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Abstract-  Headline generation is an important, difficult and interesting Natural Language Processing (NLP) 
problem to address as a research problem as it requires to mine the essential content words from an article and 
also to generate a headline that expresses the gist of an article. There are two issues to be considered in this 
problem namely, identifying the content words and arranging these words in a proper order to reflect the 
grammaticality of the sentence. Selection of content words from an article can be achieved using various 
statistics about words in the article. In this paper several existing statistical approaches are applied for headline 
word selection on Telugu news articles such as Term Frequency and Inverse Document Frequency (TF-IDF) 
approach, Banco, Witbrock and Mittal (BWM) approach, Nearest Neighbor (NN) approach, Reverse Information 
Retrieval (RIR) approach and Naive Bayes (NB) approach. Empirical evaluation is carried out and results are 
compared with the proposed approach for headline word selection i.e. Language Modeling (LM) approach with 
relevance feedback using precision, recall and F1 measures. 
 
Keywords:- TF-IDF approach, Nearest Neighbor Approach, Naive Bayes Approach, RIR Approach, Language 
Modeling Approach. 
 
1. Introduction 
    Now a days, enormous number of news articles are reported and disseminated on the web. Extracting 
important information from the news articles to reduce the reading time is the essential issue. Due to huge 
amount of information on the web and nature of timely accessing the information, summarization of articles 
plays a vital role in content mining. Content mining tasks such as automatic indexing, automatic abstraction and 
automatic headline generation requires extraction of important theme(s) of an article. Task of automatic headline 
generation of an article is a important factor for accessing and searching over huge amount of information on the 
web. Headline generation or very short summary generation is also an important issue in text summarization and 
has many applications. Headline or title of an article is very much useful to know about the main topics covered 
by an article. Headline is often considered as a very short summary of an article. 
 
An article contains set of sentences. Many topics are covered by the sentences in an article. Topics in an article 
are explicitly covered by few sentences and the remaining sentences are to support the topics. Summarization 
approaches generally selects most informative sentences which are distributed at different positions in the article. 
Hence to generate a headline with a phrase(s) which covers the topics in the article, statistical approaches are 
more suitable. Statistical approaches can view the problem of headline generation as a machine learning problem 
and acquires the knowledge from the training dataset with the co-relation between article headline and article 
from the training corpus. For the given test article by using the learned knowledge from training corpus, content 
words are selected and then by using these content words the headline is generated by following the 
grammaticality of the language. 
 
It is difficult to construct a comprehensive natural language understanding system to generate headline for an 
article. An approximate learning system is required to construct for headline generation. The statistical learning 
model which applies content selection and content ordering results in generating a headline for an article. The 
relationship between features in an article and features appear in the headline of an article used to learn from 
training corpus. Word distribution in an article, gives more appropriate information than features like sentence 
position and  cue phrases. Probability of selecting a word as a headline word can be estimated by using different 
machine learning approaches. This paper is aimed at evaluating the performance of five different existing 
approaches on the Telugu news corpus to generate a headline for an article and to study the influence of the 
language complexity on headline word selection and word ordering. 
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 In this paper a method called language modeling approach using relevance feedback (LM) for headline 
word selection is proposed  and compared the results using precision, recall and F1 measures with the existing 
approaches. The results are encouraging when compared with the existing approaches. For the purpose of clarity, 
the existing approaches are briefly described. 
 
2. Existing Models 
A. Term Frequency-Inverse Document Frequency Approach  
A Term Frequency (TF) of a word is calculated as the number of times that a word appears in the article. An 
Inverse Document Frequency (IDF) for a word is defined as the logarithmic value of the total number of articles 
divide with the number of articles containing that word. High IDF of a word shows that the word the appearance 
of the word is rare in the collection. The product of these two values gives the importance of a word in an article 
[7]. In this approach, words having highest TF.IDF scores considered as content words for headline generation. 
 
B. Banko, Witbrock And Mittal Approach 
According to [1] for headline word selection, probability of selecting a word 'w' as a headline word for the 
headline 'H' of an article 'A' such that P(w H/A) is approximated as P(w H/w A) and calculated using Naive 
Bayes approach as: 

 
             

 According to the above equation, probability of word can be calculated as the number of articles that 
contain word 'w' in their headline and body divide it with number of articles containing word 'w' in their body. 
 
C. Naive Bayes Approach  
 As in [8] this approach headline word are selected by considering evidence of all the words in the article. 
Probability of selecting a word 'w' as a headline word for the headline 'H' of an article 'A' is approximated as: 

 
            As indicated by the above equation, P(hw∈H/A) is approximated as a sum of probabilities of having a 
word ‘hw’ on a headline given that the article A contains the word ‘aw’. P(hw/aw) can be calculated using Naive 
Bayes  probabilistic approach as follows:  

 
 
 

According to the above equation the number of training articles which contain the word ‘hw’ in their headlines 
and word ‘aw’ in their article bodies divide it by the number of articles which contain ‘aw’ in their article bodies. 
  
D. Nearest Neighbor Approach 
This method treats each headline as a label in the training corpus. For each test article, identify a training article 
that is more similar to the test article. The selected training article headline is used as headline for the test article. 
By using ‘atc’ word weighting scheme proposed in [2] the words in both the training articles and test article are 
weighted. The terms in the weight 'atc' is defined as:  a is log(tf + 1), t is log( collection _ size/a

f
), c is Euclidian 

vector length normalization where tf is term frequency and af is the number of articles contains the word af. The 
similarity is measured between test and training articles as the dot product between two article vectors. 
 
E. Reverse Information Retrieval Approach             
 For a given query in information retrieval (IR) find the relevant articles from the corpus. For an article, 
headline word selection problem can be viewed as retrieving content words from set of headline words. Headline 
word selection can be mapped as finding an article in IR and test article can be viewed as user query. Let N is the 
number of articles in the training corpus, N

hw
 is the number of content words in the headlines of the articles in 
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the training corpus and N
aw

 is the number of content words in the articles in the training corpus. Let A be a 

matrix with N rows and N
aw

 columns.  An element a
ij

 is the number of occurrences of a jth word in ith article. Let 

H is a matrix with N rows and N
hw

 columns. An element h
ij

 is the number of occurrences of a jth word in the ith 

headline. Let M be a matrix with N
hw

 rows and N
aw

 columns. An element m
ij

 in M shows how strongly ith 

headline word is connected with jth article word. M can be calculated from A and H matrices. By using ‘atc’ term 
weighting scheme, the representation vectors are weighted for headline words and calculate the similarity 
between the test article and with the headline word ‘h

w
’ vector. This measure is used to estimation P(h

w
/A). 

 
3. Proposed Approach-Language Modeling Approach With Relevance Feedback 
 For traditional vector space models, the relevance feedback algorithms are well-developed [3]. Language 
model systems  works well by utilising the Expectation-Maximisation algorithms [4]. For long-lasting 
information need, relevance feedback is very useful. Relevance feedback utilise the distribution of words over 
relevant and irrelevant articles in the training corpus. Content words probabilities can be re-estimated to improve 
selection of most appropriate headline words. By building a language model for each article in the corpus 
headline word can be retrieved. In the proposed model, followed the language model described in [5] by 
modelling the headline word selection problem as information retrieval problem. Forming the headline 
H

1
,H

2
,H

3
,...H

n
 for an article can be viewed as retrieving an article by posing a query on to the corpus. This 

model uses linear interpolation of global and local probabilities. According to the language model the headline is 
represented as: 

 

                   
 

                                             
                                       

 where  af(ti) is the number of articles in which the term ti occurs both at article body and at the article 
headline. tf(ti,a) is the number of times the term ti occurs in a article A. In equation 4.1, λ

i
 is an unknown 

parameter, denoting the probability that the word on position 'i' in the headline is important. For each word t
i
 that 

if λ
i
 = 0 the word does not have any influence on the headline of the article, whereas if λ

i
 = 1 the word is 

mandatory in the headline of the article. So, if λ
i
 = 0 the word is definitely not important, whereas if λ

i
 =1 the 

word is definitely important. 
 Unknown parameters can be estimated by using the EM algorithm. The EM algorithm follows hill 
climbing approach, thus EM approach can reach to a local maxima. The EM algorithm iteratively maximises the 
probability of the content word t

i
 by using R relevant articles a

1
, a

2
,...,a

r
. The expectation step and maximization 

step in EM algorithm is defined as follows: 
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 The expectation step in equation 4.4 calculates the number of articles in which t

i
 is important. The 

maximisation step in equation 4.5 estimates maximum likelihood. The EM algorithm should be used by 
initialising the relevance weights to some initial value. By taking λ

i
(0) = 0.5 as the initial value and then iterate 

through the E-step and M-step until the value of λ
i
 does not change significantly any more  where p denotes the 

number of iterations. The training corpus is divided into relevant articles and irrelevant articles for each word in 
the test article. For each word from the test article, articles from the training corpus which contains the same 
word are called as relevant articles. The remaining training articles can be considered as irrelevant articles. 
       
      LM algorithm( test article T, training set S) 
      T is a Telugu news article; S is set of Telugu news articles   
      { 
       step 1: Identify the articles which are relevant to test article 
                   from the training set based on a term from test article 
       step 2: Initialize λ = 0.5 
       step 3: Calculate expectation value 'r

i
' for the term in the test 

                   article by calculating the term frequency and document 
                   frequency 
       step 4: Calculate the maximization value  λ

i
' by using the       

                   expectation value 
       step 5: Repeat from step 3 for four times where λ value does 
                   not change significantly 
       step 6: Repeat from step 1 for each word in the test article 
      } 

Figure 4.1: EM algorithm for headline word selection 
 

4. Evaluation Measures 
 Machine generated headlines generated by automatic headline generation process need to be evaluated. 
By comparing the machine generated summaries with the human generated summaries, one can measure the 
precision, recall and F1 scores of machine generated summaries. The same concept can be used for the machine 
generated headlines evaluation. We can calculate the measures like precision, recall and F1 scores based on the 
common words between human generated headlines and machine generated headlines. The precision for 
machine generated headline is defined as the number of common words between the machine generated headline 
and the human generated headline, divided by the number of words in the machine generated headline. Similarly, 
the recall of a machine generated headline is defined as the number of matched words between two generated 
headlines divided by the number of words in the human generated headline. The precision and recall is equated 
as follows: 
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 As indicated in the above expression, Equal emphasis can be given on both precision and recall with F1 
measure. The value of F

1
 will be small, when either the precision or the recall is small. When both the precision 

and recall are high, The F
1
 score is also high. Precision is high when the machine generated headline and the 

human generated headline are having more common words. High recall is related to the case that most of words 
in the human generated headline appear in the machine generated headline. High F

1
 value indicates that the 

machine generated headline contains many words with the human generated headline and machine generated 
headline length is close to the human generated headline. In this paper, the above mentioned methods are 
evaluated and compared with precision, recall, F

1
 measures. 

 
5. Results & Discussions 
 The corpus contains 3000 Telugu news articles collected from different Telugu news papers. From the 
collected corpus 2000 articles are used to train the system and remaining are used for testing purpose. There is a 
strong overlap among training and testing articles. An evaluation is carried out for content word selection on 
above mentioned methods using precision, recall and the F

1
 measures. In this work, an empirical evaluation has 

performed to understand the influence of morphological complexity for headline word selection on the Telugu 
language. Secondly, from the results, it is concluded that the proposed approach i.e. LM approach performs 
better than the existing approaches for headline word selection. The precision, recall and F

1
 measures are 

calculated for six different approaches and shown below. 
   
 
5.1. Evaluation Of TF-IDF Approach For Content Word Selection And Language Complexity 
 
 
 
 
 

  
 
  
 
 
 
 
 
Figure 4.2: precision, recall and F

1
 measures of TF-IDF approach before and after pre processing 

 
 In TF-IDF approach, scores are calculated for words in the article by calculating the term frequency 
within the article and inverse document frequency on training corpus. By using this approach a word can not be 
selected as headline word from outside the article.Precision and recall values are calculated for 1000 test articles. 
Average precision value before pre processing and after pre processing are 0.215 and 0.402, average recall value 
before and after pre processing are 0.165 and 0.315 respectively. Average F1 value is calculated by using 
precision and recall values of 1000 test articles and the average F1 values before pre processing and after pre 
processing are 0.187 and 0.353 as mentioned in Table 4.1 and Table 4.2.  
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5.2. Evaluation Of BWM Approach For Content Word Selection And Language Complexity 
 
 Precision and recall values are calculated for 1000 test articles. Average precision value before pre 
processing and after pre processing are 0.251 and 0.450, average recall value before and after pre processing are 
0.196 and 0.320 respectively. Average F1 value is calculated by using precision and recall values of 1000 test 
articles and the average F1 values before pre processing and after preprocessing are 0.220 and 0.374 as 
mentioned in Table 4.1 and Table 4.2. In BWM approach scores to the article words are calculated by using 
naive bayes approach for content word selection, where as in TF-IDF approach scores to the words are 
calculated by using tf.idf measure for content word selection. BWM approach estimates correlation between 
headline words and article words to select more appropriate headline words by using training corpus. As the 
average number of content words in a headline of a training corpus is nine, for each method we considered first 
nine top scoring words as headline words. The F

1
 scores of both approaches with original words and after 

dimensionality reduction were present in Table 4.1 and Table 4.2. 
 

 
 
 
 
 
 
 
 

 
Figure 4.3: precision, recall and F

1
 measures of BWM 

approach before and after pre processing 
 
 Though the performance of BWM approach is better when compared with TF-IDF approach, 
approximation of P(w H/A) as P(w H/w A) restricts the choice of selecting of word as headline word 
appearing outside the article as same in the case TF-IDF approach. From Figure 4.3, it can be concluded the 
influence of language complexity on headline word selection. 
 
5.3. Evaluation Of NB Approach For Content Word Selection And Language Complexity 
 
 
 
 
 
 
 
 
 

 
Figure 4.4: precision, recall and F

1
 measures of NB approach before and after pre processing 

 
 Precision and recall values are calculated for 1000 test articles. Average precision value before pre 
processing and after pre processing are 0.090 and 0.240, average recall value before and after pre processing are 
0.040 and 0.180 respectively. Average F1 value is calculated by using precision and recall values of 1000 test 
articles and the average F1 values before pre processing and after pre processing are 0.055 and 0.205 as 
mentioned in Table 4.1 and Table 4.2. 
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 Both BWM approach and NB approach uses Naive Bayes method for content word selection, but NB 
approach considerations all the words in the article while selecting content words. The advantage of NB method 
over the BWM method is that, NB method allows any word can be used as a headline word which is not 
necessarily a word in the article. The problem with NB approach is that, though the word h

w
 appears in the 

headline and word a
w

 appears in the article, these two words still may not be correlated to each other. The 

appearance of h
w

 in the headline may be because of other words than the word a
w

. By counting equally each co-

occurrence of a headline word with an article word leads to incorrect counts. This defect favours selection of 
common words in the training corpus as headline words for test article. Hence the precision, recall and F

1
 

measure of NB is very low when compared with all other approaches both at before and after dimensionality 
reduction of corpus. 
 
5.4. Evaluation Of NN Approach For Content Word Selection And Language Complexity 

  
 
 
 
 
 
 

Figure 4.5: precision, recall and F
1
 measures of NN 

approach before and after pre processing 
 
 Precision and recall values are calculated for 1000 test articles. Average precision value before pre 
processing and after pre processing are 0.324 and 0.487, average recall value before and after pre processing are 
0.264 and 0.415 respectively. Average F1 value is calculated by using precision and recall values of 1000 test 
articles and the average F1 values before pre processing and after pre processing are 0.286 and 0.446 as 
mentioned in Table 4.1 and Table 4.2. Word ordering is not required in NN approach. In NN method, we can use 
the headline of the most similar training article as the headline for the test article. Compared to the BWM 
method, the NN method considers all the words in the article. Similarity between testing and training article is 
measured based on the word matching between these two articles. The disadvantage of the nearest neighbour 
approach is that it can’t produce any new headline.  
 

 
5.5. Evaluation Of RIR Approach For Content Word Selection And Language Complexity 
 

 
 
 
 
 
 
 
 

Figure 4.6: precision, recall and F
1
 measures of RIR approach before and after pre processing 
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 Precision and recall values are calculated for 1000 test articles. Average precision value before pre 
processing and after pre processing are 0.331 and 0.504, average recall value before and after pre processing are 
0.272 and 0.438 respectively. Average F1 value is calculated by using precision and recall values of 1000 test 
articles and the average F1 values before pre processing and after pre processing are 0.297 and 0.468 as 
mentioned in Table 4.1 and Table 4.2. 
 RIR approach performs better than all the approaches mentioned above for content word selection i.e. in 
estimating P(h

w
|a

w
). The appearance of a headline word h

w
 can be explained very well by some article words, 

the leftover article words should only get a small amount of credit for the appearance of the word h
w

 in the 

headline. This approach gives more credit to the words that explains headline word and for the remaining gives 
words small amount of credit by considering the co-occurrence count.  
 
5.6. Evaluation Of LM Approach For Content Word Selection And Language Complexity 

 
 Language modeling approach (LM) with relevance feedback performs better than all other approaches, 
proposed in this paper. The reason is that probability of selecting a word in an article as a headline word is 
limited by articles from the training corpus which are relevant to that particular word. So that the incorrect co-
occurrence of headline words with articles words can be reduced. By using EM algorithm, the probability of a 
word to select as a headline word can be iteratively maximized to. In this  paper, we used four iterations where 
the significant change in the probability value is very less. Precision and recall values are calculated for 1000 test 
articles. Average precision value before pre processing and after pre processing are 0.354 and 0.524, average 
recall value before and after pre processing are 0.287 and 0.462 respectively. Average F1 value is calculated by 
using precision and recall values of 1000 test articles and the average F1 values before pre processing and after 
pre processing are 0.316 and 0.491 as mentioned in Table 4.1 and Table 4.2. 
 

 
 
 
 
 

Figure 4.7: precision, recall and F
1
 measures of LM 

approach before and after pre processing 
  
 While comparing LM Approach with NB approach the precision, recall and F

1
 measures of LM is found 

to be better, since it gives more count to the co-occurrence instance of those article words that are strongly 
associated with the headline word ‘h

w
’. This process is carried out further by selecting the relevant articles of the 

word and by iteratively maximizing the probability score of the word with relevance feedback. Therefore, the 
method is able to reduce the amount of misappropriate evidence. Almost all the headlines created by the NB 
method are the most common headline words. In the paper, we achieved a better performance than the NB 
method by replacing the Naive Bayes estimation with the estimation by using relevance feedback for P(h

w
/a

w
). 

Based on these observations one can conclude that LM approach is a good estimator for selecting headline 
words. 
 For the NB method, the likelihood of P(h

w
/a

w
) is computed without taking into the consideration of 

correlation between different article words where as in LM method the competition between different article 
words is considered. Therefore, the LM approach gives a better estimation for P(h

w
/a

w
) than the NB method, 

which leads to better headlines. Though RIR approach performs well, this method is a non-statistical method. 
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The scores for headline words are not having the probabilistic interpretation, but LM approach assigns the 
probability scores to the words in the article. 
 The morphological complexity of the Telugu language and its influence on headline word selection is 
better understood by the F

1
 measure. Similarly the influence of each approach for headline word selection is 

measured with F
1 

metric. Table 4.1 shows the  F
1 

value for all six approaches before pre processing. 
 

  
 

 
Table 4.1: F

1
 scores before pre processing 

 
 
 
 
 

Table 4.2: F
1
 scores after pre processing 

6. Conclusions 
 We examined six different approaches for headline word selection. They are TF-IDF method, BWM 
approach, Nearest Neighbour method, Naive Bayes method, Reverse Information Retrieval method and 
Language modelling approach with relevance feedback. NN, NB, RIR, LM methods try to address two problems 
exists in BWM approach as specified in the problem statement. The foremost being finding all the words within 
the article as an evidence for selecting appropriate headline words and to estimate the probability P(h

w
/a

w
).  Out 

of all the methods adopted for headline word selection method RIR and LM approaches out performs the other 
methods. 
  Empirical studies show that these two methods perform better than remaining methods in terms of 
precision, recall and F1 scores. Based on the good performance of the LM approach compared to other methods, 
hence in this paper, we use the LM approach for headline word selection. Based on the above observations, one 
can conclude that a headline word selection method is able to use many article words as evidence for selecting 
headline words usually result in a better F1 score. But NB method performs poorly compared to other methods, 
though both the methods are considering all the words for headline word selection.  
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