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Abstract— Text classification has become a critical step in big 
data analytics. For supervised machine learning approaches to 
text classification, availability of sufficient training data with 
classification labels attached to individual text units is essential to 
the performance. Since labeled data are usually scarce, however, 
it is always desirable to devise a semi-supervised method where 
unlabeled data are used in addition to labeled ones. A solution is 
to apply a latent factor model to generate clustered text features 
and use them for text classification. The main thrust of the current 
research is to extend Latent Dirichlet Allocation (LDA) for this 
purpose by considering word weights in sampling and maintaining 
balances of topic distributions. A series of experiments were 
conducted to evaluate the proposed method for classification tasks. 
The result shows that the topic distributions generated by the 
balance weighted topic modeling method add some discriminative 
power to feature generations for classification. 

Keywords— Topic modeling, text classification, text clustering, 
Latent Dirichlet Allocation, feature generation 

 

I.  INTRODUCTION 
As the size of available data increases, the task of 

classification has become more and more important in big data 
analytics. Since the majority of information on the Web is in a 
text format, document classification and clustering have been at 
the center of research in text mining. Unlike structured data that 
are already in the form of tuples and hence represented as vectors, 
text or stream of words need to be converted in a representation 
to which classification or clustering algorithms can be applied.  

In automatic text classification, term weighting, which 
converts documents into vectors of term space, is a crucial step 
in improving classification or clustering efficacy. Joachims 
pointed out that text representation schemes dominate the 
performance of text classification rather than the kernel 
functions of SVM, a prominent classification method [1]. That 
is, choosing an appropriate term weighting scheme is more 
important than choosing and tuning kernel functions of SVM for 

text categorization [2]. The most popular and powerful 
traditional term weighting scheme is a product of Term 
Frequency (TF) and Inverse Document Frequency (IDF) or 
TF∙IDF. This scheme is based on the number of term 
occurrences in a document and the number of document 
occurrences that contain a term. Several variations of the TF∙IDF 
scheme have been proposed. 

In this work, we attempt to exploit the clustering result 
obtained from applying LDA extended by term weighting 
approach to an unlabeled corpus for the purpose of enhancing 
text classification performance. Our approaches are in line with 
recent approaches of text feature generation using LDA-based 
clustering results for text classification, which is essentially 
considered a semi-supervised learning.  

Latent Dirichlet Allocation (LDA), published in 2003, and 
there have been numerous follow-up studies for extensions and 
their applications. LDA is an unsupervised learning algorithm 
that assumes a generative process of writing documents from a 
set of topics and infers them as distributions of words from an 
unlabeled document corpus and topic distributions for individual 
documents. Without any prior knowledge on topics, LDA uses 
sampling techniques for inference. 

However, we note that applying the result of LDA to the task 
of text classification may present an anomaly. While LDA is a 
model that maximizes the likelihood by giving the same weight 
to all the words and hence does not deal with term weighting 
explicitly, term weighting is critical in text classification. In text 
classification, the words or features that represent individual 
classes are far more important than those that are common across 
the classes. Since the discrimination power of words among 
different classes rather than documents is important in 
classification performance, feature selection algorithms using 
measures like information gain have proven to be useful for 
classification. In unsupervised learning like LDA, however, no 
class information is available with which term discrimination 
values can be computed while topic modeling is under way. 
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Therefore, we focus on term weighting schemes for LDA, so that 
we can discriminate common words like “the” from content 
words like “CPU”, for example.  

Our goal is to extract the topic distribution of a document by 
using LDA and utilize them as features for improving the 
performance of text classification. In view of the potential 
anomaly mentioned above, we revise the traditional LDA 
algorithm in such a way that a term weighting scheme becomes 
an important element during the topic modeling process. In other 
words, we propose an improved LDA for semi-supervised 
learning based classification using a method of increasing the 
weight of an important word that is more representative of a 
document. Topic distribution is extracted in accordance with the 
classification purposes by giving a higher weight to a 
representative word of a specific topic from topic distribution 
per word during Gibbs sampling. This makes it possible to 
extract a topic distribution for each document to fit the 
classification problem, which can serve as suitable features for 
classification.  

In sum, our proposed method estimates the weight of each 
word during the iterative process of topic modeling so that the 
result can be better suited for document classification. We focus 
on a process of the feature generation for this purpose, not a new 
classification method cause that LDA is naturally unsupervised 
learning. We use both topic features obtained from LDA and 
bag-of-words (BOW) features from document analysis to 
classify a document. Based on an observation that topic features 
and BOW features are more effective in different training data, 
we propose a new method for feature generation in document 
classification, which combines topic and BOW features with a 
term weighting scheme. The main contribution of this study is 
the development of an appropriate feature generation process 
with LDA for document classification. 

II. RELATED WORKS 

A. Topic Modeling 
Topic modeling is a text modeling method for inferring topic 

distributions of each document or data in a corpus or dataset. For 
classification, documents can be represented with 
distinguishable topic features from topic modeling. We can 
think of a “Topic” as latent semantic in Latent Semantic 
Analysis (LSA) using Singular Value Decomposition (SVD), 
which is a low-rank approximation [4]. Weston et al. proposed 
Probabilistic Latent Semantic Analysis (PLSA), which infers 
LSA via a probabilistic model [5]. PLSA uses the same method 
with LSA in terms of decomposing a corpus w into k latent 
semantic distributions, so both show a similar result. But they 
have very different characteristics in that LSA uses linear 
algebra whereas PLSA is a probabilistic generation model that 
is based on maximum likelihood estimation with documents [6].  

Blei et al. firstly proposed Latent Dirichlet Allocation (LDA) 
[7], which can be efficiently performed by avoiding the problem 
of overfitting in PLSA, which is drawn by extracting individual 
topic distribution for a given document and enhancing inference 
performance for a new document [6][7]. The most noticeable 
difference is the generation process for a new document. LDA 

assumes prior probability distribution as Dirichlet distribution, 
which is a conjugate prior of multinomial distribution.  

Many topic modeling studies have been developed based on 
LDA [8]-[11]. A few recent studies have tried to apply 
supervised LDA by using each document label. Zhu et al. 
proposed the maximum entropy discrimination latent Dirichlet 
allocation (MedLDA) model, which integrates the max-margin 
prediction models (e.g., SVMs) and LDA model [9]. Daniel et 
al. proposed a Partially Labeled topic model developed from 
Labeled LDA, which is one of the supervised topic modeling 
[12]. Di et al. proposed a new Gibbs sampling method restricted 
by specific topic labels [13]. Youwei et al. used LDA by 
separating it into two cases, i.e., labeled and unlabeled [14]. 
Supervised models treat data separately as a training set as well 
as a test set. Since our process is different, we didn’t follow these 
approaches. 

Blei at al. claimed that LDA can be used in making crucial 
features for document classification [7]. One of the most 
difficult problems is dealing with a large number of features 
corresponding to all of the words in documents. But LDA can 
represent each document as an abstracted feature set of real 
numbers that consists of static Dirichlet parameter values. The 
performance of document classification was enhanced with 
LDA features, which allows for an extremely small training data 
of only 0.2% of the case of using words. 

B. Term Weighting LDA 
In contrast to topic modeling that eliminates stop words like 

“the”, some recently proposed methods assign different weight 
to all words [15]-[17]. The previous LDA work with term 
weighting mostly considered TF∙IDF or mutual information in 
information retrieval. Wilson et al. proposed a model using TF 
as term weight or weights m (xi |d) for terms in a document [15]. 
Reisinger et al. proposed Spherical Topic Models using TF∙IDF 
for weighting terms [18], and Madsen et al. proposed a similar 
method [16]. James et al. proposed a weighting method that 
assigns different Dirichlet prior distribution for each term, and 
their method utilizes term similarity by using external 
information about terms like a thesaurus [17]. Similarly, our 
research also takes an approach of using term weighting in LDA, 
but we draw term weights during topic modeling and feed them 
back to the model, which is the main difference from other 
similar studies. We compared our term weighting method with 
TF∙IDF term weighting method for LDA at the experiment. 

C. Term Weighting Scheme 
In text classification task, the text representation scheme, i.e., 

how to convert a raw document into a meaningful feature set, is 
the most crucial element for effectiveness. Lan et al. compared 
the performance among nine traditional schemes including 
binary, tf, log tf, ITF, idf, tf-idf, log tf-idf, tf-idf.prob, and tf-chi 
using large corpora and SVM and concluded that tf-chi and tf are 
best-performing schemes. They also proposed their own term 
weighting scheme, tf-rf, which uses the relevance frequency of 
a term and claimed their new scheme outperformed others [2]. 
Zhang et al. proposed an improved TF∙IDF scheme that uses 
confidence, support, and characteristic words to enhance recall 
and precision of text classification [19]. Similarly, Soucy et al. 
proposed a new term weighting scheme for the purpose of 
overcoming the limitation of TF∙IDF that does not leverage the 
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implicit information embedded in text, and this model is based 
on statistical estimation of the importance of a word for a 
specific classification problem [20]. 

III. PROPOSED METHOD 
This section describes two models: the Weighted Topic 

Model (WTM) in Subsection A and the Balance Weighted Topic 
Model (BWTM), an extension of the former, in Subsection B. In 
Subsection C, we show how BOW and topic features are 
generated and combined together. The proposed approaches are 
compared against the cases of using BOW features alone and 
topic features alone in Section IV. 

In traditional LDA, topic proportions for a document are 
drawn from a Dirichlet distribution. LDA repeatedly choose a 
topic assignment from these proportions, then drawing a word 
from the word proportions for the corresponding topic 
assignment. Here the words are assumed to have the same 
weight. We follow this generative process as in the traditional 
LDA, but the words can have different weights. LDA and our 
proposed models equally use the probability of a topic 
assignment by the topic distribution per document and the word 
proportions for the corresponding topic assignment in the 
inference process. The difference is in that unlike LDA, WTM 
and BWTM models differently uses word weights when the 
probabilities are drawn in the Gibbs sampling process. Word 
weights are inferred from the previous topic model repeatedly.  

A. Weighted Topic Model 
Traditional LDA models give the same weight to all the 

words in the vocabulary 𝑉𝑉 in a corpus, so stop words such as 
“the”, “is”, and “that” can represent the document topic 
distribution in the same way as content words such as “baseball” 
do. In traditional LDA, stop words are assigned to various topics 
since they are influenced by other words in a document. 
However, for document classification that requires 
discriminative document topics, a document can be classified 
incorrectly by a topic containing stop words. Traditional LDA 
usually excludes stop words because they are not representative 
for topic distributions [7]. 

We propose a method that gives a low weight to general 
words instead of removing them based on the predefined set, i.e., 
stop words. Representative words for a topic are identified from 
the topic-word distribution 𝜷𝜷 , which is inferred in topic 
modeling. A topic modeling assigns stop words like “the” to 
every topic evenly while topic-representative words skew to 
different topics. Therefore, our model infers the document topic 
distribution using the word weights, which are calculated by the 
variance of the topic distribution per word. The proposed 
method can calculate the word weights of content words as well 
as those of stop words. Fig. 1 shows a graphical representation 
of the Weighted Topic Model, which adds the word weights with 
the 𝑉𝑉 plate to the traditional model. 

 
Fig. 1. Graphical representation of the Weighted Topic Model. 

For each vocabulary word 𝑣𝑣, we draw out its weight 𝛿𝛿𝑣𝑣 from 
the topic-word distribution 𝜷𝜷 . The term weight 𝛿𝛿𝑣𝑣  is the 
variance computed from the relative weight of topic assignment 
for vocabulary word 𝑣𝑣, as in Eq. (2) below. The denominator 
works as normalization for topic 𝑘𝑘, thereby preventing a bias to 
some word that is assigned to a priority topic. We compute the 
term weight for vocabulary word 𝑣𝑣  by a variance from all 𝑘𝑘 
distributions for that vocabulary word 𝑣𝑣. Given a text corpus 𝑾𝑾 
and Dirichlet parameters 𝛼𝛼 and 𝜂𝜂, the generative process works 
as follows: 

1. For each topic 𝑘𝑘, 

• Draw 𝜷𝜷𝑘𝑘~ Dir𝑉𝑉(𝜂𝜂) 
2. For each vocabulary word 𝑣𝑣, 

• Draw 𝛿𝛿𝑣𝑣 = 𝑽𝑽𝑽𝑽𝑽𝑽 (
𝜷𝜷𝑘𝑘,𝑣𝑣

∑ 𝜷𝜷𝑘𝑘,𝑣𝑣′
𝑽𝑽
𝑣𝑣′=𝟏𝟏

)

3. For each document 𝑑𝑑, 

(a)   Draw 𝜽𝜽𝑑𝑑 ~ Dir(𝛼𝛼)  
(b)   For each word W𝑑𝑑,𝑛𝑛, 

i. Draw Z𝑑𝑑,𝑛𝑛~ Mult(𝜽𝜽𝑑𝑑) ∙ 𝛿𝛿𝑣𝑣 ,  Z𝑑𝑑,𝑛𝑛 ∈ {1, … , 𝐾𝐾} 
ii. Draw W𝑑𝑑,𝑛𝑛~ Mult(𝜷𝜷Z𝑑𝑑,𝑛𝑛) ∙ 𝛿𝛿𝑣𝑣 ,W𝑑𝑑,𝑛𝑛 ∈ {1, … , 𝑉𝑉}  

For this process, we have to maximize the likelihood 
computation as in Eq. (4) below. Each word weight 𝛿𝛿𝑣𝑣 should 
be larger than that in earlier iterations while simultaneously 
maximizing the Dirichlet probability distribution 𝜷𝜷𝑘𝑘.  

𝑝𝑝(𝐖𝐖𝑑𝑑, 𝒛𝒛𝑑𝑑, 𝜽𝜽𝑑𝑑, 𝜷𝜷1:𝐾𝐾, 𝛿𝛿𝑣𝑣| 𝛼𝛼, 𝜂𝜂)  =                                         

∏

{
  
 

  
 (∏𝑝𝑝(W𝑑𝑑,𝑛𝑛|𝜷𝜷Z𝑑𝑑,𝑛𝑛, 𝛿𝛿𝑣𝑣) ∙ 𝑝𝑝(𝛿𝛿𝑣𝑣|𝜷𝜷1:𝐾𝐾)

𝑉𝑉

𝑣𝑣=1
)

∙ (∏𝑝𝑝(Z𝑑𝑑,𝑛𝑛|𝜽𝜽𝑑𝑑, 𝛿𝛿𝑣𝑣) ∙ 𝑝𝑝(𝛿𝛿𝑣𝑣|𝜷𝜷1:𝐾𝐾)
𝑉𝑉

𝑣𝑣=1
)

∙ 𝑝𝑝(𝜷𝜷1:𝐾𝐾|𝜂𝜂) ∙ 𝑝𝑝(𝜽𝜽𝑑𝑑|𝛼𝛼) }
  
 

  
 

𝑁𝑁𝑑𝑑

𝑛𝑛=1
 

 

Equation (5) below shows the probability that topic 𝑍𝑍 of 𝑛𝑛th 
word in document 𝑑𝑑 is assigned to 𝑘𝑘 during the Collapsed Gibbs 
Sampling derived from the joint probability distribution. 

𝛼𝛼 𝜽𝜽𝑑𝑑 𝑍𝑍𝑑𝑑,𝑛𝑛 𝑊𝑊𝑑𝑑,𝑛𝑛 
𝑁𝑁 

𝜷𝜷𝑘𝑘 

𝐾𝐾 
𝐷𝐷 

𝜂𝜂 

𝛿𝛿𝑣𝑣 

𝑉𝑉 

(1) 

(2) 

(3) 

(4) 
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𝑝𝑝(Z𝑛𝑛 = 𝑘𝑘|𝑊𝑊𝑛𝑛 = 𝑣𝑣, 𝐙𝐙¬𝑛𝑛, 𝐖𝐖¬𝑛𝑛, 𝛼𝛼, 𝜂𝜂)  

∝  
𝑤𝑤𝑐𝑐𝑘𝑘,¬𝑛𝑛

(𝑣𝑣) + 𝜂𝜂
∑ 𝑤𝑤𝑐𝑐𝑘𝑘,¬𝑛𝑛

(𝑣𝑣′) + 𝜂𝜂𝑉𝑉
𝑣𝑣′=1

∙
𝑤𝑤𝑐𝑐𝑑𝑑,¬𝑛𝑛

(𝑘𝑘) + 𝛼𝛼𝑘𝑘

∑ 𝑤𝑤𝑐𝑐𝑑𝑑,¬𝑛𝑛
(𝑘𝑘′) + 𝛼𝛼𝑘𝑘′𝐾𝐾

𝑘𝑘′=1
 

Here, 𝑤𝑤𝑐𝑐𝑑𝑑,¬𝑛𝑛
(𝑘𝑘)  denotes the summation of word weight that are 

assigned to another topic 𝑘𝑘 except topic Z𝑛𝑛, and Z𝑛𝑛 is the topic 
that the model tries to sample in the current document 𝑑𝑑. Also, 
𝑤𝑤𝑐𝑐𝑘𝑘,¬𝑛𝑛

(𝑣𝑣)  denotes the summation of word weight except for the 
word itself. In implementation, we normalized each word weight 
by #𝐴𝐴𝐴𝐴𝐴𝐴 𝑤𝑤𝑤𝑤𝑤𝑤𝑑𝑑 𝑐𝑐𝑤𝑤𝑐𝑐𝑛𝑛𝑐𝑐 𝑖𝑖𝑛𝑛 𝑐𝑐𝑤𝑤𝑤𝑤𝑐𝑐𝑐𝑐𝑐𝑐

#𝐴𝐴𝐴𝐴𝐴𝐴 𝑤𝑤𝑤𝑤𝑤𝑤𝑑𝑑𝑐𝑐 ×  𝑤𝑤𝑤𝑤𝑖𝑖𝑤𝑤ℎ𝑐𝑐 𝑓𝑓𝑤𝑤𝑤𝑤  𝑤𝑤𝑒𝑒𝑐𝑐ℎ 𝑤𝑤𝑤𝑤𝑤𝑤𝑑𝑑  since the denominator of the 
left side of Eq. (5) is not the same as the word count of all 
documents. The denominator of the right side of Eq. (5) does not 
need to be normalized because that word is the same for all kinds 
of topics. 

 Equations (6) and (7) show the derivation of document-topic 
distribution 𝜃𝜃 and topic-word distribution 𝛽𝛽 from Z.  

𝛽𝛽𝑘𝑘,𝑣𝑣 =  𝑤𝑤𝑐𝑐𝑘𝑘
(𝑣𝑣) + 𝜂𝜂

∑ 𝑤𝑤𝑐𝑐𝑘𝑘
(𝑣𝑣′) + 𝜂𝜂𝑉𝑉

𝑣𝑣′=1
 

 𝜃𝜃𝑑𝑑,𝑘𝑘 =  𝑤𝑤𝑐𝑐𝑑𝑑
(𝑘𝑘) + 𝛼𝛼𝑘𝑘

∑ 𝑤𝑤𝑐𝑐𝑑𝑑
(𝑘𝑘′) + 𝛼𝛼𝑘𝑘′𝐾𝐾

𝑘𝑘′=1
 

B. Balance Weighted Topic Model 
WTM is a method of using word weights, which reduces the 

weight of general words that appear in many documents. But as 
the iteration continues, the Dirichlet parameter influences the 
weighting process to result in an unbalanced topic distribution. 
While general words are assigned to a variety of topics in 
traditional LDA, they tend to be assigned to a few specific topics. 
The reason is because the topic distribution of a general word 
has to have a high variance in order to maximize its likelihood. 
It tends to result in a topic consisting of high proportions of the 
general words when this process is repeated. Consequently, the 
topic consisting of high proportions of the general words tends 
to become a significant portion of every document even if that 
topic is not important. In other words, this topic is not a useful 
feature but plays an important role in each document. We need 
to prevent such topics to be generated to represent each 
document. The proposed Balance Weighted Topic Model 
(BWTM) prevents topic assignments from being skewed to a 
specific meaningless topic. Fig. 2 shows a graphical 
representation of BWTM. 

This model alleviates the phenomenon in which the word 
assignment is gathered to a specific topic by considering the 
word weights. By this model, the normal words diffused to 
various topics and the words that have a high weight are joined 
to a specific topic; hence, the probability of assigning document 
distribution into several topics can be generated evenly. 

 
Fig. 2. Graphical representation of Balance Weighted Topic Model. 

The parameter 𝜆𝜆  for balancing is the inverse of the number 
of the words assigned to each topic, and 𝜆𝜆  alleviates the 
phenomenon in which words are gathered into one topic in a 
topic assignment. 

𝜆𝜆𝑘𝑘 =  ∑ 𝑁𝑁𝑑𝑑
𝐷𝐷
𝑑𝑑=1

∑ 𝜷𝜷𝑣𝑣,𝑘𝑘
𝑉𝑉
𝑣𝑣=1

⁄  

 A balancing parameter  𝜆𝜆𝑘𝑘  value is lower if the number of 
word assigned to topic 𝑘𝑘 is larger, so that the probability of the 
token that assigns topic 𝑘𝑘 would be smaller in Gibbs sampling 
process. Consequently 𝜆𝜆𝑘𝑘 prevents too many word assignments 
to a specific topic. Equation (9) shows the Gibbs sampling with 
balancing parameter λ𝑘𝑘.  

𝑝𝑝(Z𝑛𝑛 = 𝑘𝑘|𝑊𝑊𝑛𝑛 = 𝑣𝑣, 𝐙𝐙¬𝑛𝑛, 𝐖𝐖¬𝑛𝑛, 𝛼𝛼, 𝜂𝜂)                                           

 ∝  
𝑤𝑤𝑐𝑐𝑘𝑘,¬𝑛𝑛

(𝑣𝑣) + 𝜂𝜂
∑ 𝑤𝑤𝑐𝑐𝑘𝑘,¬𝑛𝑛

(𝑣𝑣′) + 𝜂𝜂𝑉𝑉
𝑣𝑣′=1

(𝑤𝑤𝑐𝑐𝑑𝑑,¬𝑛𝑛
(𝑘𝑘) ∙ λ𝑘𝑘 + 𝛼𝛼𝑘𝑘) 

WTM and BWTM use word weights extracted from the 
models themselves, respectively. An inverse document 
frequency (IDF) term weighting scheme is more general in text 
classification, and the IDF term weight can be used for WTM or 
BWTM. So we also try to generate WTM and BWTM with IDF 
term weighting, which is done in Eq. (10). This model is 
compared with our method.  

IDF(𝑣𝑣) =                       

𝑙𝑙𝑙𝑙𝑙𝑙 ( 𝐷𝐷
#𝑑𝑑𝑙𝑙𝑐𝑐𝑑𝑑𝑑𝑑𝑑𝑑𝑛𝑛𝑑𝑑 𝑐𝑐𝑙𝑙𝑛𝑛𝑑𝑑𝑐𝑐𝑐𝑐𝑛𝑛 𝑣𝑣𝑙𝑙𝑐𝑐𝑐𝑐𝑣𝑣𝑑𝑑𝑙𝑙𝑐𝑐𝑣𝑣𝑣𝑣 𝑣𝑣 ) ∙ 𝑙𝑙𝑙𝑙𝑙𝑙(𝐷𝐷) , 

where 𝐷𝐷 is the number of all instances.  

C. Combination of Two Feature Types for Classification 
Topic features are generated for classification by the topic 

modeling process. A topic distribution per document 𝜽𝜽𝑑𝑑 could 
be used for text features, and Blei, who developed LDA, showed 
in his research that 𝜽𝜽𝑑𝑑 is a well-defined low rank feature for text 
classification [6],[7].  

BOW (“bag of words”) features are generally generated by 
TF, and IDF is also used in some cases. We made BOW features 
based on Eq. (11).  

𝑓𝑓𝑣𝑣 = 𝑇𝑇𝑇𝑇 (𝑣𝑣)  ×  IDF(𝑣𝑣) 

𝛼𝛼 𝜽𝜽𝑑𝑑 𝑍𝑍𝑑𝑑,𝑛𝑛 𝑊𝑊𝑑𝑑,𝑛𝑛 

    
𝑁𝑁

𝜷𝜷𝑘𝑘 

𝐾𝐾 
𝑁𝑁 

𝜂𝜂 

𝛿𝛿𝑣𝑣 

𝑉𝑉 

𝜆𝜆𝑘𝑘 

(5) 

(6) 

(7) 

(11) 

(8) 

(10) 

𝐷𝐷 

(9) 
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 Since BOW features and topic features have complementary 
characteristics, we unified these two types of features together 
as in Eq. (12).  

𝑓𝑓𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 =  𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 𝑗𝑗𝑜𝑜 𝑤𝑤𝑗𝑗𝑤𝑤𝑤𝑤𝑤𝑤                                              

∪  𝑓𝑓𝑗𝑗𝑗𝑗𝑡𝑡𝑗𝑗𝑡𝑡 ∙ (1 + ℎ
#𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑑𝑑𝑡𝑡𝑡𝑡𝑡𝑡) 

As shown in the previous research [7], topic features have higher 
accuracy even with a smaller proportion of the data for training. 
Therefore, we scale up the topic feature value using the inverse 
training data count as in (12) where ℎ stands for the scale factor. 
We ran experiments using two different data sets, 20 
Newsgroups and Trip Advisor web site review text, with 
different amounts of training data. All the results consistently 
show that the topic features gave higher accuracy when a smaller 
proportion of training data was used whereas using BOW 
features gave a more accurate result when we increased the 
training data. Regardless of the number of classes, BOW 
features outperformed topic features when the number of 
training data is more than 1,000 documents in the experiments. 
The ℎ parameter in Eq. (12) was set to 1,000 heuristically. 

An advantage of this mixture of two types of features is that we 
can modulate their relative importance, depending on the 
availability of training data. We increase the relative importance 
of topic features when the training data is relatively small 
whereas the relative weight of BOW features is increased when 
a sufficient amount of training data is available.  

IV. EXPERIMENTS 
We examined the characteristics and usability of the 

proposed models through experiments. Since SVM is one of the 
best performing algorithms for document classification, we used 
SVMmulticlass, which is an extension of SVMlight, both of which 
are provided by Joachims [1]. We implemented WTM and 
BWTM based on Mallet toolkit [21]. 

The following abbreviations are used in explaining the 
experimental results below.  

 WTM: Weighted Topic Model 
 BWTM: Balance Weighted Topic Model 
 WTM-IDF: Weighted Topic Model based on the IDF 

term weighting scheme 
 BWTM-IDF: Balance Weighted Topic Model based on 

the IDF term weighting scheme 
 LDA: Latent Dirichlet Allocation 
 BOW: Bag of Words features 
 TF: Term frequency 
 IDF: Inverse document frequency 

 IDF + BWTM: Mixture of BOW features based on TF-
IDF and BWTM topic features 

A. Dataset 
We used 20 Newsgroups, which is widely used in the 

machine learning field. The 20 Newsgroups dataset consists of 
18,846 documents, and the documents are divided into 20 

categories. The average number of documents per category is 
942, and the standard deviation is 9, indicating that this dataset 
has a relatively even document distribution across the categories. 
In our experiments, we used category information per document 
as a class labels. 

We experimented with various ratios of training and test data 
sets from 0.1% to 90%. For a detailed analysis of the cases where 
only a small portion of the dataset is used for training, we ran 
experiments with an increment of 0.1% from 0.1% to 0.5% of 
the training dataset. A middle proportion of the training set from 
1% to 5% was divided with 1% intervals.  The other areas were 
divided with 5% ~ 10% intervals. We considered various 
training data sizes whose proportions are close to 0% because 
topic features are more influential in a small training set. Since 
class-labeled data is scarce, we investigated the ability to 
minimize the need for a training data set.   

We randomly re-sorted the dataset three times to run three 
experiments with different datasets. All the results based on 
these three datasets were averaged. 

B. Experimental Procedure 
The experiment was conducted in the following order. 

1) Divide the 20 Newsgroup dataset into a training data 
group and a test data group according to the training 
ratio. 

2) Extract the document topic distributions from topic 
modeling, without the predefined labels, using 
Traditional LDA, WTM, BWTM, WTM-IDF, and 
BWTM-IDF 

3) Generate TF and TF∙IDF BOW features for training 
and test datasets.  

4) Generate topic features for both of the training and 
test datasets based on the topic models employed in 
step2. 

5) Combine BOW type features and topic features. 
6) Classify all kind of features made in steps 3-5. 

 
Set the number of topics 𝐾𝐾 = 50  and Dirichlet 

parameters 𝛼𝛼 = 1 and  𝜂𝜂 = 0.01, which are commonly used in 
traditional LDA [6],[7]. We combined BOW and topic features 
by ℎ = 1,000 and evaluated classification results in accuracy. 
All features are used in a vector representation for SVM in 
classification. This procedure focused on the performance of 
which term weighting schema and method are efficient for text 
feature generation.  

C. Results 
 Fig. 3 shows a sample of topic features for WTM and 
BWTM, which were extracted from 16 documents in the 20 
Newsgroups dataset. The numbers represent the document IDs. 
The documents 1 through 4 are labeled as a “comp.graphics” a 
category name for computer graphics. Likewise, the documents 
5 through 8, 9 through 12, and 13 through 16 are labeled as a 
“comp.os.ms-windows.misc” (ms-windows operating systems), 
“rec.sport.baseball” (baseball), and “soc.religion.christian” 
(Christian religion), respectively. Note that the documents 1~4 
and the 5~8 covers the topics close to each other. 
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Fig. 3. Topic features for 16 sample documents in the 20 Newsgroups dataset. Graph (a) was extracted by the Weighted Topic Model. Graph (b) was extracted by 
the Balance Weighted Topic Model. 
 (Category for document : 1~4 = comp.graphics 5~8 = comp.os.ms-windows.misc  9~12 = rec.sport.baseball 13~16 = soc.religion.christian)

The bar graph for each document shows the proportion of 
individual topics. As explained in Section 3.B. and thus expected, 
the 6th topic “the.to.of.a.and” that contains stop words has the 
highest value across all the documents. This result shows the 
phenomenon that general words tend to gather together in a topic, 
which presents a problem of using the topic distributions for 
classification purposes. With BWTM, on the other hand, the 
topic consisting mostly of general words disappeared. The effect 
of balancing the weights is also reflected in the more balanced 
proportions of the topics with a few outstanding topics 
representing the categories. 

Table 1 gives some statistics about the topic distributions 
with LDA, WTM, and BWTM, which also reflects the nature of 
the three different approaches. If the standard deviation is high, 
that means the topic distribution is skewed. The maximum topic 

is the one that takes the most tokens, and the minimum topic is 
the one that takes the least tokens in a corpus. Since WTM is a 
skewed model, many words are assigned to a small set of topics. 
However, BWTM has a balanced topic distribution resulting in 
topic features with an impartial discriminative power. 

TABLE I.  PER TOPIC WORD COUNT DISTRIBUTIONS 

Type Traditional 
LDA WTM BWTM 

Standard 
deviation 31,673 92,706 15,679 

Max topic 
word count 181,601 602,362 151,198 

Min topic 
word count 56,248 35,089 84,301 

(a) WTM topic features (b) BWTM topic features 
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Fig. 4. Classification results with different feature generation methods for the 20 Newsgroup dataset.  

D. Evaluation 
We introduced a term weighting scheme that uses a variance 

of the topic distributions and inverse document frequency, IDF. 
We also proposed the balancing method in the weighted topic 
modeling process. Using these, we created four types of topic 
features. WTM and BWTM topic features are created by our 
proposed methods. WTM-IDF topic features are created by IDF 
term weighting scheme. BWTM-IDF topic features are created 
in a similar way but using the proposed balancing method.  

First, we compared these topic features with those generated 
from the traditional LDA topic features. The result is shown in 
Fig. 4 (a) where the X-axis show the amount of training data 
used. BWTM topic features show the best performance where 
the average accuracy with BWTM features approach to 73% at 
the 60% data used for training. Traditional LDA topic features 
show the lowest accuracy with 67% accuracy with the same 
amount of the training data. On average, BWTM is 4.11% higher 
than the traditional LDA with the standard deviation of 2.31%. 
The weighted methods turn out to be more effective in creating 
discriminative topic distributions for documents than the 
traditional LDA. Note that using our own method was better than 
using IDF term-weighting scheme. 

An interesting result in using topic distributions features in 
the task is the learning curve. The performances with all the 
cases reached to the plateau quickly at the 3%~5% of the training 

data ratio, depending on the cases. Since the 3% of all documents 
are 565 documents, using only 28 training documents per class 
was sufficient to obtain a performance closed to the maximum. 
In other words, we managed to obtain more than 70% average 
accuracy using only 28 training document per category.  

 Fig 4 (b) shows the average accuracy compared with BOW 
features, BWTM topic features, and their mixture. With a very 
small portion of training data (up to 3%), BWTM outperformed 
the BOW approach. For the interval between 0.1% and 3%, 
using topic features gave 15.46% (standard deviation ±7.55%) 
higher accuracy on average than using BOW features. With 
increasing proportions of training data, BOW’s performance 
increased continuously as the additional training data gave ever 
increasing numbers of instances, i.e. higher reliability of word 
statistics. Note, however, that using BOW requires a significant 
amount of computing time with 115,065 dimensions as opposed 
to 50 in the case of BWTM, namely over 1,000 times more time 
for the SVM inference. 

It turns out that Mixture of BOW and BWTM (IDF+BWTM) 
using Eq. (12) gave the best overall performance when a 
reasonably small proportion of data is used for training (up to 
20%). It is interesting to observe that adding the topic 
distributions features to the IDF-based BOW features had a 
negative impact on the performance when more than 20% of the 
data is used for training.  We conjecture that since topic features 
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are an abstraction of the word distributions in the corpus, which 
results from the statistical inference, using the abstracted 
features would be no better than using the raw data of a large 
quantity that can reflect the reality more closely. 

V. CONCLUSION 
Our main research goal was to enhance performance of 

document classification using a semi-supervised learning 
approach over the method of using the traditional topic modeling 
method or word features as in traditional classification methods. 
We used LDA as a generative model that can represent 
document content with a topic distribution, which can be used as 
features for classification. We initially proposed the Weighted 
Topic Model (WTM), which uses unique weights for words in 
each document as in traditional classification. Since some topics 
for general words tend to be assigned to documents 
disproportionately, we proposed the Balance Weighted Topic 
Model (BWTM).  

Through the experiments, we observed that topic modeling 
has a significant effect on document classification with semi-
supervised learning. In particular, the topic features are effective 
in discriminating documents even with an extremely small 
amount of training data especially when BWTM was used. This 
result would be useful in a situation where it is difficult to obtain 
a large amount of training data or when document topics vary as 
time goes by, requiring new training data constantly. Topic 
features generated in an unsupervised manner would be of great 
value in such cases because no additional training would be 
required. Furthermore using topic features is orders of 
magnitude faster than word features in classification because the 
dimension is much lower. 

For future research along this research topic, we should 
consider the number of labels and the characteristics of the 
corpus that we classify while we combine features, thereby 
showing a more appropriate feature generation process using 
both topic modeling result and bag of words. Another important 
extension to the current work is to devise a method for 
controlling the balance between the relative weights between 
word features and topic features. For this, a promising avenue to 
explore is to apply a boosting algorithm. Also, unsupervised 
topic models with existing classifiers could be compared with 
supervised topic models. 
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