
word sense disambiguation as they provide a more specific 
context for the terms in document representation. For 
instance, suppose entertainment and star are topic signatures 
of a given document, the term actor in document vector is 
likely to have more weight than moon since it has more 
probability to occur in this context. In this study, we adopted 
a context-sensitive semantic smoothing method to 
incorporate semantic information into document 
representation. Semantic information was derived from the 
mapping probabilities between topic signatures and word 
features.   

On the surface, our method resembles “concept vector 
only” strategy discussed in [6] However, while concept 
vector approach replaces original word features with 
semantic categories, CSSS keeps the original word features 
and employs semantic mapping probability as term weights 
instead of a simple term frequency. We believe this method 
is less susceptible to noise (unrelated words), which could 
be introduced into the document representation via the 
inclusion of certain semantic features. In subsequent 
sections, we describe in details about our proposed methods. 
First, we introduce the notion of topic signatures used in the 
study. Then, we discuss how topic signatures are used in the 
formulation of semantic information.  

B. Extracting Topic Signatures 
We define topic signatures as the conceptual 

summarization of topics in a given document. Specifically, 
we considered two types of topic signature representation, 
multiword -phrase and single word. The use of word phrases 
has been investigated in information retrieval community for 
several years. For this study, we defined multiword phrase 
as equivalent to a rigid noun phrase. Each phrase consists of 
two or more single adjacent words. The first word should 
begin with a noun or an adjective and the last words should 
ends with a noun. Their distance threshold is four words. 
We considered phrases that occur frequently in a document 
collection as topic signatures. A modified version of Xtract 
[15] was employed to extract multiword phrases from a 
document collection. 

The use of single words as topic signatures was similar to 
a unigram document model smoothing by [2] where single 
words were statistically mapped according to their 
translation probability. Once both types of topic signatures 



 
 

 

were identified, we tried to find a set of single words to 
represent semantic meaning of a topic signature. This way, 
we can smooth a document language model by statistically 
mapping topic signatures to single-word features. In this 
study, we experimented with both multiword phrase and 
single-word topic signatures in order to compare their 
effectiveness on classification performance. 

C. Topic-Signature Mapping for a Set of Documents  
In this section, we present the method to incorporate 

semantic information into document representation. Figure 1 
demonstrates the overall mapping concept. First, each 
document was represented by a vector with single-word 
features (Vw). Before semantic mapping could be conducted, 
we identified a set of topic signatures (Vt) by indexing all 
documents in a collection. Once all topic signatures were 
extracted, the next step was to estimate the probability of 
mapping topic signatures to the single-word features of each 
document. The mathematical models to compute the 
mapping probability were shown in equation (3.1), (3.2), 
and (3.3). The final product was a feature vector having a set 
of indexed terms as the word features. Each cell in a vector 
contained the mapping probability of topic signatures to a 
given word feature. As illustrated above, the topic signatures 
provide the high-level semantic categories to each 
document. The semantic information is then utilized to 
“smooth” the document representation.  

The following formulation describes the estimation of 
mapping probability of topic signatures to word features 
(ps(w|di)). Our approach is based on a mixture model 
consisting two components, a simple language model 
(pb(w|di)) and a translation model (pt(w|di)), as described in 
equation (3.1). Due to space limitation, we advise the 
readers to see [17], [20], [21], and [22] for a more 
comprehensive discussion of related probabilistic models 
used in this paper. 

 
Fig. 1.  Topic signatures mapping for a set of documents. Vt, Vd, and 
Vw are topic signature set, document set, and word set, respectively. 
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Where w is a word feature in a document di. We 

employed the translation coefficient, λ , in equation (3.1) to 
control the influence of the two components in the mixture 
model. It has a real-number value from 0 to 1. If the 
translation coefficient is equal to zero, the mixture model 
becomes a simple language model with background 
smoothing; that is, ps(w|di) = pb(w|di). In contrast, if the 
translation coefficient is equal to 1, the mixture model is a 
translation model; that is ps(w|di) = pt(w|di).  

The first component in the mixture model, a simple 
language model with background smoothing (pb(w|di)), 
defined in (3.1), can be computed by: 
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Where w is a word feature in a document di and D is a 
document collection. The background coefficient α  in (3.2) 
is used to control the influence of the collection model 
p(w|D). It has a real-number value from 0 to 1. pml(w|di) is a 
maximum likelihood estimator.  

Lastly, the translation model pt(w|ci) that statistically 
maps topic signatures of a document to the single-word 
features is described in equation (3.3) below: 
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where tk represents the k-th topic signature while p(tk|di) 

can be derived from maximum likelihood estimation. After 
the mixture model had been trained, we replaced term 
weight value in a corresponding cell with topic signature 
mapping probability. With this approach, a word feature in 
document representation remained the same while semantic 
information was added into each entry in the matrix. 

IV. EXPERIMENTS 
To evaluate the impact of semantic representation on text 

classification performance, we carried out a series of 
classification experiments on 4 benchmark datasets. We 
used Naïve Bayes and SVMLight [7] as the underlying 
classifiers. The same set of experiments was conducted on 
each classifier to compare the representation effectiveness 
on different algorithms. 

A. Datasets 
Four benchmark datasets were selected to carry out the 

experiments. These are 20-newsgroup (20NG), LA Times of 
TREC Disk 5, Reuters, and Topic Detection and Track 
Corpus version 2 (TDT2). 

20NG is collected from 20 Usenet newsgroups. It 
contains 20 classes with a total of 19,997 articles; each class 
comprises about 1,000 articles. LA Times of TREC Disk 5 
contains a sampling of roughly 40% of news articles 
published by the Los Angeles Times between Jan 1, 1989 to 
December 31, 1990. It contains 111,084 articles in 22 
sections (e.g. financial, entertainment, sports, etc.). Articles 
in top 15 sections were selected to be indexed. If a section 



 
 

 

contained more than 2,001 articles, only the first 3,000 were 
selected. Ultimately, the remaining 21,523 articles were 
indexed. Reuters-21578 corpus contains 21,578 articles 
from Reuters newswire in 114 categories. TDT2 consists of 
64,500 news articles from major news agencies published in 
1998. The total of 10,212 articles with unique labels was 
indexed. 

Since multiword phrase extraction, the estimation of 
translation probability, and the estimation of background 
model require a large amount of documents, therefore, we 
indexed the entire document collection. On the other hand, 
only a subset of documents was selected to be classified. 

B. Document Preprocessing 
We extracted individual words from the title and body 

sections of each document while ignoring content from 
metadata section. Stop words were removed according to a 
common stop word list. After that, the remaining words 
were stemmed. Next, we extracted multiword phrases from 
each corpora using Xtract. Then, we calculated the 
probability of translating a topic signature (multiword 
phrases and single-words) to a word feature. We assumed 
that word features with translation probability less than 
0.001 are not semantically related to a given topic signature. 
Consequently, we treated those terms as noise and removed 
them. Then, the translation probabilities of the remaining 
words were renormalized accordingly. We excluded any 
documents containing less than 5 unique single-word 
features after indexing. After the exclusion, 20NG contained 
19,660 articles left for the experiments. 17,913 articles in 10 
sections were selected from LA Times. Reuters had 8,882 
articles left while TDT2 contained 7,094 news articles. 

C. Evaluation Setting 
The main objective of the experiments was to compare the 

classification performance between traditional bag-of-word 
representation and the proposed semantic representations. In 
addition to different representations, we investigated the 
effects of document representation with respect to corpora 
complexity and data sparseness. 

As discussed by [1], the contribution of document 
representation on classification performance is also affected 
by corpora complexity (measured in terms of vocabulary 
space). To evaluate this, we included both high-complexity 
corpus, such as 20NG and LA Times, and low-complexity 
corpus, such as Reuters and TDT2. Next, we evaluated the 
effect of data sparseness based on different training data 
size. With smaller training dataset, the model is likely to 
encounter more unseen terms than larger training dataset; 
hence, more zero cells in document vectors. To achieve this, 
we randomly partitioned training data into a given fraction. 
A large training dataset contains 33% of total documents 
while a small training dataset contains 1% of documents. 
For a given percentage of training data, we obtained the 
average performance from 10 random runs. Each random 
run was controlled by a random seed of 10. All experiments 

were conducted using Dragon Toolkit [23]. 
Based on our parameter tuning, we set background 

coefficient α in equation (3.2) to 0.5. Translation 
coefficient λ  in equation (3.1) was set to 0.4 for datasets 
with high complexity (20NG and LA Times) and 0.1 for 
datasets with low complexity (Reuters and TDT2). 

All baseline experiments used a bag-of-word 
representation with a simple term frequency as a term 
weighting scheme. We chose CHI feature selector with an 
alpha value of 0.02 as a feature selector for baseline Naïve 
Bayes conditions. In baseline SVM cases, we selected 
document frequency selector with minimum frequency of 5 
as a feature selector. Since feature selection has no effect on 
semantic smoothing, we did not use it in other conditions. 
Furthermore, we also experimented with TFIDF as 
additional baseline comparison for SVM classifier. 

D. Evaluation Criteria 
We adopted a standard set of evaluation metrics: precision 

(P), recall (R), and F1-measure [16], in our evaluation of 
text classification performance. Precision is defined as the 
proportion of actual positive class members with respect to 
all positive class members. Recall is defined as the 
proportion of predicted positive class members with respect 
to all actual positive class members. F1 is the harmonic 
mean of precision and recall which is computed by the 
following formula: 

RP
RPF

+
××

=
21  (4) 

 
Furthermore, we evaluated the performance of multi-

category classification using micro-average and macro-
average measures. Micro-average assigns equal weight to 
every document while macro-average assigns equal weight 
to every category disregarding its frequency. If each 
category has the same data distribution, then micro-F1 and 
micro-F1 are basically the same. Statistical significant tests 
were performed on an improvement of F1 scores using a 
paired t-test at the significant level of p<0.01 (99% 
confidence interval). 

V. RESULTS 

A. Naïve Bayes Classifier 
The performance of Naïve Bayes classifier is displayed in 

table 1. Overall, topic-signature semantic representation 
approach significantly outperformed traditional bag-of-word 
representation in most datasets (except LA Times) at the 
significance level of p<0.01. 

In the case where baseline approach already performed 
very well (above 95%), i.e. TDT2 cases, semantic 
representation also outperformed baseline representation, 
e.g. in TDT2 with 33% training data. Nevertheless, there are 
quite a few cases in which baseline still performed better 
than semantic conditions especially on many micro-F1 



 
 

 

results. A possible explanation is that our semantic approach 
estimated mapping probability at a document-level while 
Naïve Bayes classifier performs better with smoothing 
mechanism at a document-class level. 

The results in most cases look promising. The highest 
performance gain in all conditions is Reuters with 1% 
training set in which semantic approach achieved the 
relative improvement of 39.74% (from 0.307 to 0.429) on 
macro-F1. Semantic representation also performed quite 
well on 20NG dataset. For instance, the improvement at 1% 
training data was 19.37% (from 0.382 to 0.456) on micro-F1 
measure and 22.04% (from 0.372 to 0.454) on macro-F1 
measure.  

In addition, we found that semantic representation 
performed relatively well in high-complexity corpora, such 
as 20NG, than in low-complexity corpora, such as TDT2 
according to the magnitude of improvement. In this 
category, multiword-phrase topic signature representation 
performed better than single-word topic signatures. This 
confirms our expectation that contextual information from 
multiword phrases is helpful for mapping assignments.  

In regards to data sparseness factor, we observed that as 
the data became sparser (from 33% training data to 1% 
training data), the performance gain also increased 
significantly, e.g. in 20NG and Reuters’s macro-F1 cases. 
Nonetheless, apart from those datasets, there were cases 
where semantic representation did not significantly affect 

performance in different data sparseness levels. Therefore, it 
is difficult to draw a general conclusion about data 
sparseness factor from the current results. 

B. SVM Classifier 
The performance of SVM classifier is displayed in table 

2. Overall, semantic representation using topic signatures 
approach significantly outperformed traditional bag-of-word 
representation in most datasets at the significance level of 
p<0.01. 

The biggest improvement in SVM is in 20NG with 1% 
training data condition in which semantic approach achieved 
the relative improvement of 6.98% (from 0.473 to 0.506) on 
micro-F1 measure and 6.88% (from 0.465 to 0.497) on 
macro-F1 measure. 

We noticed an interesting issue about improvement gap 
between Naïve Bayes and SVM classifier. Although the 
performance improvement in SVM experiment is 
statistically significant, the magnitude of changes in many 
SVM cases is relatively smaller than those in Naïve Bayes 
cases. Although these results are not what we initially 
expected, they are not entirely incomprehensible. One 
possible explanation for the fact that semantic representation 
in Naïve Bayes worked much better than semantic 
representation in SVM is that document presentation with 
topic signature mapping is based on the probabilistic 
mechanism which is more compatible with Naïve Bayes 

TABLE II 
THE COMPARISON OF DOCUMENT REPRESENTATION TYPES ON SVM 

CLASSIFIER’S PERFORMANCE.  
Micro-F1 

Topic Signature Dataset Training 
Data Size Baseline 

Phrase Word 
33% 0.799 0.809 0.807* 

20NG 
1% 0.473 0.506 0.476* 

33% 0.782 0.785* 0.780 
LA Times 

1% 0.525 0.553 0.530* 

33% 0.942 0.947 0.947 
Reuters 

1% 0.755 0.752 0.750 

33% 0.978 0.981 0.980 
TDT2 

1% 0.888 0.901* 0.900* 

Macro-F1 

Topic Signature Dataset Training 
Data Size Baseline 

Phrase Word 
33% 0.794 0.806 0.802* 

20NG 
1% 0.465 0.497 0.468* 

33% 0.766 0.764* 0.759 
LA Times 

1% 0.492 0.506 0.485* 

33% 0.881 0.881* 0.879* 
Reuters 

1% 0.318 0.292* 0.290* 

33% 0.970 0.974 0.974 
TDT2 

1% 0.764 0.791 0.790* 
The best result for each case is in bold. * denotes the change is not 

statistically significant at p<0.01.  

TABLE I 
THE COMPARISON OF DOCUMENT REPRESENTATION TYPES ON NAIVE 

BAYES CLASSIFIER’S PERFORMANCE.  
Micro-F1 

Topic Signature Dataset Training 
Data Size Baseline 

Phrase Word 
33% 0.757 0.747 0.754 

20NG 
1% 0.382 0.456 0.445 

33% 0.717 0.720 0.722* 
LA Times 

1% 0.528 0.516 0.492 

33% 0.894 0.887 0.886 
Reuters 

1% 0.764 0.744 0.743 

33% 0.965 0.972 0.972 
TDT2 

1% 0.921 0.911 0.909 

Macro-F1 

Topic Signature Dataset Training 
Data Size Baseline 

Phrase Word 
33% 0.751 0.735 0.742 

20NG 
1% 0.372 0.454 0.444 

33% 0.698 0.705* 0.707* 
LA Times 

1% 0.489 0.492* 0.471 

33% 0.775 0.741 0.743 
Reuters 

1% 0.307 0.429 0.427 

33% 0.955 0.965 0.964 
TDT2 

1% 0.847 0.850* 0.846 
The best result for each case is in bold. * denotes the change is not 

statistically significant at p<0.01.  



 
 

 

classifier than with SVM mechanism. 
On the issue of corpora complexity, we observed that 

semantic representation performed relatively better on 
highly complex datasets (e.g. 20NG and LA Times) than 
low complex datasets (Reuters and TDT2). This could be 
explained by the fact that it only took a few single words to 
describe documents in low-complexity corpora. Thus, the 
benefit of using multiword phrase was fairly minimal. On 
the other hand, a large vocabulary space was likely to 
benefit more from the coarser granularity features. 
Furthermore, we noticed that as data sparseness increased, 
the performance gain also increased in most datasets, except 
Reuters. Thus, we concluded that semantic representation is 
generally effective in high data sparseness corpora, with a 
few exceptions. 

TABLE III 
THE COMPARISON OF DOCUMENT REPRESENTATION TYPES ON SVM CLASSIFIER’S PERFORMANCE  

HAVING TFIDF AS BASELINE. 
Micro-F1 

Topic Signature Dataset Training 
Data Size TFIDF 

Baseline Phrase Word Phrase+ 
TFIDF 

Word+ 
TFIDF 

33% 0.833 0.809 0.807 0.839 0.841 
20NG 

1% 0.555 0.506 0.476 0.582 0.586 
33% 0.781 0.785* 0.780* 0.803 0.803 

LA Times 
1% 0.531 0.553* 0.530* 0.572 0.571 

33% 0.947 0.947* 0.947* 0.956 0.956 
Reuters 

1% 0.558 0.752 0.750 0.689 0.688 

33% 0.979 0.981 0.980 0.983 0.983 
TDT2 

1% 0.904 0.901 0.900* 0.896 0.896 

Macro-F1 

Topic Signature Dataset Training 
Data Size TFIDF 

Baseline Phrase Word Phrase+ 
TFIDF 

Word+ 
TFIDF 

33% 0.829 0.806 0.802 0.837 0.839 
20NG 

1% 0.546 0.497 0.468 0.573 0.577 
33% 0.762 0.764* 0.759 0.789 0.789 

LA Times 
1% 0.491 0.506* 0.485 0.529 0.529 

33% 0.901 0.881 0.879 0.915 0.914 
Reuters 

1% 0.228 0.292 0.290 0.237* 0.236* 

33% 0.973 0.974* 0.974* 0.978 0.978 
TDT2 

1% 0.819 0.791 0.790 0.787 0.787 
The best result for each case is in bold. * denotes the change is not statistically significant at p<0.01. 

Lastly, the performance of SVM classifier with TFIDF 
baseline is displayed in table 3. Interestingly, semantic 
representation with topic signatures alone did not 
outperform TFIDF baseline in most conditions. To further 
the issue, we tested another strategy by linearly combining 
TFIDF score with semantic mapping probability. It turned 
out that the “combined” representation did improve the 
classification performance over TFIDF baseline. This result 
suggested that higher performance improvement could be 
achieved with other term weighting strategies. 

VI. CONCLUSIONS 
In this paper, we investigated the effects of semantic 

representation on the performance of text classification. 
Although many approaches to incorporate semantic 
information into text classification have been proposed, the 
effect on classification performance is still subject to the 
testing corpus and the best strategy is still up to debate. 

We proposed a method to enhance document 
representation with semantic information based on a topic 
signature mapping. Semantic information was derived by 
estimating the probability of mapping topic signatures to 
single word-features. Two types of topic signatures were 
introduced: multiword phrase and single-word. We used 
Xtract to automatically obtain multiple word phrases from 
all documents in a given document collection. After all topic 
signatures were identified, we began the estimation of 
semantic mapping between topic signatures and word 
features of each document. 

We conducted the evaluation of our method on 4 datasets 
using two classifiers, Naïve Bayes and Support Vector 
Machine. Overall, topic-signature semantic representation 
approaches significantly outperformed traditional bag-of-
word representation in most datasets at the significance level 
of p<0.01. The performance improvement in Naïve Bayes 
cases was greater than those in SVM. One possible 



 
 

 

explanation for Naïve Bayes-favored improvement is that 
our method is based on the probabilistic mechanism which is 
more compatible with Naïve Bayes classifier. Moreover, we 
believe that Naïve Bayes’ results can be improved further by 
performing topic signature mapping at a class model level 
instead of a document level since it is more compatible with 
Naïve Bayes’ mechanism. 

The evaluation confirms several advantages of multiword 
phrase signatures over single-word signature. First, phrase-
word mapping was more effective than word-word mapping 
because of contextual information available in multiword 
phrases. Efficiency wise, phrase-word mapping took less 
time than word-word mapping since a number of single 
words were relatively greater than a number of multiword 
phrases. Therefore, the calculation complexity in word-word 
mapping case was higher.  

The results from Naïve Bayes and SVM experiments 
confirms that our method worked well across corpora 
complexity levels as shown by high improvement in many 
datasets. Particularly, SVM experiments showed that 
multiword-phrase topic signatures worked better on high 
complexity corpora. However, we did not find a definite 
conclusion about data sparseness factor although it could be 
generally observed that our method worked better in most 
high-sparseness datasets, with a few exceptions. 

In the future, we have an idea to improve Naïve Bayes 
performance by performing topic signature mapping at a 
class level. With this method, we believe the performance 
improvement can be significantly raised because the 
mechanism is more compatible with the Naïve Bayes’ 
mechanism. In addition, we plan to experiment with 
different strategies of combining semantic score with 
baseline term weighting score. Furthermore, we plan to 
conduct additional experiments to compare the effectiveness 
of our method with background knowledge approaches such 
as WordNet-based methods. Lastly, we would like to 
experiment with hybrid approach of combining semantic 
representation from WordNet with topic signature 
representation. 
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