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Abstract: Capturing public insights related to transit systems 

in social media has gained huge popularity presently. The 
regional transportation agencies use social media as a tool to 
provide information to the public and seek their inputs and ideas 
for meaningful decision making in transportation activities. This 
exploratory study attempts to gauge the impact of social media use 
in transportation planning that in turn would help transportation 
administration in identifying the day-to-day challenges faced by 
the customers and to suggest a suitable solution. This paper 
presents the effect of pre-processing techniques on transit opinion 
analysis to improve the performance. Performance of different 
pre-processing methods namely stop word removal, stemming, 
lemmatization, negation handling and URL removal using 
feature representation models namely TF-IDF with unigram, 
TF-IDF with bigram on three feature selection techniques 
including information gain, standard deviation and chi-square on 
social media transit rider’s opinion is carried out. The 

experimental results are evaluated using four different classifiers 
such as Support vector machine, Naïve Bayes, Decision Tree, 
K-Nearest Neighborhood in terms of accuracy, precision, recall, 
and f-measure. On analyzing the social media related transit 
opinion data, it is observed that pre-processing with bigram 
technique performs better than the other approaches specifically 
with Support Vector Machine and Naïve Bayes. 
 

Keywords: Feature selection, Machine learning, Opinion 
mining, Text pre-processing, Twitter, Transit opinion analysis, 
Social media. 

I. INTRODUCTION 

The use of social media in public transportation has gained 
enormous development in this digital era in terms of 
efficiency. Transportation organization raises the economic 
growth with the perspective of the well-being of users using 
social media as a platform, who share their opinions, access 
the employment, services and social connections. 
Transportation stakeholders not only forecast the ups and 
downs occurring in the transportation domain but also 
understand the customer's expectations and needs in terms of 
quality of services on exploring the reasons for facing 
dissatisfaction.  
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Transportation-related data in social media has gained 
significant importance in transportation research. The Natural 
Language Pre-processing and sentiment analysis techniques 
are applied in the domain of transportation for transportation 
tweet assessment. The major concern faced by railways today 
is its ineffectiveness to meet the requests of its customers. In 
addition,  the quality of services is monitored continuously by 
users and their opinions are posted on social media 
cleanliness, timeliness of administrations, security, nature of 
terminals, dimensions of trains, quality of food, the security of 
travelers and facility of booking tickets are issues that require 
demanding consideration. With an increase in the evolution of 
online social networks, social media has become an emerging 
area in handling massive input and output of user-generated 
information. Today, the predominant type of investigation of 
social media information depends upon text mining and 
natural language processing techniques such as sentiment 
analysis. Public transportation tweet analysis is used to study 
traveler opinions, sentiments, attitudes, emotions, evaluation 
towards certain aspects of traffic-related features and to 
classify traveler’s responses as positive or negative. Tweets 
are typically made of incomplete, noisy, unstructured 
sentences, not well-shaped words, unpredictable articulation 
and non-lexicon terms. Though numerous algorithms for the 
detection of opinion analysis on huge datasets with the 
extraction of sentiment features to perform various 
performance analyses are proposed by researchers, efficient 
schemes to select suitable pre-processing methods is not 
addressed much. Pre-processing is a method of removing 
noisy data and preparing the text for classification. Prior to 
performing feature selection, sequences of text 
pre-processing methods (stop word removal, lemmatization, 
stemming, URL removal and negation handling) are used to 
remove noise in the tweets. This paper presents the 
comparison of various text pre-processing methods on social 
media transit opinion analysis. The feature representation 
models namely, TF-IDF using unigram and bigram and 
classifiers such as SVM, NB, DT, and KNN are used to 
classify sentiment polarity on the social media transit 
opinions. Out of 168 combinations of commonly used 
techniques on transit dataset for opinion analysis, the results 
show that the significance with pre-processing using bigram 
achieves better classification performance and is used to 
analyze and identify public attitudes or opinions towards 
transportation activities effectively. 
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The rest of this paper is organized as follows: Section 1 
presents the introduction and section two discusses the related 
research on social media transit tweet analysis, pre-processing 
techniques for sentiment analysis. Section three highlights the 
research gaps in the domain of interest. Section four presents 
the methodology of social media related transportation tweet 
analysis is presented in section four and experimental results 
are in section five. Discussions and comparative analyses are 
provided in section six. Conclusion and future work presented 
in section seven.  

II.  RELATED RESEARCH 

A. Social Media in transportation tweet assessment 

[1] Presented a methodology for the automatic extraction of 
transportation-related information from TripAdvisor. [2] 
Proposed a deep learning approach for detecting accidents 
using social media data. [3] Presented a fuzzy ontology-based 
opinion mining of transportation city features such as bus and 
train stations, parks, restaurants, etc., for safe and secure 
traveling and for increasing the transportation facilities. [4] 
discussed a methodology that scrutinizes and visualizes the 
geotagged social media data to know the destination choice 
and business clusters. [5] Presented a case study on the 
investigation of social media approaches for transportation 
information management during the commonwealth games. 
[6] Presented a methodology for collecting public insights 
from social media. The proposed approach is pragmatic to a 
case study on the bus rapid transit system in Colombia. [7]  
Studies the traveler insights of destination amenities through 
the hybrid approach of visitor’s online reviews by using 

sentiment analysis and co-occurrence analysis. [8] Presented 
a methodology and highlights the challenges faced in the 
extraction of transportation-related information from social 
media and an investigation of Twitter messages for 
identifying the transportation-related social media tweets. 
[9]-[11] Presented a methodology for stakeholder sentiment 
classification which identifies the opinion of the stakeholders 
during the large-scale transportation project at initial stages.  

[12][13] Discussed the extraction of various aspects of 
transportation information from social media, which is 
examined and revised based on human perceptions. [14] 
Proposed a methodology that explores the abilities to make 
use of geotagged social media twitter data and investigate the 
longitudinal travel behavior analysis. [15] [16] Presented an 
approach that integrates the text mining techniques and 
ensemble methods which increases the performance of 
models for predicting the severity of rail accidents. [17] 
Explores the prediction of transportation sentiment 
classification using Instagram social media features. The 
combination of visual and textual features increases the 
accuracy of predicting transportation sentiment classification. 
[18] Proposed a methodology for creating the transportation 
ontologies and semantic services for extracting the 
transportation-related information which is used in the 
intelligent transportation system domain.  

[19] Presented an approach for the detection of real-time 
traffic events using social media tweets. The methodology is 
applied to two metropolitan regions. [20] Presented an 

approach for identifying and detecting the railway safety 
assessment and risk circumstances using big data analytics. 
[21] Discussed an approach for extracting the information 
from social media and developed an innovative product and 
services for the transportation domain using automated 
content analysis. [22] [23] Discuss big data analytics to 
simplify social media mining and estimation on the 
improvement of rail service performance. [24] Presented a 
topic modelling and unsupervised machine learning method 
for transit services using social media related transit data. [25] 
Presents the challenges faced in large scale transportation 
operations in Indian railways. [26] Presented a survey using 
social media on collecting transportation information, 
creating transportation lexicon, transportation planning, 
operations, opportunities and challenges in transportation 
domain. 

B. A review of pre-processing techniques using 
sentiment analysis 

A methodology on the comparison of text pre-processing 
techniques using twitter datasets for sentiment classification 
are presented in [27]-[31]. [32] Discuss a methodology for 
handling negation sentiment analysis at sentiment level. [33] 
Proposed an approach using clustering algorithms for 
document sentiment classification. [34] Proposed a 
framework using text pre-processing and n-gram to find slang 
words in twitter sentiment classification. [35] Proposed a 
methodology on parallel implementation of text 
pre-processing techniques for sentiment classification using 
the twitter dataset. [36] Discussed a methodology on Arabic 
sentiment classification using text pre-processing, n-gram and 
machine learning techniques. [37] Presented an approach for 
sentiment classification using text pre-processing techniques, 
feature representation and support vector machine on movie 
reviews. [38] Proposed a methodology on the integration of 
unigram, bigram, NB and maximum entropy for text 
pre-processing sentiment classification on twitter dataset. 
[39] Presented an approach for accumulating and executing 
the geo-tagged tweets. [40], [41], [42] Discussed a twitter 
brand sentiment classification using n-gram and statistical 
schemes.  

III. RESEARCH GAPS 

 A methodology of text mining with a combination of 
techniques to automatically detect the accident severity is 
[16] presented.  It requires probabilistic models for 
assessing accident severity. 

 A methodology of Tensistrength approach to detect 
stress and relation views in the social media text [43]. 
The performance of Tensistrength is less compared to the 
generic machine learning techniques based on unigram, 
bigram, and trigram. Focus on reduced feature size with 
an emphasis on increasing performance is required.   

 An automatic framework for extracting and analyzing 
social media data related to the transportation domain. 
Crowdsourcing is required to annotate the tweets which 
reduce the cost, time and human effort [8].  
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It requires normalization of tweets as well as the removal 
of stop words.  

IV. SOCIAL MEDIA TRANSIT TWEET 

ASSESSMENT 

Raw data (transportation tweets) is used to build public 
transportation tweet analysis. The partial noise and 
incompatible data are removed by incorporating text 
pre-processing and natural language processing techniques. 
Through pre-processing, tweets are normalized and 
transformed into a vector representation. Each tweet of the 
raw data is represented in terms of row values for each 
feature. The input vectors are fed into each feature selection 
phase and are used for extracting the relevant and useful terms 
for training the classifier model. These feature values are used 
as input for each of the machine learning classifiers. The 
output of the classifiers is used for classifying the 
transportation tweet as either a positive or a negative tweet.  

A. Transit tweet collection 

Twitter allows accessing only 1% of its tweets through 
streaming Twitter API due to its boundaries of company 
policies. However, researchers prefer real-time datasets for 
experimentation. Hence, the available transportation-related 
tweets are used as the only source. Research mainly focuses 
on the streaming of transportation tweets analysis which can 
be accessed and determined from Twitter. As Twitter does not 
automatically label the huge amount of user-generated data, 
physical labelling is performed. The transportation dataset 
extracted contains 11000 tweets from India during 2017 over 
the course of 30 days’ time frame. Tweets are accumulated 

using the Twitter Streaming API from @RailMinIndia. 
Tweets are extracted and stored in CSV format which 
contains text, favorite count, reply to screen name, created, 
truncated, reply to Sid, id, reply to the user id, status source, 
screen name, retweet count, is a retweet, retweeted, 
longitudes and latitudes. The reviews or tweets are selected 
from the downloaded twitter information. For example, 
consider a mining railway transportation tweet from social 
media:   “@RailMinIndia Really a proud moment. pls, carry 
forward all good works of your predecessor”. 

B. Text pre-processing techniques for transit tweet 
analysis 

Raw data is accumulated and pre-processing is applied. The 
input data must be clean from punctuation marks such as 
numbers, symbols, commas, punctuations, periods and 
convert upper case to lower case. The pre-processing task 
incorporates cleaning, tokenization, normalization, removal 

of stop words, stemming, lemmatization, negation handling 
and removal of URL links in the text.  
 Stop word removal: Stop words are words such as “the”, 

“i”, “we”, “a”, “and” etc., which are removed in the 

pre-processing stage. These words occur frequently in 
the sentence which has no meaning and affects the 
classification performance.  

 Stemming: Stemming is the process of removing the 
inflected word in order to detect the root word. For 
example: “@drashok08 @RailMinIndia @nr_ctg 
@PiyushGoyal PCM has been advised to attend you 

immediately”. Immediately is stemmed into 

immediate, advise is stemmed into advice. All 
stemmed words are grouped into one bucket form to 
reduce the dimensionality of words. Stemming 
increases the classification performance. The porter 
stemmer algorithm is used in the proposed 
methodology.  

  Lemmatization: Lemmatization is the process of 
converting inflected words to the root form. For 
example “drove” is converted into “drive”. 

 Negation handling: Generally, negation plays an 
important role in sentiment classification. For 
example: “The journal wasn’t good it was horrible”. 

Neglecting the negated words causes misclassification 
and results in poor performance. Negation words 
(won’t, can’t, shouldn’t, couldn’t, wouldn’t, hadn’t, 

hasn’t, haven’t, etc.,) is replaced with not.  
 URL Removal: Most of the twitter information contains 

a URL and an https link. It does not contain any 
meaning in the sentiment. Removing the URLs from 
the twitter information refines the tweets. For 
example:” @oneindiaHindi @PiyushGoyal 
@PiyushGoyalOffc @RailMinIndia Plz check the 
behavior of tt of train no. 12872 from sb… 

https://t.co/Su8b4MQGkO”.  

C. Term frequency-inverse document frequency 
(TF-IDF)  

The vector space model has frequently used representation in 
text processing. In the feature transformation phase, tweets 
are represented via the vector space model associated with the 
TF-IDF scheme. The tweets or opinion (R) is represented as 
vector Rj = (w1j, w2j, w3j,…….wtj) and the individual 
dimension corresponds to a separate word (w) or term for the 
opinion j. Term frequency measures the frequency of the term 
in a document [44][45]. Term frequency of tf is defined as 
follows, 
 

              tfij = nij/Nj                                                                                     (1) 
 
Where nij is the number of times term i occurring in tweet j 
and Nj is the total number of terms in tweet j. Inverse 
document frequency (IDF) measures the importance of a term 
in the dataset, 
  
  idfi= log(D/di)                (2) 
 
in which, d is the number of tweets in which the term i occurs 
and D is the total number of tweets. The TF-IDF is the most 
extensively accepted term weighting scheme used in 
information retrieval and text mining. It measures the 
significance of a specific word in the document as well as in 
the corpus through inverse document frequency.   
 
tf idf = tfij * idfi                                                     (3) 
 
Where tfij is the term frequency of term i and idfi is the inverse 
document frequency of term i. 

https://t.co/Su8b4MQGkO
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D. N-gram model 

 N-gram is a probabilistic language model extensively used in 
sentiment classification. It is mostly used to measure a 
contiguous sequence of sentence or words in the corpus, 
where N is the sequence of words (n=1) unigram, (n=2) 
bigram, (n=3) trigram [41],[42],[46]. For example: 
“@RailMinIndia Sir “local” “train is” “scheduled very late”. 

Pls, focus on train timings very poor service in NR special 
Delhi to Ghaziabad”. The word unigram is “local”, bigram is 

“train is” and tri-gram is “scheduled very late. 

E. Chi-Square (χ
2) 

Chi-Square test is a statistical measure that estimates the 
dependence between a feature and a class. The higher value of 
chi-square states that the related class is more dependent on 
the available feature which implies that a lower value of 
chi-square must be removed as it contains less information 
[47]. It is applied for text mining, where terms or words or 
N-gram are features. The 2-by-2 contiguous table for feature f 
and class c is defined as follows:  
 

χ
2 =                                (4) 

   
where P is the number of documents in class c that contains 
feature f, Q is the number of documents in alternate class that 
contains f, R is the number of documents in class c that does 
not contain f, S is the number of documents in an alternate 
class, that does not contain f, and N is the aggregate number of 
documents. 

F.  Information Gain  

The most common feature selection method for sentiment 
analysis is information gain. This method determines the 
information content after getting the value of a feature in a 
document. The higher score of information gain facilitates 
discrimination between different classes. The entropy value is 
defined by the uncertainty of the probability distribution for 
the given classes. Consider m to be the number of classes in C 
= {c1,c2…..cm}where the entropy can be defined as [47], 
 
H (C) =           (5) 
 
Where  is the probability of a number of documents in 
class ci. If an attribute A has n distinct values A = {a1, a2, …… 

an} then the entropy after  the attribute A is observed as 
follows 
 
H (C|A) = (6)
            
Where the probability of the number of documents 
containing the attribute value  and  is the 
probability of the number of documents in class  that 
contains the attribute value  Information gain is defined 
based on the difference in entropy values before and after the 
attribute observation as 
   
IG (A) =H (C) – H (C|A)            (7) 

G. Standard Deviation  

Standard deviation is the probabilistic and statistical measure 
that estimates the deviation or variation of features.  The low 

standard deviation shows that a feature point tends to be close 
to the mean and the high standard deviation shows that the 
feature points are extended out over a large range of values. 
Let D={d1,d2,d3….dN}the set of documents, where di is the 
document and l ={l1,l2,l3……lN}is the label set of documents 
used for sentiment classification, li=+1  represents the positive 
sentiment of the text document and the negative sentiment of 
the text document represents li=-1. Let (li, di) be the training 
set of classifiers used for predicting unknown label 
documents [48]. The standard deviation is calculated as 
follows 
 

j   = ij       where j=1…..M         (8) 

SDj=  where j=1…..M      (9) 

 
Where fij signifies the weight of jth feature measured by the 
TF-IDF scheme to the ith document, j indicates the mean or 
average of jth feature, SDj indicates the standard deviation of 
the jth feature, M signifies the number of features and N 
signifies the number of documents. 

H.  Naïve Bayes  

Naïve Bayes classifier is a popular and effective algorithm 
used for text classification. The bayesian probabilistic model 
assigns a posterior class probability to an instance and follows 
Bayes rule for generating the documents. Let Y be the class 
label, X be the projection of tweet into a feature vector X = 
[X1, X2…… XN], N is the dimension of the feature vector, 
where the total number of words and combinations in the 
corpus is positively correlated with the event. The Bayes 
theorem is used to estimate the conditional probability as 
follows [49],[8]. 
 

    (10) 

 
Where P(Y) is the probability of a class, P (X|Y) is the 
conditional probability. To simplify the joint conditional 
probability , X has high dimensional feature vectors. 
To reduce the complexity of high dimensionality, Naïve 
Bayes classifier assumes the conditional independence of all 
features such that they are conditionally independent of one 
another. 
 

     (11) 
     
which can be further simplified as  
    

    (12) 
  
where all features are sorted in the order, in which correlated 
feature instances stay first and independent features follow 
them. The correlated instances are indicated by the symbol  
in the first and the last positions and the j th to ith positions 
indicate independent features. Probability of a set of instances 
of all feasible instances of a class variable y* is estimated and 
the output with maximum probability is determined as 
 

              (13) 
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I. Support Vector Machine 

The support vector machine is a powerful supervised machine 
learning algorithm for text and sentiment classification. It 
separates the training data instances into binary classes using 
the decision boundaries. The decision depends on the support 
vectors that are the only selected efficient instances in the 
training dataset. SVM is originally designed for binary class 
problems that deal with maximizing the margin and 
separating the hyperplane between two data instances. Let X 
be the labeled training feature vectors (x1,y1),….(xn, yn), and 
each training instance xi ϵ RN       is designated label as yi ϵ {-1, 
+1} where i=1…..n. The aim is to compute f(n)= w. xi +b and 
to identify a classifier y(x)= sign(f(x)) that can be interpreted 
through the convex optimization as follows [47], 
 

       (14) 

 
Where is the regularization parameter, xi is the feature 
vector, yi ϵ {-1, +1}, w is the normal vector to the hyperplane 
and b is the offset of the hyperplane. 

J. K-Nearest Neighbor 

K-Nearest Neighbor classification is known to be the simplest 
lazy machine learning algorithm which is an instance-based 
learning technique that focuses on classifying the objects 
based on predefined classes on basic sample groups using 
Euclidian distance. This method does not require training data 
in order to classify data, however training data are used during 
testing. The algorithm classifies documents in a Euclidian 
space as points. The Euclidian distance d between two points 
is as follows [50]. 
 

         (15) 
 
Where d is the distance, X1= (x11, x12, x13,  …. x1n) , X2 = (x21, 
x22, x23…. x2n), n is the number of documents. 

K. Decision Tree 

Decision tree induction is the learning of decision trees from 
class labeled training instances. The structure of the decision 
tree doesn’t require any domain knowledge or parameter 

setting. A decision tree is robust to noise and handles 
multi-dimensional data, where each internal node represents a 
test on an attribute, each node represents an outcome of the 
test and each leaf node represents a class label. The algorithm 
starts with instances in the training set and selecting the best 
instances yielding significant information for classification 
[51], [52],[47]. 

V. EXPERIMENTAL ANALYSIS 

The experiment is carried out using MATLAB R2017b on HP 
laptop i5 processor; 8GB RAM with accumulated tweets from 
social media transportation-related tweets. The Twitter 
corpus such as emotions as noisy unstructured tweets, 
irrelevant expressions, stop words, URLs, and retweets were 
collected using Twitter Streaming API. The corpus contained 
11000 social media transportation tweets. Manual annotation 
as positive and negative sentiment based on the public attitude 
was performed. For sentiment classification four well-known 
machine learning classifiers namely SVM (RBF kernel), 
Naïve Bayes, DT (C4.5) and KNN are set as default 

parameters. The positive tweet containing a high favorite 
count tends to be a more positive tweet. The negative tweet 
containing a high favorite count tends to be a more negative 
tweet.   The pre-processing, term weighting and n-gram 
model, feature selection and machine learning techniques are 
evaluated on twitter corpus. The experiment is performed on 
all combinations. Performance metrics such as accuracy, 
precision, recall, and f-measure is presented from Fig.1 to 
Fig.14. The confusion matrix is shown in Table I [3], where 
TP, TN, FP, and FN represent true positive, true negative, 
false positive and false negative in the information retrieval. 
Precision is defined as a number of retrieved elements that are 
relevant. The recall is defined as a number of relevant 
elements that are retrieved. F- Measure is the harmonic mean 
of both precision and recall. Accuracy is the amount of total 
detection rate. Table II provides the notations used in the 
graph.   

Table-I: Confusion matrix 

 
VI. DISCUSSION AND COMPARATIVE ANALYSIS 

The experimental results show that the performance of 
sentiment classification varies based on classifiers used.  

 
Table –II: Notations and interpretations 

U Unigram a-IGSVM Information Gain + 
Support Vector Machine 

B Bigram b-SDSVM Standard Deviation + 
Support Vector Machine 

IG Information Gain c-CSSVM Chi-Square + Support 
Vector Machine  

CS Chi-Square d-IGNB Information Gain + 
Naïve Bayes 

SD Standard 
Deviation 

e-SDNB Standard Deviation + 
Naïve Bayes 

SVM Support Vector 
Machine 

f-CSNB Chi-Square + Naïve 
Bayes 

NB Naïve Bayes g-IGDT Information Gain + 
Decision Tree 

DT Decision Tree h-SDDT Standard Deviation + 
Decision Tree 

KNN K-Nearest 
Neighbor 

i-CSDT Chi-Square + Decision 
Tree 

WPP With Pre 
Processing 

j-IGKNN Information Gain + 
K-Nearest Neighbors 

WoPP Without Pre 
Processing 

k-SDKNN Standard Deviation + 
K-Nearest Neighbors 

USVM Unigram Support 
Vector Machine 

l-CSKNN Chi-Square + K-Nearest 
Neighbors 

UNB Unigram Naïve 
Bayes 

TF-IDF Term Frequency-Inverse 
Document Frequency 

UDT Unigram Decision 
Tree 

BNB Bigram Naïve Bayes 

BSVM Bigram Support 
Vector Machine 

BDT Bigram Decision Tree 

 
Fig.1 shows the experimental results obtained from the social 
media railway transportation-related tweets. It is observed 
that the highest accuracy is achieved by using Stop word 
Removal+ Unigram+ CS+KNN, where accuracy is 81.38%,  
 
 
 

Information retrieval Relevant Irrelevant 

Retrieved TP FP 

Not retrieved FN TN 
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precision is 81.77%, recall is 99.37% and f-measure is 
89.71%. In SVM, using stop word removal, unigram and CS 
achieves better classification performance. NB achieves poor 
performance results in all approaches. In DT, using stop word 
removal, unigram and IG achieves better performance.  

 

 
Fig.1. comaparison of stop word removal using unigram 

 
Fig.2. Comparison of stop word removal using bigram 

 
Fig.2 represents the detailed results of stop word removal 
using bigram with different feature selection and machine 
learning techniques. A comparison of the results from the 
corpus revealed  that the highest accuracy and precision rate 
of Stop word removal+ Bigram SD+SVM, Stop word 
removal+ Bigram CS+SVM, Stop word removal+ Bigram 
IG+NB, Stop word removal+ Bigram SD+NB, Stop word 
removal+ Bigram CS+NB are similar in terms of accuracy 
(81.78%) and precision (81.78%) .In contrast Stop word 
removal+ Bigram+ IG+SVM achieves the highest recall is 
99.93% and f-measure is 89.94%. In SVM and NB, using 
Stop word removal, bigram, and feature selection techniques 
achieves better and similar classification performance. In DT, 
using stop word removal, bigram and SD achieve equal 
outcomes. In KNN using stop word removal, bigram and SD 
achieves similar results. Stop word removal using bigram 
achieves better performance compared to stop word removal 
using unigram. 

Fig.3. Comparison of stemming using unigram 
 

Fig.3 presents the comparison results of stemming using 
unigram. Stemming + Unigram +CS+KNN achieve the 
highest accuracy (81.61%), recall (99.71%) and f-measure 
(90.11%). In contrast, Stemming + Unigram+ CS+NB 
achieves highest precision rate (82.33%). In SVM, using 
stemming, unigram and SD achieves better performance 
results. NB achieves poor accuracy performances. In DT, 
using stemming, unigram and SD achieves better performance 
results. In KNN, using stemming, unigram and CS achieves 
better performance results. Stop word using unigram gives 
more impact on classification performance compared to 
stemming using unigram. 

 
Fig.4. Comparison of stemming using bigram 

 
Fig.4 depicts the performance comparison of stemming using 
bigram. Accuracy of 81.78%, precision 99.90%, recall 
99.97% and f-measure 99.93% is obtained on using the 
Stemming+ Bigram+ CS+NB. Stemming using bigram 
achieves better results compared to stemming using unigram. 
In SVM and NB, using stemming, bigram, feature selection 
techniques achieves similar performances in all cases. In DT, 
using stemming, bigram and SD achieves better performance 
results. In KNN, using stemming, unigram and SD achieves 
better performance results.  
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Stop word using bigram, and stemming using bigram provides 
equally comparable results. 

Fig.5 describes the comparison results of lemmatization 
using unigram. Lemmatization+ Unigram+ SD+NB achieved 
the highest accuracy (81.76%), precision (81.77%), recall 
(99.97%) and f-measure (89.95%). In SVM using 
lemmatization, unigram and SD achieves better performance. 
In NB, using lemmatization, unigram and feature selection 
achieves better classification performance. In DT, using 
lemmatization, unigram and SD achieves better performance. 
In KNN, using lemmatization, unigram and CS achieves 
better performance. 

 
Fig.5. Comparison of lemmatization using unigram 

 
Fig.6. Comparison of lemmatization using bigram 

 
Fig.6 illustrates the detailed results of lemmatization using 
bigram. Lemmatization+ Bigram+ IG+NB, Lemmatization+ 
Bigram+ SD+NB, Lemmatization+ Bigram+ CS+NB achieve 
the similar highest performance in terms of accuracy 
(81.78%), precision (99.90%), recall (99.97%) and f-measure 
(99.93%). In SVM, using lemmatization, bigram and feature 
selection techniques gives equally comparable results. In NB, 
using lemmatization, bigram, and feature selection techniques 
gives similar classification performance results. In DT, using 
lemmatization, bigram and SD gives better performance. In 
KNN, using lemmatization, bigram and feature selection 
techniques gives better performance results. Lemmatization 
gives less impact on classification performance compared to 
stop word removal and stemming. Lemmatization using 

bigram achieves better results compared to using unigram. 
 

 
Fig.7. Negation handling using unigram 

 
Fig.7 highlights the performance results of negation handling 
using unigram. Negation handling+ Unigram+ SD+KNN 
achieves the highest accuracy (81.32%), recall rate (99.22%) 
and f-measure (89.67%) compared to other approaches. In 
contrast, Negation handling+ Unigram+ CS+NB achieves the 
highest precision rate of 83.44%. In SVM, using Negation 
replacement, unigram and SD achieves better classification 
results. NB achieves less classification accuracy compared to 
other approaches. In DT and KNN using negation, unigram 
and SD gives better results. 

 
Fig.8. Comparison of negation handling using bigram 
 

Fig.8 shows the experimental results of negation handling 
using bigram. Negation handling+ Bigram+ CS+KNN 
achieves the highest performances in terms of accuracy 
(82.27%) and precision (81.78%). In contrast, Negation 
handling+ Bigram+ IG+SVM, Negation handling+ Bigram+ 
SD+SVM, Negation handling+ Bigram+ CS+SVM, Negation 
handling+ Bigram+ IG+NB, Negation handling+ Bigram+ 
SD+NB, Negation handling+ Bigram+ CS+NB achieve 
similar highest performance in terms of precision rate 
(99.97%) and f-measure (89.96%).  
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In SVM, DT and KNN using negation, unigram and SD give 
similar performance results. NB results in poor accuracy. 
Negation replacement using unigram approaches have less 
impact on tweet classification compared to lemmatization 
using unigram approaches. Negation handling using bigram 
achieves better results compared to negation handling using 
unigram. 

 
Fig.9. Comparison of URL removal using unigram  
 

Fig.9 presents the performances of URL removal using 
unigram. URL removal+ Unigram+ SD+KNN achieves the 
highest performance compared to other approaches in terms 
of accuracy (81.45%), recall (99.60%) and f-measure 
(89.77%). In contrast, URL removal+ Unigram+ SD+NB 
achieves highest precision of 82.78%.  In SVM, DT and KNN 
on removing URL, unigram and SD gives a better 
classification performance. NB achieves low-performance 
results.  

 
Fig.10. Comparison of   URL removal using bigram 
 

Fig.10 depicts the comparison of URL removal using bigram. 
URL removal+ Bigram+ IG+NB achieves the highest 
accuracy (81.78%), precision (81.78%), recall (99.97%) and 
f-measure (99.93%). URL removal has significant importance 
in tweet analysis compared to stop word removal, stemming, 
lemmatization and negation handling. URL removal using 
unigram and bigram shows similar performance in all 
individual cases. 
Fig.11 presents the comparison of pre-processing using 

unigram. In SVM and DT, using pre-processing techniques, 
unigram and SD gives similar accuracy classification results. 
In NB, using pre-processing techniques with unigram and 
feature selection techniques gives better results compared to 
other with pre-processing using unigram approaches. In 
KNN, using pre-processing techniques, unigram and CS gives 
better classification performances. Applying the 
pre-processing (stop word removal, stemming, 
lemmatization, negation handling and URL removal), feature 
selection techniques(IG, SD, CS) to SVM, NB, DT and  
KNN, it  is observed that SDNB achieves better performance 
in terms of accuracy (81.74%), recall (99.95%) and f-measure 
(89.96%). With respect to precision value (81.97%), CSSVM 
achieves better results. The proposed methodology is 
compared to the existing approaches (USVM, UNB, and 
UDT) in terms of precision, recall and f-measure rate, where 
UNB achieves a better precision rate (84%) compared to 
other approaches 

 
Fig.11. Comparison of with pre-processing using 

unigram 

 
Fig.12. Comparison of with pre-processing using 

bigram 
 

Fig.12 presents the comparison of pre-processing using 
bigram.  
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In SVM and NB, using pre-processing techniques with 
bigram and feature selection techniques gives the highest 
classification performance compared to all other approaches. 
DT and KNN give the moderate classification performance. 
Applying the pre-processing (stop word removal, stemming, 
lemmatization, negation handling and URL removal), feature 
selection techniques (IG, SD, CS) to SVM, NB, DT and 
KNN, it is observed that CSSVM gives better performance in 
terms of accuracy (99.98%), precision (99.98%), recall  
(99.97%) and f-measure (99.97%). The proposed 
methodology is compared to the existing approaches (BSVM, 
BNB, and BDT) in terms of performance metrics such as 
precision, recall and f-measure rate, where BSVM and BNB 
give better precision rate (88% and 97%) compared to the 
other approaches.  

 

 
Fig.13. Comparison of without pre-processing using 

unigram 
 

Fig.13 presents the comparison of without pre-processing 
using unigram. In SVM, using unigram and IG gives better 
classification performance. In NB, using unigram and feature 
selection techniques gives low accuracy performance in all 
cases. In DT, using unigram and SD gives moderate 
classification performance. In KNN, using unigram and 
feature selection techniques gives similar performance results 
in all cases and gives better performance compared to other 
approaches. Lack of pre-processing techniques gives 
low-performance classification. The raw tweets were 
tokenized into sentences and then into words.  The tokenized 
tweets are transformed and normalized into a  unigram vector 
space. The input vectors are fed to the feature selection 
techniques IG, SD, and CS. The features selection values are 
used as input to the four machine learning classifiers: SVM, 
NB, DT, and KNN. It is observed that IGKNN achieves the 
highest performance in terms of accuracy (80.94%), precision 
(81.73%), recall (98.77%), and f-measure (89.43%) 
compared to other classifiers. The proposed methodology 
(without pre-processing using unigram) is compared with 
existing approaches (USVM, UNB, and UDT) in terms of 
precision and recall and f-measure, where UNB achieves 
better precision rate (84%) compared to other approaches. 
Overall, it is observed that with pre-processing using bigram 
achieves better performance results compared to with 

pre-processing using unigram and existing approaches.  
Fig.14 provides a comparison without pre-processing using 

bigram. In SVM, NB, DT, and KNN using bigram and feature 
selection techniques give similar performances. The 
tokenized tweets are transformed and normalized into a  
bigram feature space and are fed into the feature selection 
phase. The features selection values are used as input to the 
four machine learning classifiers: SVM, NB, DT, and KNN. It 
is observed that SVM and NB using feature selection 
techniques achieve a similar classification performance in 
terms of accuracy (81.78%), precision (81.78%), recall 
(99.97%) and f-measure (89.96%) compared to DT and 
KNN. To evaluate the effectiveness of the comparison of 
various approaches, precision, recall, and f-measure are 
determined with and without pre-processing of unigram and 
bigram. The existing methodology [8] incorporates unigram 
using SVM, unigram using NB, and unigram using DT. 
Overall, it is observed that without pre-processing using 
bigram achieves better performance results compared to 
without pre-processing using unigram. 

 
Fig.14. Comparison of without pre-processing using 

bigram 
 

As a summary, it is observed that pre-processing using 
bigram achieves an improved performance compared to all 
other approaches in identifying traveler opinion analysis in 
terms of better accuracy, precision, recall and f-measure. 

VII. CONCLUSION 

Sentiment analysis is a potential tool to measure public 
attitudes and behavior towards the services in enhancing the 
ease of the users. Considering railways as a convenient mode 
of transportation, there is an over-whelming open door for the 
researchers to consider this field of study and can be further 
applied to big data analytics in the context of the transit 
system. A comparative analysis of various approaches on text 
mining pre-processing, feature selection and machine 
learning were carried out with railway transportation tweets 
(social media). User-generated noisy unstructured tweets such 
as jargon, emotions and irregular information were removed 
on applying pre-processing and NLP techniques.  
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Analysis of unigram and bigram using pre-processing, 
N-gram, feature selection, and machine learning techniques 
were applied to all combinations. It is observed that 
pre-processing using bigram achieves better performance in 
terms of accuracy (99.98%), precision (99.98%), recall 
(99.97%), and f-measure (99.96%) compared to the approach 
without applying pre-processing techniques to unigram and 
bigram. As a further enhancement, geo-tagged longitudinal 
tweets can be incorporated to monitor real-time traveler 
behavior analysis and crowd sourcing can be used to annotate 
the tweets in order to reduce the time and human effort. 
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