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Abstract—This paper deals with sentimental 

analysis of citations which help to find the links to 

the useful works. Citation is a reference to a 

published source. Sentimental analysis of citations 

will help naïve researches to identify the gaps in the 

research field so that they can focus their research 

on such areas. It will also help researchers to 

identify the useful citations in a research paper. In 

this work, the focus is on automatically identifying 

the positive and negative citations based on various 

features. 
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1. INTRODUCTION  

The growth of text in the World Wide Web has 

increased the opinion related information which is the 

main reason for growth of research in such areas. As a 

result of this, there is a need for extracting opinion 

related analysis which is now major application in 

various fields. 

There are many applications of Text analysis. One 

such application is text categorization of mails-spam 

or not spam mails. Another major application is 

sentimental analysis to identify and extract the 

important information from a document. Similar to 

these applications, there are various other applications 

like text clustering to automatically organize a specific 

set of documents, document summarization to provide 

the key idea of the entire document, identifying the 

name entity relations etc. 

Sentimental analysis is a field in text analysis that 

deals with extracting subjective information. This 

paper deals with automatic identification of positive 

and negative citations in a research paper. This sounds 

quite similar to the sentence based sentimental 

analysis but differs from it for various reasons. They 

are –A) Sentiments are not explicitly depicted in the 

sentences because they represent a state of fact and in 

most of the cases, they are neutral. B) The scope of 

influence of citations varies from a sentence to several 

paragraphs.  

The increasing availability of labelled data has played 

an important role in the application of supervised 

machine learning methods to sentiment analysis. 

These methods represent the labelled data in the form 

of a set of features. The features are then used to learn 

a function for classification of unseen data. So, the 

sentimental analysis is more like a classification task 

used to distinguish sentiments. 

This type of learning is called Supervised Machine 

learning. Sentiment analysis comes under the category 

of supervised machine learning. Supervised machine 

learning implies learning with the help of teacher. This 

generally means that the model is provided with a 

dataset containing labels. The dataset is split into 

training and test data. The model is trained with the 

help of training data and its accuracy is tested with the 

help of test data. Based on the accuracy of the model 

with the test data it is trained again until the desired 

accuracy is achieved. 

After a desired accuracy is achieved using test data, 

the model is made to predict the data without label into 

one of the labelled categories. The predicted output 

determines the sentiment in the sentimental analysis. 

The foremost trail of classifying the data is done by 

Pang. He used Naïve Bayes and support vector 

machines to classify the data into positive or negative. 

This was done by converting the rating given in stars 

into sentiment and classifying them into positive or 

negative. 

There are ways to do sentimental analysis using 

unsupervised ways. Unsupervised machine learning is 

training a machine using information that is neither 
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classified nor labelled. This learning methodology 

allows machine to act on the data without guidance. 

Here the task of machine is to group the unsorted data 

based on the similarities or patterns. 

In this unsupervised learning the sentiment should be 

developed with the help of a lexicon in an 

unsupervised way and then classify the input text as 

positive, negative or neutral. 

Citation tracking is one of the difficult tasks as 

citations are quoted in different research papers in 

various styles. In this research paper, we focus on 

citations in one particular style. In this work, we argue 

all citations are not equal. Citation sentiment helps in 

determining the quality of the paper for ranking in 

citation indexes by including negative sentiment in 

weighting schemes. This is used for building 

personalized page rank and also for recommending 

articles based on citations.  

2.RELATED WORK 

Many researchers have addressed the problem of 

classifying sentiment into different categories. The 

simplest example is the work by Pang et al. (2002)[3], 

who proposed methods to automatically classify the 

movie reviews into two categories: positive and 

negative. This categorization is also known as 

sentiment polarity detection or simply polarity 

detection. While Pang only restricted himself to two 

categories. This caused a problem of classifying the 

category which is neither positive or negative. This 

issue is solved by introducing a new category in 

sentimental i.e. neutral. Three category classification 

is sufficient to classify the sentiment in most of the 

cases. 

Another type of classification is based on classifying 

the polar text from neutral one. The text containing 

polarity is called subjective text while the text 

containing no polarity is called objective text. Pang 

and Lee (2004) [3] firstly classified the text into 

subjective and objective text and then extracted the 

subjective text for polarity classification. 

Wiebe and Mihalcea (2006) addressed the task of 

automatic identification of word senses.  

Hatzivassiloglou and McKeown (1997) retrieved 

positive or negative semantic orientation information 

only for adjectives.  

Marco Venezuela, Vu Ha and Oren Etzioni paper 

named Identifying meaningful citations is first to 

tackle the important task of identifying important 

citations, which, that will ultimately improve many 

applications that focus on tracking scholarly citations, 

such as detecting and following research trends, or 

quantitatively measuring the quality and impact of 

publications. The process in this paper achieved an 

accuracy of 0.6. The authors classified the citations 

into important and non-important categories. 

Simone Teufel, Advaith Siddharthan, Dan Tidhar 

proposed a method for automatically classifying the 

citation function. In this paper, they addressed citation 

function as an author’s reason for citing a given paper. 

In their paper, they mentioned that the classification of 

citation function has many applications i.e. from 

improving of impact factor calculations to text 

summarization techniques. In this paper, they also 

quoted that their method will help in providing more 

informative citation indexes. The authors used cue 

phrases as a feature to input into the citation function. 

Amjad Abu-Jbara and Dragomir Radev proposed a 

method of summarizing a research paper based on 

citations. In this paper, text written by various 

researches is leveraged to gather the important aspects 

of the research paper. In this paper, the authors 

summarize the research papers based on the sentences 

containing citations called citation sentences. 

According this paper, the citation summary is far more 

informative than the text-based summarization of a 

paper. 

Elkiss et al. (2008) performed a study on citation 

summaries and their effect. They concluded that 

citation summaries are more focused and contain more 

information than abstracts and also text-based 

summaries. 

Qazvinian and Radev (2008) proposed a method for 

summarizing scientific articles by creating a network 

of citation sentences. that cite the target paper and then 

they applied network analysis techniques for those 

citations. For summarization they first extracted the 

lines containing important key phrases. 

Awais Athar (2012) has prepared a corpus by 

examining various papers and manually identifying 

every citation and assigning the sentiment to the 

citation. He restricted himself to the field of computer 
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linguistics. This corpus nearly consists of 8000 

citations with labels containing positive, negative and 

neutral. This dataset is made publicly available 

through this link-

https://cl.awaisathar.com/citationsentimentcorpus/cita

tion_sentiment_corpus.zip. 

3.PROPOSED METHODOLOGY 

Firstly, to do the citation sentiment analysis we used 

the dataset prepared by Awais Athar. This dataset 

consists of 8736 citations containing positive, 

negative, neutral citations. We divided the dataset in 

the ratio 1:10 for training and testing i.e. 736 for 

training the model and the remaining 7,264 citation 

sentences for testing.  

This data contains citations to 196 target papers by 150 

unique first authors. With respect to sentiment, it 

contains 244 negative,743 positive and 6,277 

objective citations. This dataset is fed into Support 

Vector Machine for classification. 

For a target paper P, the criteria for marking negative 

sentences is the presence of any one of the following: 

  Direct mention of a problem or shortcoming 

in P. 

 Comparison of P with some other paper Q, 

where Q can be the citing paper, such that Q 

improves upon P by using a better approach. 

 Comparison of P with some other paper Q, 

where Q can be the citing paper, such that Q 

outperforms P in some objective evaluation. 

 

The criteria for marking positive sentences for a target 

paper P is the presence of any of the following: 

  Direct mention of an advantage of P. This 

includes references to methods and 

techniques with attributes like efficiency and 

success. 

 Comparison of P with some other paper Q, 

where Q can be the citing paper, such that P 

improves upon Q by using a better approach. 

 Comparison of P with some other paper Q, 

where Q can be the citing paper, such that P 

outperforms Q in some objective evaluation 

measure. 

 

Remaining all are labelled as neutral citations. These 

citations are said to contain no polarity. 

This dataset is collected from the above link as .txt 

format and is taken as input as .csv file. All the 

citations in the dataset are processed one by one and 

split for every new line. All the full stops and digits are 

removed using regular expressions.  

 If the citation is labelled as neutral, then the 

sentiment is assigned as 0.  

 If the citation is labelled as negative, the 

sentiment is assigned as 1. 

 If the citation is labelled as positive, the 

sentiment is assigned  

as 2. 

This data is put into a data frame for easy retrieval. 

The data is split such that there is perfect amount of 

data for both training and testing. We chose TF-IDF 

vectorizer for vectorizing the data and SVM for 

classification. SVM is supervised machine learning 

algorithm both for classification and regression. SVM 

draws hyperplane by transforming our data with help 

of mathematical functions called “kernels”. Types of 

kernel are linear, sigmoid, RBF, polynomial, etc., The 

tuning parameter kernel “RBF” is for non-linear 

problems and it is also a general -purpose kernel used 

when there is no prior knowledge about the data. 

Here, we used n-gram as a feature for training the data. 

N-gram is a continuous sequence of the text where n 

refers to the length of the sequence. If n=1 then it is 

called as unigram. If n=2, then it is called as bigram. 

If n=3, then it is called as trigram.  

For example, if we have a sentence “The result is bad.” 

Unigrams: The-result-is-bad. 

Bigrams: The result-result is-is bad. 

Trigrams: The result is-result is bad. 

4grams: The result is bad. 

In this problem, we restrict ourselves to the n-grams of 

length 1 to 3. 

The below figure represents the overview of the 

number of citations extracted and cited as neutral, 

positive and negative. There are 7527 citations termed 
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as neutral, 829 termed as positive and 282 termed as 

negative. 

3.1 SYSTEM ARCHITECTURE 

 

          FIG-1: ARCHITECTURE 

4. CLASSIFICATION ALGORITHMS 

In this work, Support Vector Machine algorithm is 

applied for the sentiment analysis of citations. Support 

Vector Machine offers very high accuracy compared 

to other classifiers like decision trees and logistic 

regression. It is known for its accuracy in text 

classification. It is used in various applications like 

face detection, classification of e-mails, sentiment 

analysis, intrusion detection, classification of news 

articles, genres, web pages, handwriting detection etc. 

The Support Vector Machine classifier uses a 

hyperplane for separating the data points with largest 

amount of margin. So, it is also called as 

discriminative classifier. It finds a new hyperplane for 

classifying new data points. It generates hyperplane in 

an iterative manner to minimize an error.  

SVM not only used for classification problems but 

also used for regression problems. It can easily handle 

multiple continuous and categorical variables. The 

main idea of SVM is to build a maximum marginal 

hyperplane (MMH) that best divides dataset into 

classes. 

Support Vectors are the points closest to the 

hyperplane. These points are the ones which decide the 

separating line better by calculating margins. These 

points are more relevant to the construction of the 

classifier. A hyperplane is a plane that separates the 

data points into different class members. 

A margin is a gap between the two closest points. This 

is calculated by measuring the perpendicular distance 

from the line to the support vectors or the closest 

points. If the margin is large then it is considered to be 

good. If the margin is small then it is considered to a 

bad margin between classes. 

 

    FIG-2: SUPPORT VECTOR MACHINE 

4.1 HOW DOES SVM WORK? 

The main objective of SVM is to segregate the dataset 

into the best possible way. The objective is to draw the 

hyperplane between the classes such that the margin is 

much larger between the support vectors. 

SVM generates various hyperplanes between the 

support vectors and selects the best hyperplane by 

calculating the margin for those hyperplanes and 
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deciding the hyperplane that divides the support 

vectors with the largest margin. 

 

FIG: SUPPORT VECTOR MACHINE 

HYPERPLANES 

Some points cannot be classified with the linear 

hyperplane. In such cases, SVM uses the kernel trick 

to classify the points. 

There are three types of Kernels in SVM for 

classification. They are Linear Kernel, Polynomial 

Kernel and Radial Bias Kernel. 

 

FIG-3: POINTS THAT CAN’T BE CLASSIFIED 

USING LINEAR HYPERPLANES 

4.2 PROCESS 

 Set-up the environment with all necessary 

packages like re, Scikit-learn,  

 Download the corpus which is openly 

available from the link-- 

https://cl.awaisathar.com/citationsentimentc

orpus/citation_sentiment_corpus.zip. 

 Pre-process the data using regular 

expressions. 

 Split the dataset into training and testing set.  

 Vectorize the data using TF-IDF vectorizer 

with n-grams as features in conjunction with 

max document frequency and also max 

features. 

 Feed the vectors into the classifier Support -

Vector classifier with Radial Bias Kernel. 

 Test the accuracy of the model using the test 

data. 

 If there is no significant accuracy, then re-

train the model by changing the features and 

again test the accuracy of the model on the 

test data. 

 Stop after significant accuracy is obtained. 

 

4.3 TUNING HYPER-PARAMETERS 

Kernel: The main aim of the kernel is to transform the 

given dataset input data into the required form. There 

are various types of functions such as linear, 

polynomial, and radial basis function kernels (RBF). 

Polynomial and RBF are useful for non-linear 

hyperplane. Polynomial and RBF kernels compute the 

separation line in the higher dimension. In some of the 

applications, it is suggested to use a more complex 

kernel to separate the classes that are curved or 

nonlinear. This transformation can lead to more 

accurate classifiers. 

Regularization: Regularization parameter in python's 

Scikit-learn C parameter used to maintain 

regularization. Here C is the penalty parameter, which 

represents misclassification or error term. The 

misclassification or error term tells the SVM 

optimization how much error is bearable. This is how 

you can control the trade-off between decision 

boundary and misclassification term. A smaller value 

of C creates a small-margin hyperplane and a larger 

value of C creates a larger-margin hyperplane. 

5.RESULTS 

The N-grams of length one (unigrams) and length two 

(bigrams) have shown better results compared to the 

N-grams of length three (trigrams) in the sentiment 

classification of citations.  
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The f1-score measure for the unigrams is 0.8581 and 

is observed to be decreased for bigrams i.e. 0.8539 and 

for trigrams is 0.8512. 

F1=2*precision*recall∕ precision + recall                    

Precision=TruePositives/(TruePositives+ False 

Positives)  

Precision=TruePositives/(True Positives+False 

Negatives) 

We have also verified our results by training the same 

data by using Naïve-Bayes algorithm by preprocessing 

the data by removing stop words and tokenizing the 

data and then stemming the data. 

After stemming the data, those words are fed into the 

model and the model is trained with the train data. 

Then the accuracy has been tested with various 

accuracy measures.  It is found that SVM performs 

better than Naïve-Bayes algorithm even after 

randomization. 

 

FIG-4: COMPARISON CHART OF SVM AND 

NAÏVE BAYES ACCURACY 

 Support Vector Machine Naïve Bayes 

Accuracy 0.8682 0.561 

 

TABLE-1:COMPARISON OF ACCURACY OF 

SUPPORT VECTOR MACHINE AND NAÏVE 

BAYES CLASSIFIERS. 

Conclusion-1: The accuracy of the Support Vector 

Machines is found to be 0.8682 which is better 

compared to the Naïve Bayes algorithm. SVM is 

observed to perform better in sentimental analysis of 

citations compared to Naïve Bayes algorithm. 

 

 

FIG-5: COMPARISON OF ACCURACY OF 

NGRAMS  

Category F_SCORE 

unigrams 0.8678 

bigrams 0.8686 

trigrams 0.8690 

Four-grams 0.8682 

 

TABLE-2: COMPARISON OF ACCURACY OF  

 N-GRAMS  

Conclusion-2: The SVM model is trained with various 

features like unigrams, bigrams, trigrams and four 

grams. With trigrams as the feature, the accuracy is 

observed to be 0.8688 which is highest compared to 

all the other accuracies which are observed as 0.8678, 

0.8686, 0.8682 of unigrams, bigrams and four grams 

respectively. 
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FIG-6: COMPARISON OF ACCURACY OF 

MAX_DOCUMENT FREQUENCY 

Category F_Score 

max_df=0.25 0.86813 

max_df=0.50 0.86844 

max_df=0.75 0.86844 

max_df=1.00 0.86844 

 

TABLE-COMPARISON OF ACCURACY WITH 

RANGE OF MAX-DF VALUES 

Conclusion-3: Max_df is the threshold of the 

Maximum Document Frequency of a token. This can 

help limit the words that may appear more frequently 

in the corpus. Another way of saying it is corpus-

specific stop words. Max_df 0.5,0.75,1.00 have 

observed to produce same accuracy i.e. 0.86845 

whereas with Max_df 0.25 accuracy is 0.868135. 

Category F_Score 

max_df =None 0.86441 

max_df =500 0.86811 

max_df =1000 0.86874 

max_df =5000 0.86844 

max_df =10000 0.86844 

 

TABLE: COMPARISON OF ACCURACY OF 

RANGE OF MAX_DF VALUES 

 

FIG-7: COMPARISON OF ACCURACY OF 

MAX_FEATURES 

Conclusion-4: TF-IDF vectorizer transforms each 

token into a predictive feature and with text data this 

features size could be in some millions. Max Features 

is a parameter that will limit how many of these 

features that can be used as predictors. Using in 

conjunction with n-grams it will also convey which 

ones are the better with frequency. In this project, we 

investigated a range of max features. The accuracy 

was high when max features are 1000. 

6.APPLICATIONS AND FUTURE WORK 

The sentiment analysis of citations is an attractive task 

and has applications helpful for the researches. 

Analyzing the citations which are positive can help 

one to identify good works about the paper. Such 

citations can help the researcher for identifying 

citations to cite in his paper. 

Analyzing the negative citations can help in 

identifying the shortcomings and gaps in the research 

paper. Such unaddressed areas and gaps in the research 

field will help the novice researchers who are 

searching for a problem to target their work on. 

Citation sentiment can be used for determining the 

quality of the paper for ranking in the citation indexes 
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by including the negative citations in the weighting 

scheme. Ranking algorithms such as PageRank has 

been already extended to include negative edge 

weights for various domains. For citations, these 

negative edge weights have to be included for 

designing personalized ranking and recommended 

systems for the articles. 
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