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ABSTRACT – Presently, Nigeria is battling with Niger Delta Militancy and Boko Haram Insurgency, 
which have been agreed to be terrorism inclined. With the popularity of indigenous Nigerian online social 
media in Nigeria, the level of discourse on terrorism among Nigerians has increased. Hence, many 
research studies have been carried out on the Nigerian online social media discourse. However, few have 
studied sentiments on the terrorisms using Traditional Linguistics Approaches, which are generally 
unautomated. The focus of this paper was to predict the sentiments in support of terrorism in Nigeria 
social media using Computational Linguistics Approach, which has been efficient. Two popular articles 
on Niger Delta Militancy and Boko Haram Insurgency in the popular Nigerian Lindaikeji Blog were 
used. The corpus for Niger Delta Militancy contained 162 exemplars while Boko Haram contained 75 
exemplars.  Probability-based Polarity Scoring Tool was used to classify the corpuses of the two articles 
based on Natural Language Tool Kit lexicon as positive, negative and neutral. The negative corpuses were 
tagged as Sympathiser, Enthusiast and Actors.  Each corpus was divided into two sets with 75% used for 
training and 25% used for testing. Naïve Bayes (NB) and Decision Tree (DT) classifiers in Natural 
Language Tool Kit 3.2.4 were used for the prediction. The outcomes of the prediction of sentiments in 
support of Niger Delta Militancy showed that DT and NB recorded 0.75 and 0.5 accuracy respectively, 
while both NB and DT recorded 0.77 accuracy for Boko Haram Insurgency. Computational Linguistics 
Approach based on Decision Tree is recommended for predicting sentiments in support of terrorism in 
Nigerian online social media discourse. 
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I. INTRODUCTION 
The term terrorism is a controversial term that has attracted the attention of philosophers and scholars for long 
[1]. It has no unified agreed upon definition in English discourse [2]. Rather, it has various academic, official 
and popular definitions [3]. These definitions vary in different ways because of the difficulty of defining the 
term and because of the disagreement about the possibility of justifying it. Yet, these definitions share certain 
common features as they all view terrorism as an intended violence directed against governments or citizens for 
religious, economic or political gains. 
 
Presently, Nigeria has experienced terror actions in form of economic and political violence from the Niger 
Delta Militants in Southern Nigeria and religious extremists called Boko Haram in Northern Nigeria. Boko 
Haram Insurgency is one of several variants of radical Islamism to have emerged in Northern Nigeria. It claims 
to have its ideology embedded deeply in traditional Islamism. Its adherents are governed by the Quranic phrase: 
“anyone who is not governed by what Allah has revealed is among the transgressors” [4]. In 2009, the Boko 
Haram launched insurgency, desiring to create an Islamic state under the supreme law of Sharia. The Niger 
Delta Militancy evolved to reverse the economic and political conditions of the Niger Deltans [5].  The activities 
of Niger Delta militancy are inimical to economic growth as they have perpetrated several bombings of oil 
facilities and kidnappings of citizens. 
 
Over the years, the attacks by both Niger Delta Militants and Boko Haram actors have generated media and 
public discussions. These have attracted researches into the media and public discourses from traditional 
linguistic perspectives. The works include Chiluwa [6] Discourse Analysis, Agbedo [7] Stylistics, Elizabeth et 
al. [8] Pragmatics. With the advent of online social media, [9], [10], [11] conducted research on the bias of 
perpetrators in terrorism based on comments using Discourse Analysis. The result showed that online discourses 
exhibit both positive and negative bias, with most of the discourses positive. 
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In Computational Linguistics, works have been done on characterization, classification and prediction of 
sentiments on terrorism using twitter and other popular online social media. These include Terrorist Threat 
Identification using Semantic Associations and Complex Networks[12,13], Visual Analysis of Terrorists’ 
Networks extracted from Public Knowledge Bases [14], A Microblogging-based Approach to Terrorism 
Informatics: Exploration and Chronicling Civilian Sentiment and Response to Terrorism Events[15], Tweeting 
the Terror: Modelling the Social Media Reaction to the Woolwich Terrorist Attack [16], and Predicting 
Online Extremism, Content Adopters, and Interaction Reciprocity [17]. These works have studied foreign blogs 
such as tweets, which are unpopular used in Nigeria.  
 
This paper therefore studies indigenous Nigerian online social media discourses on terrorism with the objective 
of predicting sentiments that are in support of terrorism in Nigeria using computational linguistics approach. 
  

II. SENTIMENT ANALYSIS 
Sentiment analysis (also called sentiment mining, sentiment classification, opinion mining, subjectivity analysis, 
review mining or appraisal extraction, and in some cases polarity classification) deals with the computational 
treatment of opinion, sentiment, and subjectivity in text [18]. It intends to ascertain the attitude or opinion of a 
speaker or writer with respect to a certain topic or target. The attitude could reflect his/her judgment, opinion or 
evaluation, his/her affective state (how the writer feels at the time of writing) or the intended emotional 
communication (how the writer wants to affect the reader). 
 
The existing works on Sentiment Analysis based on Computational Linguistic Approach have employed Natural 
Language Processing using Lexicon and Machine Learning Techniques. The review of the works is presented 
below:  
 
Yi et al. [19] presented a Sentiment Analyzer for extracting sentiments about a given topic using Natural 
Language Processing Techniques. The research presented Sentiment Analyzer that extracts sentiment (or 
opinion) about a subject from online text documents. Instead of classifying the sentiment of an entire document 
about a subject, sentiment analyzer detects all references to the given subject, and determines sentiment in each 
of the references using natural language processing (NLP) techniques. The sentiment analyzer consisted of a 
topic specific feature term extraction, sentiment extraction, and (subject, sentiment) association by relationship 
analysis. Sentiment analysis utilized two linguistic resources for the analysis: the sentiment lexicon and the 
sentiment pattern database. The performance of the algorithms was verified on online product review articles 
(“digital camera” and “music” reviews), and more general documents including general webpages and news 
articles. 
 
Godbole et al. [20] presented a system that assigns scores indicating positive or negative opinion to each distinct 
entity in the text corpus for large scale analysis for news and blogs. The main goal of the researchers was to 
know how sentiment can vary by demographic group, news source or geographical location. By expanding the 
spatial analysis of news entities to sentiment maps , they identified geographical regions of favorable or adverse 
opinions for given entities. Lexicon approach was used. It assigned scores indicating positive or negative 
opinion to each distinct entity in text corpus. The system consisted of a sentiment identification phase, which 
associates expressed opinions with relevant entity, and a sentiment aggregation and scoring phase, which scores 
each entity relative to others in the same class. Finally, the work was evaluated in aspect of knowing the 
significance of scoring techniques over large corpus of news and blogs.  
 
Paltoglou et al. [21] performed sentiment analysis of informal communication in cyberspace. The authors 
studied and compared number of approaches for detecting whether a textual utterance is objective or subjective 
nature and in latter case detected the polarity of the utterance. The researchers addressed the problem of 
detecting and analyzing the affective content of textual communication in cyberspace. The ability to correctly 
identify the emotion state of the participant of virtual environment based solely on their textual input were 
argued, which is an important part of realistic and immersive environment that greatly enhances their overall 
experience. Experiments were carried out on real corpus of social exchanges in cyberspace and general 
conclusion was resulted down. Two datasets were used in order to explore whether lexicon or machine learning 
approaches are better suited to detect subjectivity and polarity in social textual exchange on the web. The first 
data was extracted from BBC messages Board, where registered users were allowed to start discussion and post 
comments on discussion on variety of topic. The result of the approach used by the researchers showed that 
lexicon based classifier was able to outperform supervised approach, especially in the task of detecting whether 
textual communication is objective or subjective. On the task of detecting the polarity, the lexicon based 
classifier outperformed other approaches in one of the two data set, indicating that a dictionary based classifier 
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would perform adequately in certain environments in cyberspace, elevating the need for developing training 
corpora of supervised algorithms. It was also showed that Naïve Bayes classifier was able to offer a more robust 
performance in comparison to the Maximum Entropy classifier, potentially because of the subtle differences 
between the training and the testing corpora.  
 
Rajan et al. [22] presented a work on Web Sentiment Analysis using Twitter data. The research was aimed on 
determining the sentiment of text whether is positive or negative. The study introduced the theoretical basis of 
opinion mining. The approach used in the project was used to determine the sentiment of texts, whether it was 
positive or negative by estimating the strength of polarity, significant features and weighted average for all the 
sentiment in textual data.  

 
Kaushik et al. [23] presented work on scalable, lexicon based techniques for sentiment analysis. The main focus 
of the research was to find a technique that can efficiently perform sentiment analysis on big data sets. A 
scalable and practical lexicon based approach for extracting sentiment using emoticons and hash tag was 
introduced. Hadoop software was used to classify twitter data without need for any kind of training. The 
approach used performed extremely well in terms of both speed and accuracy while showing signs that it can be 
further scaled to much bigger data set with better performance.  
 
Agarwal and Sureka proposed different machine learning strategies [24], [25], [26], [27] aimed at detecting 
radicalization efforts, cyber recruitment, hate promotion, and extremist support in a variety of online platforms, 
including YouTube, Twitter and Tumblr. Their frameworks leverage features of contents and metadata, and 
combinations of crawling and unsupervised clustering methods, to study the online activity of Jihadist groups on 
the platforms. 
 
The review showed that the works that were based on Lexicon Techniques were not fully automated while 
Machine Learning Techniques could not handle semantics. This paper combines Lexicon and Machine Learning 
Techniques in predict the sentiments in support of terrorism in Nigerian online social media in order to fill the 
limitation gaps in the two techniques. 
 

III. METHODOLOGY 
A. Framework for the Classification of the Sentiments 
The Sentiment Classification was carried out using Natural Language Processing involving both Lexicon 
Analysis and Machine Learning. 
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Figure 1: Schematic Diagram of the Framework for Classification of Sentiment 

Corpora were extracted from social media based on topics of discourse. The commentators’ texts form the 
exemplars which were checked by the Polarity System. The Polarity System classified the exemplars according 
to the opinions into Positive, Neutral and Negative. The exemplars in the ‘Negative’ opinion category were 
tagged based on the moods of the writings. The exemplars were modeled using Naïve Bayes (NB) and Decision 
Tree Classifier (DT). The modelling employed supervised machine learning technique. The accuracy of the 
prediction was used to evaluate the performance of the NB and DT classifier. Fig. 1 presents the schematic 
diagram of the framework. 
 
B. Data Collection 
The two corpora used for the analysis were obtained from Linda Ikeji’s Blog [28], which is the most popular 
and most visited blog in Nigeria. Linda Ikeji’s Blog is a blog dedicated to news, events, entertainment, lifestyle, 
fashion, beauty, inspiration and gossip. The blog was created in December, 2010 and has attracted 5,934,880 
profile views.  
 
The first corpus contained the discourse on article: Troops in 4 warships invade Niger delta in search of Niger 
Delta avengers, which consist of 162 comments [29]. The 162 comments formed the total exemplars used for 
the study of Niger Delta Militancy. 
 
The second corpus contained the discourse on article: Is Boko Haram that magnanimous?, which consist of 75 
comments [30]. The 75 comments formed the total exemplars used for the study of Boko Haram Insurgency. 
 
C.  Data Analysis 
The choice of classifier was limited to the library of classifiers available in Python NLTK 3.2.4 [31] as this was 
the toolkit chosen to classify the data. The evaluation carried out included: 

1) Polarity Scoring: The polarity scoring was used to determine the opinion or bias of the exemplars of 
the two corpora using probability score between -1 and 1. The closeness of the probability to the 
maximum scores determines the vector, which can be Positive, Neutral or Negative. The positive 
opinions are those which had more positive words. The neutral opinions are those which had more of 
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those words which appeared neither among positive nor negative words. The negative opinions are 
those which had more negative words.  

2) Sentiment Prediction: The negative opinions were selected and tagged based on the characteristic 
moods, which determines the sentiments.  The sentiments included Sympathizer, Enthusiast and Actor. 
Sympathizer is the sentiment group, which mood expresses sympathy. Enthusiast is the sentiment 
group, which mood expresses mild affection and passion. Actor is the sentiment group, which mood 
expresses strong affection and passion. The following algorithms were used to predict the sentiments:  

a. Naive Bayes was chosen because of its performance in previous works. Fig. 2 depicts the Naive Bayes 
model for text classification.  

 

 
Figure 2: Naïve Bayes Model [32] 

 
The model has D documents, each containing N words. The document is labeled a class Cd, which is 
generated by a distribution π. There are L different classes, each of which possesses a word distribution β l 
on a vocabulary of size. 

b. Decision Tree: Another method for classifying data in NLTK 3.2.4 [31] is the use of decision trees. 
Decision trees classify instances by sorting them based on feature values. Each node in a decision tree 
represents a feature in an instance to be classified, and each branch represents a value that the node can 
assume. Instances are classified starting at the root node and sorted based on their feature values. Decision 
trees because of its wide usage. The models are obtained by recursively partitioning the data space and 
fitting a simple prediction model within each partition.  

IV.  RESULTS 
A. Polarity Results 
The result of the polarity scoring tool on Niger Delta Militancy corpus showed that 65 of the 162 exemplars 
were negative opinion, 59 of the opinions were positive and 88 were natural. 
 
The result of the polarity scoring tool on Boko Haram Insurgency corpus showed that 29 of the 75 exemplars 
were negative opinion, 35 of the opinions were positive and 11 were natural. The results are presented in Table 
1. 

 
Table 1. Result of Polarity Scoring Tool  

Instances Positive Neutral Negative Total 
Niger Delta Militancy 65 88 59 162 
Boko Haram Insurgency 35 11 29 75 

 
B. Prediction Results 
Each experiment was conducted using 75% data as the training set and 25% of data for the testing. The 
extracted training set and test set for Niger Delta Militancy in Python NLTK is presented in Fig. 3 and Fig. 4 
respectively. The result for prediction of sentiments in support of Niger Delta Militancy in Python NLTK in 
terms of accuracy of prediction is presented in Fig. 5. The result shows the accuracy of prediction by Naïve 
Bayes and DT decision tree. Table 2 present the Prediction Accuracy for Naïve Bayes and DT decision tree. 
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Figure 3: Extracted Training Set for Niger Delta Militancy Corpus 

           

 
Figure 4: Extracted Test Set for Niger Delta Militancy Corpus 

 

          
Figure 6: Result for Prediction of Sentiments in support of Niger Delta Militancy 
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Table 2: Prediction Accuracy for Naïve Bayes and DT 

Classifier  Prediction Accuracy 
Naïve Bayes 0.5
DT 0.75

 

The extracted training set and test set for Boko Haram Insurgency in Python NLTK is presented in Fig. 7 and 
Fig. 8 respectively. The result for prediction of sentiments in support of Boko Haram Insurgency in Python 
NLTK in terms of accuracy of prediction is presented in Fig. 9. The result shows the accuracy of prediction by 
Naïve Bayes and DT decision tree. Table 3 present the Prediction Accuracy for Naïve Bayes and DT decision 
tree. 
 

           
Figure 7: Extracted Training Set for Boko Haram Insurgency Corpus 

 
Figure 8: Extracted Test Set for Boko Haram Insurgency Corpus 
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Figure 9: Result for Prediction of Sentiments in support of Boko Haram Insurgency 

 
Table 3: Prediction Accuracy for Naïve Bayes and DT in Boko Harm Insurgency 

Classifier  Prediction Accuracy 
Naïve Bayes 0.77
DT 0.77

 
In Fig. 10, a chart showing the comparison of the performance of Naïve Bayes and  DT in Niger Delta Militancy 
and Boko Haram Insurgency Instances of Terrorism is presented. 

 

     
 

Figure 10: Chart Showing the Performance of Naïve Bayes and  Decision Tree in Niger Delta Militancy and  
Boko Haram Insurgency Instances 

 
The results for prediction of sentiments in support of Niger Delta Militancy in Fig. 5 and Table 2 show that the 
accuracy of prediction by Naïve Bayes and DT decision tree were 0.5 and 0.75 respectively.  The results for 
prediction of sentiments in support of Boko Haram Insurgency in Fig. 9 and Table 3 show that the accuracy of 
prediction by Naïve Bayes and DT decision tree were 0.77 and 0.77 respectively. These show that DT is better 
than Naïve Bayes in predicting sentiments in support of Niger-Delta Militancy, while both Naïve Bayes and DT 
show same ability in predicting sentiments in support of Boko Haram Insurgency. The results showed that DT  
is a better choice than Naïve Bayes for predicting sentiments in support of terrorism in Nigerian online social 
media since the accuracy of DT in Niger-Delta Militancy and Boko Haram Insurgency were 0.75 and 0.77 
respectively.  
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V. CONCLUSION 

Terrorism is a menace, which has generated various opinions from bloggers in online social media in Nigeria. In 
this work, the opinions in blogs about Niger Delta Militancy and Boko Haram Insurgency were studied by 
classifying the opinions as positive, negative and neutral using Python NLTK lexicon. The outcome conformed 
to [9], [10], [11] in terms of the distribution into positive and negative opinions.  The sentiments behind the 
negative opinions were studied based on a subjective sentiment classification scheme of sympathizer, enthusiast 
and actors. Supervised Machine Learning Technique was used to model the prediction of the sentiments. The 
results of the model showed that Decision Tree is better than Naïve Bayes in the prediction of sentiments in 
support of terrorism in Nigerian online social media.    
 
Thus, Computational Linguistic Approach based on Decision Tree is recommended for predicting sentiments in 
online social media. In Future, different types of decision trees aside the NLTK Decision Tree and other 
classifiers will be applied to evaluate larger corpora. 
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