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Abstract- As social media plays an important role in social networking and sharing data, it is available to millions of users 
and they have the provision to share their opinions, experience and concerns through their status. Social media can also helps 
in understanding the human behaviour through large data sets. Engineering Students also had a great impact upon these 
social medias. Their informal conversations on social media such as twitter had shed light into their educational experiences, 
opinions, feelings, and concerns about the learning process and provide knowledge to understand about the student learning 
issues. In this paper, a workflow is proposed to integrate both qualitative analysis and large-scale data mining techniques to 
effectively analyse such data. Heavy study load, lack of social engagement, and sleep deprivation are some of the problems 
found in engineering students. A Decision tree multi-label classification algorithm is being implemented to classify tweets 
reflecting students’ problems. This can help to study about these issues and its influence upon social Medias.  
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I. INTRODUCTION  
 
In the modern scenario, social networking sites plays 
an important role in each and every human beings as 
it helps people to share or exchange information, 
ideas etc in virtual communities and networks.  Social 
media sites such as Twitter, Facebook, and YouTube 
provide great opportunities for the students to share 
joy and struggle, emotion, stress, seek social support 
etc. Students also have the provision to discuss and 
share their everyday encounters in an informal and 
casual manner and thereby it can provide knowledge 
and new perspective for educational researchers and 
practitioners to understand students’ experiences in 
non academic activities. These data also provides 
various opportunities to understand students’ 
experiences and also raises methodological 
difficulties in making sense of social media data for 
educational purposes. All these information’s can 
help to improve the educational quality and there by 
enhance student recruitment, retention and success 
[1]. The sheer data volumes, the diversity of Internet 
slangs, the unpredictability of locations, and timing of 
students posting on the web, as well as the 
complexity of students’ experiences are some of the 
examples considered [2]. 
Methods such as surveys, interviews are usually very 
time consuming, and also scale of study is limited and 
cannot be duplicated or repeated with high frequency 
[3], [4]. The emerging field of learning analytics and 
educational data mining has focused on analyzing 
structured data obtained from course management 
systems (CMS), classroom technology usage, or 
controlled online learning environments to inform 
educational decision-making [1], [5], [6], [7]. This 
helps students to focus upon what they are thinking 
and their related activities. Thus in this study it helps 
to directly mine and analyze student posted content 
from uncontrolled spaces on the social web with the 

clear goal of understanding students’ learning 
experiences. 
The major contributions of this study are - to 
demonstrate a workflow of social media data sense-
making for educational purposes, integrating both 
qualitative analysis and large-scale data mining 
techniques, and to explore engineering students’ 
informal conversations on Twitter, in order to 
understand issues and problems students encounter in 
their learning experiences. 
The rest of the paper is organized as follows: Section 
2 describes the related works to the paper. Section 3 
describes the proposed method in detail and finally 
section 4 gives the conclusion. 

 
II. RELATED WORKS 
 
Goffman's theory of social performance helps in the 
identifications of interactions on the web combining 
the informal data and face to face interactions. It 
considers about the front-stage and back-stage of 
people’s social performances [8], [9]. Back stage 
encourages more spontaneous actions than front 
stage. Compared with formal classroom settings, 
social media is a relative informal and relaxing back-
stage for the students. When students post content on 
social media sites, they usually post what they think 
and feel. In this sense, the data collected from online 
conversation may be more authentic and unfiltered 
when compared to the responses to formal research 
prompts. These conversations thus act as a zeitgeist 
for students’ experiences. But the drawback is that 
there is a lack of awareness about managing online 
identity among college students but to an extent it has 
the capability to manage the online identity. Another 
concept is that the young person considers social 
media as their personal space to become out of sight 
from parents and teachers [10]. 
Twitter contents help to generate specific knowledge 
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respective subject domains. As an example, Gaffney 
[11] analyzes tweets with hash tag #iranElection 
using histograms, user networks, and frequencies of 
top keywords to quantify online activism. Studies 
relating healthcare [12], marketing [13], athletics 
[14], were also being conducted. Qualitative, 
Quantitative, linguistics, and networks analysis are 
the various analysis methods used.  
Learning analytics and educational data mining 
(EDM) are the important data-driven approaches. 
Data generated in educational settings were analyzed 
in order to understand students and their learning 
environments [15]. These helps in informing 
institutional decision-making criteria [16], [17]. Two 
aspects were considered which includes i) data 
analyzed using these approaches typically are 
structured data including administrative data (e.g., 
high school GPA and SAT scores), and student 
activity ii) Student activity and performance data 
from CMS (Course Management Systems) or VLE  
(Virtual Learning Environments) such as Blackboard 
[18]. 
eMUSE is an important tool that provides integrated 
access to all the Web 2.0 tools selected by the 
instructor for common access point, detailed usage 
instructions, summary of the latest activity. Graphical 
visualization, evolution over time, comparisons with 
peers are some of the activity that eMUSE handles 
and it has the capability to retrieve students actions 
and can store in local database. The aggregated data 
eMUSE compute a score based on the recorded 
student activity and provide basic administrative 
services. Thus, students have the opportunity to use 
the pedagogically valuable tools in a semi-formal 
framework, in collaboration with their peers, inside 
the eMUSE platform. In this sense, eMUSE is similar 
to Personal Learning Environments, like MUPPLE. 
The use of visualization techniques in learning can 
enhance various activities during the learning process 
such as finding and understanding educational 
resources, collaboration with learners and teachers, 
(self-) is reflecting about learners’ progress, and 
designing learning experience. Visualization of a 
social network can be useful to make people aware of 
their social context and to enable them to explore 
context [19],[20]. 
An online MOOC course which is one of the 
advanced educational technologies are becoming 
more prevalent, creating an enthusiasm for the 
seemingly limitless data driven possibilities to affect 
advances in learning and enhance the learning 
experience.  A data-driven learner model approach 
uses fine grain data that is conceived and developed 
from cognitive principles to build explanatory models 
with practical implications to improve student 
learning and thereby efficient and effective learning 
can be carried out [19]. 
Classification techniques helps to analyses the slow 
leaner in the semester exams that are likely study in 
poor which are used to improve their skill as early to 

achieve the goal in end semester. In order to predict 
the performance of the student activity, several tasks 
can be processed with several attributes. It also shows 
the comparative performance of C4.5 algorithm, 
AODE, Naïve Bayesian classifier algorithm, Multi 
Label K-Nearest Neighbour algorithm to find the well 
suited accuracy of classification algorithm and 
decision tree algorithm to analysis the performance of 
the students which can be experimented in Weka tool. 
This helps to identify the ratio of slow learner for 
rectify the failures early and take action to improve 
the weaker student in perfectly manner [21]. 
In the information explosion era, Twitter provides a 
list of most popular topics people tweet about this is 
called as the "Trending Topics". These trending 
topics are hard to find so that it is important to 
classify these topics to general categories with better 
efficiency and accuracy for an effective information 
retrieval. To address the problem of classification, 
Twitter Trending Topics are classified into 18 general 
categories such as sports, politics, technology, etc. 
The following two approaches for topic classification 
are considered; (i) Bag-of-Words approach for text 
classification (ii) Network-based classification. The 
use of social network structure is being used rather 
than using just textual information. Network-based 
classifier performs significantly better than text-based 
classifier on our dataset [22].  
Social networks have become an effective and 
excellent means of communication through which 
people express and share their opinions about various 
social issues. This helps in authenticating, identifying 
and verifying the truthful accounts and fake accounts 
by using write print. Here with the help of text 
mining techniques a set of features are being 
extracted and then training of supervised machine 
learning algorithm is created to build the knowledge 
base. This is initialized with the extraction of relevant 
features and then measuring the similarity of features 
vector with respect to all feature vectors in the 
knowledge base and finally an apt vector is being 
selected. 
 
III. PROPOSED METHOD 
 
In this paper several tweets are collected based on 
hash tags #engineeringProblem, #nerdstatus, 
#studyproblems and tweets referring to the names of  
top engineering colleges in India. These help in 
describing the process to locate the relevant data and 
relevant Twitter hashtagsrequired for identifying 
student problems (a Twitter hashtag is a word 
beginning with a # sign, used to emphasize or tag a 
topic). 
The workflow, which includes both qualitative 
analysis and data mining algorithms, is developed in 
order to improve the performance and can be 
considered to be an iterative cycle. In figure 1, the 
width of gray arrow represents data volume – wider 
indicates more data volume. Light gray arrows 
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represent data analysis, computation, and result 
flow.The dashed arrows represent the parts that do 
not concern the central work of this paper.The flow 
can be summarized in the following steps: 

1. Data is collected from student-generated 
social media content. 

2. Three researchers conducted an inductive 
content analysis on samples of the 
#engineeringProblems dataset. 

3. A detailed data analysis is done. 
4. Major problems encountered by engineering 

students are categorized and a multi-label 
classifier is proposed which can be 

implemented by decision tree classification 
algorithm. 

5. The performance of the proposed classifier 
can be assessed by comparing it with other 
state-of-the-art   multi-label classifiers. The 
classification algorithm is used to train a 
detector that could assist detection of 
engineering students’ problems. The result 
could help educators identify at-risk students 
and make decisions on proper interventions 
to retain them. 
 

 
Fig. 1. Workflow developed for making sense of social media data integrates qualitative analysis and large scale data mining 

techniques. 
 

3.1 Data Collection 
The irregularity and diversity of the languages results 
in a challenging task of collecting the data related to 
the engineering students. Twitter APIs [23] were used 
to search tweets. The search process was exploring 
and it started by searching based on Boolean 
combinations of possible keywords such as engineer, 
student, campus, classes, professor, lab etc and 
further expanded the keyword set and combined the 
Boolean logic iteratively. Many of the irrelevant 
tweets with spam were discarded. The studies show 
that hashtag #engineeringProblem was the most 
popular hashtag which occurs most frequently, where 
the students used to post their experiences and 
problems. Apart from this, other hashtags were also 
identified such as #ladyEngineer, 
#engineeringMajors, #switchingMajors, 
#collegeProblems, and #nerdstatus. These hashtags 
also helped in studying the engineering students’ 
problem. 
Most of the contents in the social media are often 
ambiguous. The previous studies showed that there 
may occur faulty assumptions because automatic 
algorithms were used without considering the quality 
of data. Latent Dirichlet Allocation (LDA) is a 
popular topic modelling algorithm that can detect 
general topics from very large scale data [24], [25]. In 
order to identify what students were saying in the 

tweets, an inductive content analysis which is the 
qualitative research method for analysing the text 
content manually, were carried out on 
#engineeringProblems dataset. For this, three 
researchers were assigned for analysing this dataset. 
The major aim of this study is to identify the major 
worries, concerns, and issues that engineering 
students encounter in their college life. 
Three Researchers conducted an inductive content 
analysis to identify the major worries and issues that 
students face in their studies and life styles.  
Researcher A developed 13 initial categories 
including: curriculum problems, heavy study load, 
study difficulties, imbalanced life, future and carrier 
worries, lack of gender diversity, sleep problems, 
stress, lack of motivation, physical health problems, 
nerdy culture, identity crisis, and others from the 
#engineeringProblems tweets. Lot of issues were 
identified and detailed description and examples of 
every category were established and the codebook 
was forwarded to researcher B and C for reviewing 
the process. Finally researcher A,B and C together 
developed five themes with large number of tweets. 
The five prominent themes include: a) Heavy study 
load b) Lack of social engagement c) Negative 
emotion d) Sleep problems e) Diversity issues.  Each 
theme indicates one issue or problem which 
engineering students encounter in their college life. 
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A multi label classification arises, in which many 
tweets belong to more than one category which 
conflicts the concept of single label classification 
where one tweet belongs to one category. The label or 
label set is the category to which one tweet belongs 
to. Some of the measures such as Cohen’s Kappa, 
Scott’s Pi, Fleiss Kappa, and Krippendorf’s Alpha 
[26] [27] is used for data that belong to single label 
classification and cannot be used in multi label 
classification. Therefore here it uses F1 measure [28] 
which is the harmonic mean between two datasets. 
When the two sets of data are exactly the same, then 
the F 1 score will be 1 and if the two sets of data are 
completely different then the score will be 0. Thus it 
represents how close two label sets are assigned. 
 

퐹 =
1
푁

2푝 .푝
푝 + 푝  

 
A short descriptions of 6 categories considered is 
given below 
 
Heavy Study load:  Students are not able to handle 
the stressful life as it leads to lack of social 
engagement, lack of sleep, stress, depression, and 
some health problems. Previous studies also show 
that engineering students require more balanced life 
than their academic environment [29]. 
Lack of Social Engagement: Social engagement in 
students helps the students in releasing the stress and 
therefore the students must be involved in doing the 
social works. Lack of the social works can result 
various problems among students which in turn result 
in anti social image of engineers. The students must 
sacrifice the time for enjoying the holidays special 
occasions with family and friends etc. Thus for 
building up an efficient engineer the students must 
engage in doing social engagements which is a 
beneficial for learning Some students embrace the 
anti-social image, while most others desire more 
social life [30]. In short we can say that the society 
needs students or engineers who has the capability to 
handle different situations and work with the people 
to solve the problems [31],[32].  
Negative Emotion: A negative emotion is being 
categorised only when emotions such as hatred, 
anger, stress, sickness, depression, disappointment, 
and despair were identified. There are a lot of 
negative emotions flowing in the tweets. The hashtag 
#engineeringProblems helps in determining these 
emotions. These emotions can arise for example 
when a student gets stressed with his/her 
homework/schoolwork. Therefore it is very much 
important to manage the student’s psychological 
emotions and stress. 
Sleep Problems: Lack of sleep which is widely seen 
in engineering students, results in many 
psychological, psychological and physical health 
problems. This arises because of heavy study load 

and stress. This is one of the important issues that are 
to be considered.  
Diversity Issues: One of the diversity issues is the 
lack of female students for engineering and this can 
result in the bad character towards female students by 
the male students in engineering as they do not get 
opportunity to mingle with the female engineering 
students. Another diversity issues include the 
problem of understanding the lectures of foreign 
professors in the class. The students find difficult in 
adjusting with their culture and many behaviours. 
Others: This indicates some other problems which 
are seen in engineering students in some cases which 
include curriculum problems, lack of motivation, 
procrastination, career and future worries, identity 
crisis, thought of switching majors, and physical 
health problems. Long Tail concept is the concept 
which includes many tweets and it is being used in 
social tagging systems and many other types of user 
generated content on the Internet. In social tagging 
systems, a small number of prevalent tags appear 
with high frequency and a large number of unique 
tags fall into the “long tail” of a power law 
distribution [33], [34]. Many other types of user-
generated content online including reviews, photos, 
videos, and social news were also identified which 
follows “long tail” distributions [35]. In this case, the 
tweets are user-generated content on social media. A 
small number of common student problems appear in 
high frequency, and a large number of less common 
problems or noisy tweets each appear in very low 
frequency. This indicates a “long tail” character.  
 
3.2 Text Pre-processing 
Many symbols are being used by Twitter to convey 
special meaning. For example, # is used to indicate a 
hashtag, @ is used to indicate a user account, and RT 
is used to indicate a re-tweet. Stop words “a, an, and, 
of, he, she, it”, non letter symbols, and punctuation 
also bring noise to the text. Thus the text are pre-
processed before training the classifier: 

1. The #engineeringProblemshashtags were 
removed and for other hashtags only # sign 
is removed and the hashtag texts were kept 
as such. 

2. In order to detect negative emotion and 
issues negative words are used. Thus 
negtoken was substituted for all the words 
ending with “n’t” and other common 
negative words (e.g. nothing, never, none, 
cannot). 

3. Non-letter symbols and punctuation 
contained words are removed which 
includes the removal of @ and http links and 
RTs. 

4.  For repeating letters in words, If we 
detected more than two identical letters 
repeating, we replaced them with one letter. 
Therefore, “huuungryyy” and “sooo” were 
corrected to “hungry” and “so”. “muuchh” 
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was kept as “muuchh”. Originally correct 
words such as “too” and “sleep” were kept 
as they were. 

5. The common stop words were removed by 
using information retrieval toolkit. We kept 
words like “much, more, all, always, still, 
only”, because the tweets frequently use 
these words to express extent.  

 
3.3 Decision Tree Multi-label classifier 
Transformation of the multi-label classification 
problem into multiple single-label classification 
problems is one of the popular ways to implement the 
multi-label classifier. One-versus-all or binary 
Relevance is one of the transformation methods 
which consists of assuming the independence among 
categories, and train a binary classifier for each 
category. All kinds of binary classifier can be 
transformed to multi-label classifier using the one-
versus-all heuristic [36]. The following are the basic 
procedures of the Decision tree multi-label classifier.  
Decision tree which is one of the popular data mining 
techniques for knowledge discovery as it is robust to 
data scales or distribution, systematically analyzes the 
information contained in a large data source to extract 
valuable rules and relationships [37]. Depth-first 
greedy approach or breadth-first Approach is used for 
partitioning a data set of records. The decision tree is 
a rooted tree that consists of nodes. It does not 
contain incoming edges and it is a directed tree with a 
node called as root. All other nodes have exactly one 
incoming edge. A node with outgoing edges is called 
an internal or test node. The other exceptional nodes 
are called as leaves or terminal or decision nodes. 
In a decision tree, each internal node splits the 
instance space into two or more sub-spaces according 
to a certain discrete function of the input attributes 
values. In the simplest and most frequent case, each 
test considers a single attribute, such that the instance 
space is partitioned according to the attribute’s value. 
In the case of numeric attributes, the condition refers 
to a range. Each leaf is assigned to one class 
representing the most appropriate target value. 
Alternatively, the leaf may hold a probability vector 
indicating the probability of the target attribute 
having a certain value. Instances are classified by 
navigating them from the root of the tree down to a 
leaf, according to the outcome of the tests along the 
path. 
Classification in the decision Tree classifier is done in 
two phases: 1) Tree growing or building:This is done 
in a top down manner and in this phase, the tree is 
recursively partitioned till the data items belong to the 
same class label. 2) Tree pruning: In this phase the 
full grown tree is cut back to prevent over fitting and 
improve the accuracy of the tree in bottom up fashion 
and thereby the classification accuracy and prediction 
of the algorithm by minimizing the over-fitting. Serial 
and parallel form implementation is possible for 
Decision tree algorithm. Parallel form 

implementation of decision tree algorithms ensures 
fast generation of results especially with the 
classification or prediction of large data sets. Serial 
form implementation of decision algorithms is easy to 
implement in small medium data sets. 
In decision tree algorithm Shannon’s information 
theory was also included and it gains the higher 
performance too. Selection of the attributes from all 
levels of decision tree was done by using information 
gain criteria. Attribute with the largest information 
gain is selected to make decision tree root nodes. The 
different values of the node are used for establishing 
branches. Thus according to the instances of various 
branches the decision tree nodes and branches are 
recursively built, until a certain subset of the 
instances belongs to the same category. 
Information based methods were adopted that 
depends on two assumptions. Let C contain p objects 
of class P and n of class N. The assumption includes:  
Classification of the objects in same proportion as in 
c by any correct decision tree for C. An arbitrary 
object will be determined to belong to class P with 
probability p/(p + n) and to class N with probability 
n/(p + n). Decision tree can thus be regarded as a 
source of a message ’P’ or ’N’. Class A is returned, 
when a decision tree is used to classify an object. 
With the expected information needed to generate 
this message given by 
 
퐼(푝,푛) = −

푝
푝 + 푛 푙표푔

푝
푝 + 푛 −

푛
푝 + 푛 푙표푔

푛
푝 + 푛 

 
If attribute A with values [퐴 , 퐴 ,....,퐴 ] is used for 
the root of the decision tree, it will partition C into 
[퐶 , 퐶 ,	...,퐶 ] where 퐶 contains those objects in C 
that have value 퐴  of A. Let 퐶 contain 푝 object of 
class P and 푛  object of class N. The expected 
information required for the sub tree for 퐶  is I(푝 ,푛 ). 
The expected information required for the tree with A 
as root is then obtained as the weighted average 

퐸(퐴) =
푝 + 푛
푝 + 푛 퐼(푝 , 푛 ) 

 
Where the weight for the ith branch is the proportion 
of the objects in C that belong to 퐶 . The information 
gained by branching on A is 

gain(A) = I(p, n) − E(A) 
 
All candidate attributes were identified by Decision 
tree algorithm and chooses A to maximize gain(A), 
forms the tree as above, and then uses the same 
process recursively to form decision trees for the 
residual subsets [퐶 , 퐶 ,	...,퐶 ] an empty 퐶  is 
produced if C contains no objects with some 
particular value 퐴  of A. It is labelled as ’null’ and it 
fails to classify any of the objects that arrives that 
leaf. Solution for this is attained from the set C from 
which 퐶  came, and this leaf is assigned to be the 
most frequent class in C. By using the part of given 
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set of objects as a training set the accuracy can be 
predicted. Thereby the resulting decision tree on the 
remainder is checked. The gain of each untested 
attribute A must be determined at each of the non leaf 
node of decision tree. This gain in turn depends on 
the values 푝  and 푛 for each value 퐴  of A, so every 
object in C must be examined to determine its class 
and its value of A. 
This method can be effectively used to identify 
learning problems associated with engineering 
students. Advantage of using this method is that it 
could reduce the error rate and increases the 
classification accuracy; thereby the learning related 
problems of engineering students can be efficiently 
classified. Here, the risk of the students could be 
effectively identified by the educators. These helps to 
make decisions on proper interventions so that it can 
be retained. 
With all the above studies, it can be concluded that 
the Decision tree multi-label classification algorithm 
can provide a better and effective performance than 
other classifiers such as Naive bayes multi-label 
classifier, linear multi-label SVM [38] using the 
LibSVM library [39] with the one-versus-all heuristic 
and an advanced SVM variation named Max- Margin 
Multi-Label (M3L) classifier [40]. 
 
CONCLUSION 
 
There are many limitationsfor the manual qualitative 
analysis and large scale computational analysis of 
user generated textual content. Machine learning 
based classifiers help the researchers in learning 
analytics, educational data mining, and learning 
technologies effectively. Social media data provides 
substantial details regarding learning problems 
relating to engineering students. This data can be 
extracted and analysed using machine learning 
classifiers. This technique can also be employed for 
identifying issues related toeducational fields which 
can throw light to educational administrators, 
practitioners and other relevant decision makers to 
gain further understanding of engineering students’ 
learning related experiences. 
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