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Abstract 

Text summarization and classification are core techniques to analyze a huge amount of text data in the big 

data environment. Moreover, as the need to read texts on smart phones, tablets and television as well as 

personal computers continues to grow, text summarization and classification techniques become more 

important and both of them do essential processes for text analysis in many applications.  

Traditional text summarization and classification techniques have individually been considered as different 

research fields in this literature. However, we find out that they can help each other as text summarization 

makes use of category information from text classification and text classification does summary information 

from text summarization. Therefore, we propose an effective integrated learning framework using both of 

summary and category information in this paper. In this framework, the feature-weighting method for text 

summarization utilizes a language model to combine feature distributions in each category and text, and one 

for text classification does the sentence importance scores estimated from the text summarization.  

In the experiments, the performances of the integrated framework are better than ones of individual text 

summarization and classification. In addition, the framework has some advantages of easy implementation 

and language independence because it is based on only simple statistical approaches and POS tagger. 
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1. Introduction 

Big data [White, 2012] is the term for a collection of data sets so large and complex that it becomes difficult 

to be processed by using on-hand database management tools or traditional data processing applications. The 

challenges for big data analysis are various such as capture, curation, storage, search, sharing, transfer, 

analysis, visualization, etc. In this environment, since the number of online texts has significantly increased, 

text summarization and classification techniques provide us efficient tools to easily recognize the content of a 

text without the waste of time. Text summarization is the task to reduce the length of a text in order to create 

a summary that retains the most important contents of the original text [Mani, 2001] and text classification is 

one to assign a text to one or more categories [Lewis et al., 1996]. Whereas these tasks have the same purpose 

to facilitate efficient management of information and reduction of handwork, they traditionally have been 

studied as different research fields. 

In particular, as the need to read texts on a smart phone and a smart tablet continues to grow, the utilization 

of text summarization and classification is required more importantly [Radev et al., 2000]. Many web 

services such as news portals, blogs, question & answer sites, etc. provide many useful functions using 

summary and category information; predefined categories are commonly defined in these web services. Both 

of the summary and category information give effective ways for users to easily search information relevant 

to their information need and help them complete their task on mobile devices. Therefore, if a technique can 

be developed to improve both of text summarization and the classification by mutual cooperation, it will be a 

really effective technique to these web services, especially, the mobile based services. 

In this paper, we propose an integrated framework with four techniques to effectively combine text 

summarization and classification: (1) a statistical-extractive summarization technique using pseudo relevance 

feedback, (2) an enhanced text summarization technique with category information, (3) an enhanced text 

classification technique with summary information and (4) a boosting technique for text summarization and 

classification on the integrated framework. 

First of all, the statistical-extractive summarization technique can be augmented by a pseudo-relevance 

feedback [Salton, 1989] with a Binary Independence Model (BIM). The BIM and its accompanying query 

term weighting methods were developed for probabilistic text retrieval techniques [Yu & Salton, 1976 and 
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Robertson & Sparck Jones, 1976]. The significant sentence extraction task for text summarization first 

divides a text into relevant and irrelevant sentences using title or the first sentence and then constructs a 

summary by BIM estimated from the relevant and irrelevant sentences. To enhance this summarization 

technique, we focus on the data sparseness problem observed in most of traditional statistical-extractive 

summarization approaches. In general, such approaches have used probabilistic information estimated in a 

text and its sentences. Unfortunately, most sentences have small number of features (words) and it is the main 

cause of data sparseness. A category-based language model is applied to estimate the importance of features 

to overcome the data sparseness. This is a feature probability estimation model from a category and a 

collection as well as a sentence and a text [Liu & Croft, 2004]. For text classification, we attempt to improve 

the feature weighting method by reflecting sentence importance estimated from summarization to feature 

weighting. The feature weighting methods in traditional text classification have not considered the 

importance of each sentence and they always generate a same weight irrespective of the sentence in which 

the features appear. However, a sentence in a text has its own importance and the importance influences the 

importance of features that are included in the sentence [Ko et al., 2004]. Thus, the text classification 

technique reflects the sentence importance from text summarization to the feature weight scheme. 

Consequently, an integrated framework was developed to mutually boost both summarization and 

classification and it will be effective because text summarization and classification have a reciprocal 

relationship.  

 

Figure1 illustrates an example to explain whole processes of the proposed framework to integrate text 

summarization and categorization. The left side of Figure 1 is an example of the results from the proposed 

framework and the right side is one from the general text summarization and categorization. The input text of 

the example can be confused between two categories, ‘Sports’ and ‘IT/Science,’ to be predicted because its 

keywords include ‘tournament’, ‘beat,’ ‘computer,’ and ‘Go.’ Since text classification uses more information 

from summary in the integrated frame, it drives the predicted category of the classification task to correct if 

summarization works well. In the case of this example, its predicted category is changed into the correct label, 

‘IT/Science,’ in the second iteration. 
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Figure 1. Example of the integrated framework of summarization and classification 

 

In our experiments, the proposed framework achieved 0.614 (+4.7%p) and 0.664 (+5.2%p) of F1-measure 

in the summarization task on the KORDIC and AbleNews data sets, respectively, and 0.879 (+1.7%p), 0.784 

(+2.4%p), and 0.890 (+3.8%p) of F1-measure in the classification task on the Newsgroups, KORDIC and 

AbleNews data sets, respectively (%p; percentage point: the arithmetic difference of F1-measure with 

baseline). The scores in parentheses denote the extent of improvement when the performances of the 

proposed method are compared to those of the baselines. 

The remainder of this paper is organized as follows. Section 2 surveys related work. In Section 3, we 

propose a new statistical summarization method by using BIM and pseudo-relevance feedback. Section 4 
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presents an enhancement technique for text summarization by using category information based on the 

category-based language model, and Section 5 presents an enhancement technique for text classification 

using summary information. An integrated framework of text summarization and classification is shown in 

Section 6. In Section 7, the proposed approaches are experimentally evaluated in comparison with other text 

summarization and classification approaches. Section 8 provides a summary and discussion about our work. 

Finally, conclusion and future work are presented in Section 9. 

 

2. Related Work 

Text summarization is the process of reducing a text in order to create a summary including only the core 

contents of an original text. Technologies that can make the coherent summary take into account many factors 

such as length, writing style and syntax. Generally, there are two approaches to text summarization: 

extraction and abstraction. An extractive approach works by selecting a subset of existing words, phrases, or 

sentences in an original text as a summary. In contrast, an abstractive approach builds an internal semantic 

representation and then uses natural language generation techniques to create a summary that is closer to 

what a human might generate. Such a summary might contain words that are not explicitly in the original text. 

The state-of-the-art abstractive approaches are still quite weak, so most research has focused on the extractive 

ones. 

 A lot of techniques for summarizing texts have been studied by many researchers. Berger and Mittal 

(2000) proposed a web-page summarization system to generate coherent summaries that are not excerpts 

from the original text. Harabagiu and Lacatusu [2002] proposed an information extraction based multi-

document summarization procedure that incrementally adds information. They have shown that it is possible 

to obtain good quality multi-document summaries using extraction templates populated by a high 

performance information extraction system. Matsuo and Ishizuka [2004] developed an algorithm that extracts 

keywords from a single text. Their algorithm can extract keywords without requiring the use of a corpus. 

They stated that their method has a higher performance than the term frequency-inverse document frequency 

(TF-IDF) and it is useful in many applications, especially for domain-independent keyword extraction. Svore 

et al. [2007] proposed an automatic summarization method based on neural nets, called NetSum. They 
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extracted a set of features from each sentence that help to identify its importance in a text and then their 

extracted features are based on news search query logs and Wikipedia entities using the RankNet learning 

algorithm. Ko and Seo [2008] proposed an effective method for extracting salient sentences using contextual 

information and statistical approaches for text summarization. They combined two consecutive sentences into 

a bi-gram pseudo sentence so that contextual information is applied to statistical sentence-extraction 

techniques. Li et al. [2010] proposed a text summarization approach, named ontology enriched multi-

document summarization, for utilizing background knowledge to improve summarization results. Their 

proposed system can better capture the semantic relevance between a query and the sentences, and leads to 

better summarization results on the domain-related ontology. Recently, some researchers studied that text 

summarization can be formulated by some well-known optimization problems such as knapsack problem. 

Filatova and Hatzivassiloglou [2004] proposed a model for simultaneously performing the selection of 

important text passages and the minimization of information overlap. Takamura and Okumura [2009] also 

demonstrated that summarization can be considered as an optimization problem that is maximum coverage 

problem with a knapsack constraint. Hirao et al. [2013] proposed a summarization method based on the 

trimming of a discourse tree. But there are no challenges in these summarization methods to make use of the 

category information. 

Text classification is a popular research field with existing and ongoing scientific research. Text 

classification is the task to assign a text to one or more pre-defined categories [Salton, 1989]. In this paper, 

we consider three well-known statistical text classifiers. These are Naive Bayes (NB) [McCallum and Nigam, 

1998], Maximum Entropy Model (MEM) [Nigam et al., 1999] and Support Vector Model (SVM) classifiers 

[Vapnik, 1998].  

The NB classifier is based on Bayes’ theorem with independence assumptions between predictors. This 

model is easy to build with no complicated iterative parameter estimations. Despite its simplicity, this 

classifier often does surprisingly well and is widely used because it often outperforms more sophisticated 

classification methods. Zhang implemented an efficient MEM classifier [Zhang, 2003]. When the constraints 

are estimated from labeled training data, the solution to the maximum entropy problem is also the solution to 

a dual maximum likelihood problem for models of the same exponential form [Pietra et al., 1997]. 

Additionally, it is guaranteed that the likelihood surfaces convex, having a single global maximum and no 
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local maxima. This suggests one possible approach for finding the maximum entropy solution: guess any 

initial exponential distribution of the correct form as a starting point. Since there are no local maxima, this 

will converge to the maximum likelihood solution for exponential models. The SVMs classifier is proposed 

by Vapnik [1998] for solving two-class pattern recognition problems. The SVM problem is to find the 

decision surface that maximizes the margin between positive and negative examples in a training data. The 

SVM problem can be solved using quadratic programming techniques [Weston and Watkins, 1999]. Since the 

SVM is a binary classifier, this classifier must be extended it to a multi-class classifier. There are several 

methods of multi-class classifiers for SVMs [Joachims, 1998]. Joachims demonstrates the efficiency of this 

approach for several text classification tasks. Joachims implemented an efficient SVMs toolkit, SVMlight; 

this is used in this research. Recently, there are several studies for finding the effective text representation in 

this literature. Isa et al. [2008] proposed a new text representation to model the web documents. They used 

the Bayes formula to vectorize a text according to a probability distribution reflecting the probable categories. 

Guru et al., [2010] proposed a representation method that represents a text by the use of interval valued 

symbolic features. The probability distributions of terms in a text were used to form a symbolic 

representation and then it is used for training and classification purposes. Jo [2010] presented a text 

representation method that regards a text as a string vector for the text categorization. His method modifies or 

creates machine learning-based approaches to text categorization, where string vectors are received as input 

vectors, instead of numerical vectors. 

To the best of our knowledge, category information has not been used in a fully automatic summarization 

except for the guided summarization [Owczarzak and Dang, 2011]. This summarization technique utilized 

human-expert-made and important-aspect templates for each category. For example, the category ‘Accident 

and Natural Disasters’ has some templates about the aspect ‘DAMAGES.’ But this technique is not 

comparable to ours because it is based on the human-made templates.  
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3. Text Summarization Technique by Pseudo Relevance Feedback 

Text summarization techniques are distinguished between extractive summarization by statistical approaches 

and abstractive summarization by linguistic approaches [Radev, 2000]. The extractive summarization is based 

on statistical sentence-extraction and it is a simple yet strong summarization approach. Although the 

abstractive summarization, also known as generative summarization, can condense a text more effective than 

the extractive approach and produce a result that is closer to what a human might generate, it is more difficult 

to develop abstractive summarization systems due to the use of natural language generation technologies. In 

addition, summaries generated by the abstractive summarization are often grammatically incorrect and their 

evaluation generally becomes very difficult. On the other hand, the extractive summarization selects salient 

sentences in a text so the extracted sentences are usually grammatically correct. 

Herein, we propose a more effective sentence-extractive summarization method that is based on pseudo-

relevance feedback method. We attempt to boost the extractive summarization method using the pseudo-

relevance feedback method with the Binary Independence Model (BIM). The BIM based query term 

weighting method is a probabilistic text retrieval technique [Yu & Salton, 1976 and Robertson & Sparck 

Jones, 1976]. Text retrieval in information retrieval is the task that finds some relevant texts, whereas 

extractive summarization is the task that finds some relevant sentences. Thus we think some of text retrieval 

techniques such as BIM and the pseudo-relevance feedback can be applied to the summarization method. 

Since a blind relevance feedback (pseudo-relevance feedback) technique has no restriction to the number of 

feedbacks, the iteration steps for the pseudo-relevance feedback can be repeated until summary sentences are 

not changed. It is based on an assumption that the summary sentences are relevant sentences and the non-

summary sentences are irrelevant sentences with respect to the topic of a text. This can be illustrated in a 

boosting framework for text summarization as shown in Figure 2. This framework need only POS tagger for 

preprocessing and all each steps are based on the bag-of-words model. 
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Figure 2. Repetition process of the pseudo-relevance feedbacks 

 

3.1 Initial Relevant Sentence Selection 

The title of articles and position of sentences have been regarded as salient criteria to choose topics for text 

summarization [Wasson, 1998]. Since the title of a news article often constitutes an abstraction of the entire 

content of the article itself, sentences similar to the title can become candidates to be salient sentences. News 

articles also usually have a deductive structure, that is, the beginning sentences are often considered as salient 

sentences [Zechner, 1997]. All the sentences of a text can be separated into relevant and irrelevant sentences 

according to similarities between title and each sentence and the position of each sentence, and then their 

relevant scores (Rel_Score) are calculated by using the similarities with the title (Sim) and position score (Pos) 

as follows: 

 

)S(Pos)T,S(Sim)S(Score_lRe iii      (1) 
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where Si is the i-th sentence and T is the title of a text d. 

 

Similarity (Sim) between title and a sentence is calculated by Eq. (2). 
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where tf(w, Si) is the term frequency of word w in Si.   

  Position (Pos) is calculated by Eq. (3). 

 

N

1i
0.1)S(Pos i


      (3) 

 

where N is the number of sentences in a text d. 

Rel_Scores by Eq. (1) are used in initial relevant sentence extraction for the pseudo-relevance feedback. 

According to the Rel_Score ranking, sentences in the top 30 percent (summarization ratio) are selected as the 

initial relevant sentences and the remainder as irrelevant sentences. 

 

3.2 Term Relevance Estimation 

Term Relevance (TR) reflects how each term is related to the relevant or irrelevant sentences. The TR score is 

calculated by Eq. (4). 
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where pd and qd are the probabilities that word w appears in relevant and irrelevant sentences in text d, 

respectively; Rd and Sd are the number of relevant sentences and irrelevant sentences in text d, respectively, 

(Rd+Sd=|d|); rd and sd are the number of relevant and irrelevant sentences that include word w in text d, 

respectively. 

  This is based on the retrieval status value in the query terms weighting method of the binary independence 

model, introduced by Yu and Salton [1976] and coined by Robertson and Sparck Jones [1976]. This 

weighting method, TR, is defined by the log-odds ratio between relative and irrelative probabilities. If TR has 

a positive large value, word w is highly related with relevant sentences. On the contrary, if TR has a negative 

large value, word w is highly related with irrelevant sentences. If TR is close to zero, then word w is not 

related to either relevant or irrelevant sentences. 

 

3.3 Sentence Score Calculation 

In order to select summary sentences, we calculate the score of a sentence by the sum of TR scores of words 

within a text. We consider sentences that include keywords with a high TR score to be more important like Eq. 

(5). 

 

∑
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where Scored
(t)

(Si) is the score of i-th sentence at the current iteration step (t), Scored
(t-1)

(Si) is the score of i-th 

sentence in the previous step (t-1), and δ is a damping factor as an arbitrary weight between 0 and 1. 
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When Scored
(t)

(Si) is converged to Scored
(t-1)

(Si), this repetition is terminated and Scored
(t)

(Si) is considered 

to be Scored(Si). As a result, we select the top 30 percent sentences as a summary according to the 

summarization ratio. 

  Since the blind relevance feedback in our system works in the whole processes automatically, an iterative 

framework is applied to the summarization method so as to improve the quality of summary. 

 

4. Text Summarization Using Category Information 

Now, we propose a more effective sentence-extractive summarization method based on a language model 

with category information. First of all, we point out the data sparseness problem from traditional statistical 

extractive summarization approaches. The main reason of the data sparseness problem is that they have 

generally used probabilistic information estimated only from a text and its sentences with few words. To 

overcome this problem, we apply a category-based language model to estimate the importance of words. To 

the best of our knowledge, the category information has not been exploited in text summarization. Eq. (6) 

shows how to estimate sentence scores using a linear combination of word probabilistic models in a text, its 

category and its collection using category-based language model
1
 [Liu & Croft, 2004] as following Eq. (6).  
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where α, β, μ1, and μ2 are following to the smoothing parameters of the cluster-based language model [Liu & 

Croft, 2004] that originated in the Jelinek-Mercer smoothing method [Jelinek & Mercer, 1980] with Dirichlet 

prior [Kotz et al., 2000 and Narayanan, 1991] for language modeling in the field of the information retrieval. 

The traditional Jelinek-Mercer smoothing method uses log probability but TR (Eq. (4)) uses the log-odds 

                                                      
1
 The original name is “cluster-based language model”, but it is altered as “category-based language model”, 

by the context of this paper. 
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ratios. Thus the traditional Jelinek-Mercer smoothing method cannot use the TR directly. Therefore, we 

present a new scoring function using a logistic sigmoid function for measuring the weight of each sentence 

by the Jelinek-Mercer smoothing method as follows.  
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Logistic sigmoid function σ is used as a normalized function in Eq. (8). 
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0.1
)x(σ


      (8) 

 

  TRd(w) is a score to present how important word w is in a text, whereas TRc(w) how a word w is important 

in a category. If we can utilize the category information of a text, we can calculate TRc(w) by the Eq. (9) that 

is similar to Eq. (4).  
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where Rc and Sc are the number of relevant sentences and irrelevant sentences in a category c, respectively, 

(Rc+Sc=|c|); rc and sc are the number of relevant and irrelevant sentences that include word t in a category c, 

respectively. The relevant and irrelevant sentences of a category c are generated by summing up those of each 

text in the category. 

  Since there exist words that are category independent, TRc can be extended to the global data collection 

COL as a smoothing factor. This can be denoted as TRCOL and calculated by Eq. (10). 
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where RCOL and SCOL are the numbers of relevant sentences and irrelevant sentences in the global data 

collection COL, respectively, (RCOL+SCOL=|COL|); rCOL and sCOL are the numbers of relevant and irrelevant 

sentences that include word w in the global data collection COL, respectively. The relevant and irrelevant 

sentences of the collection COL are by summing up them of each text in the whole collection. 

 

In addition, the scores of sentence importance on category c and global data collection COL are calculated 

by Eq. (11) and Eq. (12).  
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Since this proposed summarization technique needs category information from text classification, we 

employ a finite category mixture model [Magidson and Vermunt, 2004] to obtain the category information of 

each text. 

Category probabilities from the finite category mixture model are applied to our category-based language 

model as in Eq. (13). 
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Actually, the probabilities of a category c given a text d, P(c|d), are estimated from each classifier in the 

finite category mixture model. Since the NB classifier is a probabilistic generative model, NB can naturally 

provide them. MEM is not generative model but its output is naturally estimated to the form of probability. In 

the case of SVM, the pairwise coupling method [Wu et al., 2004] is used because it is not a probabilistic 

model. 

 

Finally, we illustrate our summarization method using category information in Figure 3 and it is extended 

from Figure 2. 

 

 

 

Figure 3. Summarization using category information 
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5. Text Classification Using Summary Information 

Automatic text classification is the process to assign a text to one or more pre-defined classes or categories 

[Salton, 1989]. The text classification has been applied to a wide variety of practical applications. Traditional 

text representation methods are represented by using the weights of words that do not reflect the importance 

of each sentence including the words. However, each sentence in a text has its own importance to represent 

topics of the text and the importance of sentences should influence the importance of each word. In this 

section, we propose a text classification method reflecting the importance of sentences from text 

summarization and the whole process is illustrated by Figure 4. 

 

 

Figure 4. Classification using summary information 
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The proposed method uses term relevance scores as the following Eq. (14). 
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where wj is j-th term, tf-idfj is the tf-idf weight of wj and TRsummary(Wj) is the weight that reflects the 

importance of each sentence using summary information of a text. 

TRsummary is the term relevance score using summary and non-summary sentences from the text 

summarization system and it is calculated by Eq. (15). 
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where psummary and qsummary are the probabilities that word w appears in summary and non-summary sentences 

in a text d, respectively; Rsummary and Ssummary are the numbers of summary and non-summary sentences in the 

text d, respectively, (Rsummary+Ssummary=|d|); rsummary and ssummary are the numbers of summary and non-summary 

sentences that include word t in a text d, respectively. 

To normalize TRsummary, the logistic sigmoid function is also used by Eq. (8) introduced in Section 4. 

 

6. Integrated Framework of Text Summarization and Classification 

So far, we have presented new techniques for text summarization using category information in Section 4 and 

text classification using summary information in Section 5. Since these techniques have a reciprocal 
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relationship, they can be combined to enhance the individual performance of each technique through an 

integrated framework, which is based on an iteration process. 

Figure 5 illustrates a detailed view of the proposed integrated framework of text summarization and 

classification. 

 

  

Figure 5. Overview of the integrated framework for summarization and classification 

 

As shown in Figure 5, at the first iteration, the summarization and classification utilizes neither a category 

nor summary information of each other. From the second iteration, summarization exploits the result of 

classification and classification does that of summarization. This iteration process is terminated when their 

TR scores are converged. 

 

7. Experiments 

7.1 Experimental Setup 

The proposed system needs datasets annotated with both of the summary and category labels to evaluate the 

performances of the text summarization and classification simultaneously. Since these kinds of datasets were 

not available, we reconstructed two datasets by additionally annotating summary information into a 
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classification dataset and category information into a summarization dataset. One of these datasets, 

AbleNews, consists of 1,392 texts with 9 categories from the AbleNews in the year 2012 [AbleNews, 2012]. 

For this dataset, the annotators created an extractive summary for each article. The other one is the KORDIC 

dataset [Kim et al., 1999]. This is a well-known Korean news-summarization test dataset with 897 texts. The 

category information was added to all the articles of this dataset by annotators. In addition, for the evaluation 

in English news classification, we used the NewsGroup dataset [Nigam, 1998]. This dataset does not have 

any summary information. Thus this was used only for classification. The description of these datasets are 

presented in Table 1. 

 

Table 1. Description of datasets 

Category 
AbleNews KORDIC 

# of doc. Note # of doc. Note 

C1 227 Politics 111 Politics 

C2 311 Society 113 Economy 

C3 132 Economy 209 World 

C4 81 Education 249 Society 

C5 157 Welfare/Health 24 Education 

C6 90 Woman/Children 34 Ecology 

C7 74 Life 105 Life 

C8 183 Culture 52 Science 

C9 137 Person/Association   

Total 1392  897  

 

As evaluation measures, precision is a ratio of the number of correctly suggested summary sentences or 

categories to the total suggested summary sentences or categories, recall is the ratio of the number of 

correctly suggested summary sentences or categories to the total correct summary sentences or categories, 

and F1-measure is a harmonic mean between precision and recall in a text for summarization and a category 

for classification. For the entire dataset, the arithmetic mean of the F1-scores for each text or each category is 

calculated as a macro average which gives equal importance to each category (Yang, 1999). The five-fold 
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cross validation was used for the fair evaluation. 

The SVM classifier with the linear kernel model and TF-IDF were applied to the proposed method for text 

classification, and the proposed summarization method using the calculation of sentence scores by Eq. (5) 

was for text summarization. In our experiments, since both of the datasets for summarization have 30% 

golden standard summary in each text, the summarization systems also generated summaries with the same 

number of salient sentences. By that reason, the precision, recall and F1-measure have equal values. 

Henceforth, we reported only the F1-measure as a performance measure of our summarization tasks. 

Some preparatory experiments were proceeded for the parameter estimation. From these experiments, α 

and β were set by the smoothing parameters of the cluster-based language model [Liu & Croft, 2004] with 

Dirichlet prior [Kotz et al., 2000 and Narayanan, 1991], μ1 was set to average length of documents, μ2 was set 

to average length of categories and δ was set to 0.8. The lengths of documents or categories were calculated 

as the number of words in themselves. 

 

7.2 Experimental Results of Text Summarization 

Here, we attempt to evaluate the proposed text summarization method by the pseudo-relevance feedbacks of 

Section 3 and one using category information of Section 4. 

First of all, the performance changes by the number of pseudo-relevance feedbacks (iterations) in the 

boosting summarization framework are shown in Figure 6.  

 

 

Figure 6. Performance changes by the repetition of pseudo-relevance feedbacks 
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In Figure 6, the X-axis is the number of iterations and the Y-axis the F1-measure. Their performances are 

converged at five or six iterations to 0.612 and 0.567 in the AbleNews dataset and the KORDIC dataset, 

respectively. Thus five iterations for AbleNews and six iterations for KORDIC were set up in the following 

experiments. 

 

We made use of six other extractive summarization methods that are compared with the proposed method, 

including Title Method [Wasson, 1998], Location Method [Wasson, 1998], Frequency Method [Zechner, 

1997], Aggregation Method [Kim et al., 2001], Pseudo Relevance Feedback Method [Jeong et al., 2015], and 

Contextual Information Method [Ko and Seo, 2008]. These statistical sentence-extracting methods are 

summarized as follows: 

1) Title Method: Sentences that have high cosine-similarity with the title are extracted as a summary. 

2) Location Method: The beginning sentences of an article are extracted as a summary. 

3) Frequency Method: Sentences that have a high sum of TF-IDF values of terms are extracted as a summary. 

4) Aggregation Method: Sentences with the high sum of similarity to other sentences are extracted as a 

summary. 

5) Pseudo Relevance Feedback Method: Sentences with the high sum of relevance feedback of terms are 

extracted as a summary. 

6) Contextual Information Method: Sentences with maximum contextual information are extracted as a 

summary. 

 

Table 2 shows the comparison results of the proposed text summarization method and other ones: the title 

similarity method, the sentence-location method, the word frequency method, the aggregation similarity 

method, the lexical clustering method and the contextual information method. All of these summarization 

methods are based on statistical sentence extraction and do not use any category information. 
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Table 2. Comparing the proposed method with other ones without category information on performances 

Summarization Method KORDIC AbleNews 

Proposed Summarization 0.567 0.612 

Title Similarity 0.488 0.475 

Sentence-Location 0.494 0.565 

Word Frequency 0.378 0.399 

Aggregation Similarity 0.415 0.388 

Pseudo Relevance Feedback 0.511 0.568 

Contextual Information 0.553 0.564 

 

As you can see in the Table 2, the proposed method achieved the best performance among all statistical 

extraction summarization methods when all of them do not use any category information.  

The performances of the proposed text summarization method using category information are shown in 

Table 3. Baseline denotes the proposed method not using category information, +predictive category does one 

using category information from a SVM classifier and +correct category does one using golden standard 

category. 

 

Table 3. Performance comparison of summarization methods using category information 

Summarization Method KORDIC AbleNews 

Baseline 0.567 0.612 

+Predictive Category 0.599* (+3.2%p) 0.654* (+4.2%p) 

+Correct Category 0.620* (+5.3%p) 0.669* (+5.7%p) 

(* significant; p < 0.05) 

 

When category information was used, they achieved better performances than the baseline system. The 

performance of the proposed system on the AbleNews dataset is more remarkable than one on the KORDIC 

dataset. It could be due to the fact that the sizes of the categories on the AbleNews are more evenly 

distributed than the KORDIC dataset. The F1-scores of the proposed methods (+predictive and +correct 
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category) are statistically significantly better than baseline by t-test (p-value < 0.05). Therefore, we think that 

the category information can enhance the text summarization efficiently. 

 

7.3 Experimental Results of Text Classification with Summarization Information 

In this experiment, we made use of the various text classifiers including NB, MEM and SVM. Table 4 shows 

how text classification can be improved when utilizing the using summary information. Baseline denotes text 

classifiers not using summary information, +predictive summary does ones using summary information from 

the proposed summarization method and +correct summary does ones using golden standard summary. 

 

Table 4. Performance comparison of text classification using summary information 

Dataset Classification Baseline +Predictive Summary +Correct Summary 

NewsGroup 

NB 0.804 0.840* (+3.6%p) - 

MEM 0.843 0.859* (+1.6%p) - 

SVM 0.862 0.875* (+1.3%p) - 

KORDIC 

NB 0.694 0.720* (+2.6%p) 0.749* (+5.5%p) 

MEM 0.740 0.749 (+0.9%p) 0.791* (+5.1%p) 

SVM 0.760 0.777* (+1.7%p) 0.786* (+2.2%p) 

AbleNews 

NB 0.751 0.765* (+1.4%p) 0.802* (+5.1%p) 

MEM 0.824 0.826 (+0.2%p) 0.831 (+0.7%p) 

SVM 0.852 0.872* (+2.0%p) 0.894* (+4.2%p) 

(* significant; p < 0.05) 

 

As you can see in Table 4, we could obtain better performances that baseline in all the classifiers and all the 

datasets when summary information was utilized for text categorization. The F1-scores for most of the 

proposed methods are statistically and significantly better than baseline by t-test (p-value < 0.05). 

 

7.4 Experimental Results of the Integrated Framework 

Now, we attempt to evaluate the integrated framework for simultaneously executing text summarization and 
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classification. For this evaluation, the SVM classifier was used as a text classifier because it showed the best 

performance in Section 7.3. 

Figure 7 shows the performance changes of summarization in the integrated framework according to 

iteration numbers. Zero iteration indicates that the category information is not used. Baseline means the 

pseudo-relevance feedback method without category information. 

 

 

Figure 7. Performance changes of summarization on the integrated framework by iterations 

 

Table 5. Comparison of summarization performances on the integrated framework 

Summarization 

KORDIC AbleNews 

Without 

Integration 

With 

Integration 

Without 

Integration 

With 

Integration 

Baseline 0.567 - 0.612 - 

+ Predictive Category 0.599 
0.614* 

(+4.7%p) 
0.654 

0.664* 

(+5.2%p) 

+ Correct Category 0.620 - 0.669 - 

(* significant; p < 0.05) 

 

As a result, Table 5 shows that the proposed integrated framework in summarization achieved 0.614 and 

0.664 of the F1-measure in the KORDIC and AbleNews datasets, respectively, and these results are better 

than ones without the integration frameworks. These F1-scores are statistically and significantly better than 

baseline by t-test (p-value < 0.05) and are even really closed to the F1-scores of +correct category. Therefore, 

we think that the integrated framework can contribute the improvement of text summarization. 
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Figure 8 shows the performance changes of the classification on the integrated framework. Baseline means 

the SVM classifier using the tf-idf term weighting scheme. 

 

 

Figure 8. Performance changes of classification on the integrated framework by iterations 

 

Table 6. Comparison of classification performances on the integrated framework 

Classification NewsGroup KORDIC AbleNews 

Baseline 0.862 0.760 0.852 

+ Predictive summary 0.875 0.777 0.872 

+ Integrated framework 

(Proposed System) 
0.879* (+1.7%p) 0.784* (+2.4%p) 0.890* (+3.8%p) 

+ Correct summary - 0.786 0.894 

(* significant; p < 0.05) 

 

Table 6 shows that the proposed classification method achieved 0.879, 0.784 and 0.890 of the F1-measure 

in the NewsGroup, KORDIC and AbleNews datasets, respectively. These F1-scores are statistically and 

significantly better than baseline by t-test (p-value < 0.05) and are also really closed to the F1-scores of 

+correct category. As a result, we obtained significant improvement on both of summarization and 

classification when using the proposed integrated framework. 
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8. Discussions 

We have presented how to effectively combine text summarization and classification, and have evaluated 

the combined framework so far. Now, this section provides a summary about our framework to analyze its 

strength and weakness more deeply. Table 7 shows the key aspects of the proposed integrated framework. 

 

Table 7. Key aspects to analyze the proposed framework 

Aspect Contents 

Contributions 

We propose an effective framework to mutually cooperate text summarization and 

classification so it can provide better text analysis tools to some tasks that need both of 

text summarization and classification techniques with high performance. 

Pros 

1. Higher performances than ones when they are individually executed 

2. Not require linguistic human experts and resources because it depends on only 

statistical approaches from text and corpus themselves 

3. Not require linguistic analyzers except a POS tagger 

4. Language independence due to 2 and 3 

5. Unsupervised learning based text summarization 

6. Keyword Extraction from Eq. (14) and it is also useful for some text analysis tasks 

(we did not say about it in the body and experiment of this paper because it is really 

hard to evaluate and it is another research topic.) 

Cons 

1. Require more computation by the iterations 

2. Require labeled training data for text classification (supervised learning) 

Application Areas 

1. Lots of internet services based on text mining 

2. Automatic extraction of hash-tags or keywords on SNS, blog, etc. by Eq. (14) 

3. Lots of internet services on the mobile devices (keywords as well as text 

summarization and classification can be used to overcome the demerit of small 

screen.) 
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Future Work 

1. Unsupervised learning based integrated framework as we will develop a new 

unsupervised or semi-supervised text classification for our framework. (we believe 

that keyword list from keyword extraction by Eq. (15) will provide a really useful 

clue for the new unsupervised text classification) 

2. Apply the developed unsupervised based framework to big data analysis. It will be 

able to supply basic information (cluster, summary and keywords) about the big data 

analysis 

 

Overall, since our integrated framework just makes use of simple statistical approaches and POS tagger, it 

is robust, language independent and easy to re-implement so it can have a merit to analyze multi-language 

text data. A POS tagger is only used as a separator and a stemmer of words for Bag-of-Words. If the target 

language has characteristics of separation between words and non-distortion of words such as English, the 

POS tagger is not needed any longer. Moreover, we want to introduce a new advantage of our framework. By 

Eq. (14), the importance score of each word within a text can be calculated from summary information and 

TF-IDF so a keyword list can be extracted by sorting the importance scores. The keyword list is also really 

useful information for effective text mining such as hash tags for SNS and keyword cloud for Blogs. The 

proposed framework can simultaneously provide core text mining results, category, summary and keywords, 

from just one integrated framework. 

On the other hand, the proposed framework has several limitations that it needs more iterations than 

traditional text summarization or classification, and text classification is based on supervised learning so it 

requires labeled training data. For the former, time complexity of the framework is not a serious problem 

because text summarization and classification are conducted as a batch process in many cases and the 

computing power of the latest machines are very high. For the latter, our method need tagged train corpus. 

The labeling tasks of the summary and category are expensive and time consuming. In our experiments, we 

used the training data labeled category and summary information. In actual, the labeling task for text 

classification is a labor-intensive task but we think that the category labeled corpus can be easily collected in 

some online web sites, such as news web sites.  

In future work, we plan to study a new unsupervised or semi-supervised text classification method proper 

to our integrated framework. The unsupervised based integrated framework will be able to be more effective 
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and efficient tools for big data analysis. 

 

9. Conclusions and Future Work 

We have presented a new combination approach of text summarization and classification methods to boost 

their performances. The text summarization method employed the binary independent model based query 

weighting method and a category-based smoothing method to solve the problem of data sparseness so that the 

summarization method can utilize the category information. To utilize the summary information for text 

classification, the term relevance weight was developed for the feature weight of text representation. Finally, 

we proposed an integrated framework of summarization and classification that can enhance the performances 

of both summarization and classification. 

In the experimental results, the proposed summarization and classification methods showed better 

performances than baselines. The results indicated that category information usage is effective in text 

summarization and summary information usage is also in text classification. As mentioned above in section 8, 

the proposed method has other advantages that it is language independent and does not require heavy 

linguistic analysis tools and linguistic resources such as a parser, a semantic analyzer and WordNet. 

In future, we will focus on developing a new text classification technique by unsupervised or semi-

supervised learning. It means we obtain an unsupervised learning based framework for text summarization as 

well as text classification. This framework will be really effective and efficient for big data analysis. 
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