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Chapter 1: Introduction 
COVID-19 pandemic is the current source of worry all across the world. In early December 
2019, an outbreak of coronavirus disease 2019 (COVID-19), caused by a novel severe acute 
respiratory syndrome coronavirus 2 (SARS-CoV-2), occurred in Wuhan City, China. On 
January 30, 2020 the World Health Organization (WHO) declared the outbreak as a Public 
Health Emergency of International Concern. Perceived risk of acquiring disease has led many 
governments to institute a variety of control measures. For this a sudden Lockdown had been 
implemented in India which led to an overall unstable situation. All aspects of public life 
including education and economic factors got affected in the process.  

It has been felt that the students suffered the more because they are at an impressionable age. 
Many of them had to vacate their hostels on an emergency basis, and were forced to return to 
their homes due to a sudden closure of their Institutes. Disruption of all academic activities for 
a prolonged period left a great impact on the mental health of such students. There followed a 
time during which most schools and colleges reverted to online mode classes. The burden of 
ill-organized online courses, started haphazardly soon afterwards, added to the chaotic 
situation. This also resulted in a sharp digital divide amongst the community, as not all of them 
could afford the luxury of undisturbed internet connections required for such online mode of 
education. Final year students lost job opportunities for not being able to avail the online 
recruitment process. Moreover, some even faced financial crisis due to loss of job or business 
of their earning family members during the lockdown. Other collateral damages included 
COVID infections and emergency hospitalizations, culminating to death in many cases.  

After a huge protest educational institutes have been reopened, but the ill-effects of the dark 
times may have resulted in an immensely handicapped society. The present work attempts to 
capture the resulting aberrations within a small community of university students. A survey 
was conducted with questions regarding general issues related to the pandemic, as well as those 
involving government policies on education and economy. The responses received served as 
textual inputs to an integrated automated system which helps to decipher outlier mentalities 
prevailing amongst the students in these disturbed times. 

Many works have been done on sentiment analysis where the sentiment of an author is 
designated as either positive or negative [1]. Mostly the social media data is used in case of 
sentiment analysis as it is open and vast, and people are free to share their opinion in such 
media [2]. Some of these use twitter data by finding textual information and diffusion patterns 
from tweets and performing sentiment analysis based on interactions [3]. Combination of such 
different features have been used in many works. The negative aspect of the data utilized is 
that one cannot trace the persons behind the culprit tweets.  

Thus, in this research, the work is done on a closed group of students within the university. The 
data consists of textual responses to twelve online survey-based questions related to the 
pandemic times – six involving education, one involving economy and five involving general 
topics. Moreover, instead of relying on bare positive and negative sentiment values, the work 
is based on extracting emotion-based attribute trio Valence-Arousal-Dominance which is felt 
to measure the trend of personality bias more effectively. The strength of Deep Learning Model 
BERT [4] in deciphering the contextual semantics of expressed words is also explored in detail. 
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1.1 Scope of the Work 

This work has been done as a part of a year-long Master’s degree dissertation in the domain of 
Computer Science and Engineering. The research involves several areas in the domain – e.g., 
Natural Language Processing, Machine Learning and Deep Learning techniques.    

The objective of the work is to find out students who are mentally alienated from the rest of 
their batchmates, as detected from their involuntary usage of words and expressions. 

Many state-of-the-art tools and concepts have been utilised to fulfil the tasks satisfactorily. The 
researcher feels that the results obtained using the proposed machinery are promising enough 
to justify the efforts spent therein.    

 
1.2 Motivation 

The motivation behind the work is the growing need to detect persons who are becoming 
detached from the mainstream society. The current pandemic-induced scenario provides a 
fostering ground for the growth of such negative mentality. Unless some prompt action is taken 
to counsel the wayward personalities back to normal spheres, heavy losses may occur all 
around. Already the footsteps of such disasters are heralded by the recent growth of tragic 
affairs being reported daily in the news media. 

The proposed system can help in delivering the alerts in advance and in a totally non-invasive 
manner, as the topics asking for opinion within the involved group are in themselves harmless 
and justified under the circumstance. It is the thought-provoking nature of the subjects that help 
to ease out the pent-up emotions of the participants, but that too in an entirely non-judgemental 
manner. With the help of such work, one can hope to track and alert the machineries beforehand 
and thus pave the way towards a better tomorrow for the affected personalities. 

 

1.3 Thesis Layout 

The present Chapter 1 provides a brief introduction to the thesis and shortly discusses its utility 
in recent times. 

In Chapter 2 are introduced some past works related to the present one. Some of these directly 
or indirectly influence the current study. 

Chapter 3 describes the background details and theories involved in the proposed work. 

The actual architectural design of the system, along with the algorithms required to implement 
the task has been detailed in Chapter 4 of this thesis. 

Chapter 5 first discusses the data and major tools involved in the process. Then it goes on to 
incorporate the results and inference obtained from the system in a comprehensive manner. 

In Chapter 6 are inscribed the overall conclusions drawn. Some promising future scopes are 
also hinted at here. 

The citations of previous works are supported by a Reference section at the end. 
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Chapter 2: Previous Research Work 

This chapter surveys previous research works on topics related to emotion detection and natural 
language processing which have got direct connection with the current work. 

Applying the machine in tasks which humans performed so far is an age-old practice. NLP 
have been a lucrative choice for many of the early researchers in this context. This is amply 
instanced by Osgood et al. (1957) [5], who had delved to find meanings from words using 
semantic differential in a general way. Attitudes, effects of psychotherapy, cultural and 
language meaning differences, and assessment of personalities were used in this research. 

Soon, Computer Scientists started looking for new attributes which can extract the essential 
sentiment value of words in a more comprehensive way. To this end, Russell (1980, 2003) [6, 
7] performed analysis of emotion words in two separate studies. In the first, he introduced the 
idea of three primary independent dimensions of emotions - Valence or pleasure, Arousal and 
Dominance. In the next paper, he demonstrated how fine-tuned emotions such as joy, anger 
and fear can be plotted within a three-dimensional space of valence, arousal, and dominance. 
These pioneering works on the said emotion norms were soon to be followed up by many more 
enthusiasts, as is evident from the researches detailed next. 
Bardley and Lang, 1999 [8] in their experiments, asked participants to rate more than thousand 
English words using affective dimensions of Valence, Arousal and Dominance. This heavily 
contributed towards the emotional ratings offered in their Affective Norms of English Words 
(ANEW). Warriner et al., 2013 [9] created a lexicon similar to ANEW but with 14000 words 
in all that provided a richer source of emotional information. Mohammad, 2018 [10] created 
another database of 20000 English words expressed in terms of their valence, arousal and 
dominance scores, and named it as NRC-VAD Lexicon. It is one of the largest manually created 
VAD lexicon with the help of best-worst scaling. 

These resources are used by other recent works. For instance, Wu et al., 2019 [11] attempt to 
predict VAD scores from sentences based on variational autoencoders. On the other hand, Zhu 
et al., 2019 [12] use adversarial learning, and Akhtar et al., 2019 [13] utilise ensemble 
framework for the same purpose. There exist VAD lexicons in languages other than English as 
well, such as the ones created by Moors et al., 2013 [14] for Dutch, by Vo et al., 2009 [15] for 
German, and by Redondo et al., 2007 [16] for Spanish.  

Meanwhile, in a separate vein, the search for the simplest sentiment expressions in the form of 
positive and negative aspects of a word, have been on-going for a long time. Andrea et al, 2006 
[17] created SentiWordNet which is an opinion lexicon adapted from WordNet database. The 
SentiWordNet finds positive, negative and object score of words in English. Baccianella et al 
[18] discusses usage of SentiWordNet for classification of sentiment and opinion mining, by 
assigning a positivity, negativity, and a neutrality score for text. 

Going one step further, Shailendra Kumar Singh and Sanchita Paul, 2015 [19] stated that in the 
sentiment analysis process, negation words and negative prefixes play an important role in 
sentiment score calculation, as they can reverse the sentiment of sentences. The opinion words 
and opinion phrases are used to extract positive or negative sentiments. So, new horizons 
continued to be opened by erstwhile researchers all the time. 
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Apart from emotions, another interesting task associated with human text is the process of 
summarization that needs to be necessarily applied to large corpuses. Transferring the brunt of 
the job to the machine was just one step forward. H.P. Luan et al, 1958 [20] proposed a model 
that could find the abstract of a technical literature conveniently. The relative significance of a 
word or a sentence was derived by using statistical information such as word frequency and 
the distribution of each word in a particular sentence. Sentences with the highest scores were 
to be included in the abstract.  

Over the years several more researches were attempted in this domain. J.L. Neto et al, 2002 
[21] built a model of automatic text summarization that used Naïve Bayes and C4.5. C4.5 is a 
machine learning algorithm utilised in data mining which generates Decision Tree Classifier 
developed by J. Ross Quinlan, 1993 [22]. R. Barzilay et al, 2005 [23] used a Sentence Fusion 
technique, which involved finding of similar information across documents to summarize new 
articles in the abstractive mode. R. Khan et al, 2019 [24] have described a system of Extractive 
summarization using K-Means clustering and TF-IDF (Term Frequency and Inverse Document 
Frequency) to calculate the overall weight of each sentence and generate the summary. 

Research progressed in search of better avenues to attain the goal in Natural Language 
Processing. Jacob Devlin et al [4] in 2018 introduced a new language representation model 
called BERT, designed to pretrain deep bidirectional sequences from unlabelled text by jointly 
conditioning on both left and right context in all layers. It has been found that this model can 
be fine-tuned to create state-of-the-art systems for a wide range of tasks. In 2019 Yinhan et al 
[25] added some enhancements on BERT. These enhancements include longer training 
sessions, larger batches with more data, and lengthier sequences. It incorporates dynamic mask 
patterns while training and also omits next-sentence-prediction. A new dataset, CC-NEWS is 
being used on the model. 

In the present work, certain other areas of machine learning needed to be touched upon. One 
of these involved comparing similarity between entities based on text content. The following 
research endeavours contributed towards establishing the state-of-the-art on such aspects.   

Alfirna Rizqi Lahitani et al, 2016 [26] studied and computed similarity measurement of online 
documents by considering their tf-idf scores. Vectors formed from these scores represented the 
documents and they were compared with the help of cosine similarity measurements. Similarity 
can also be found by cluster analysis techniques. In 1996 Martin et al [27] presented a new 
clustering technique DBSCAN, which relies on a density-based notion. This technique is able 
to produce arbitrarily shaped clusters containing similar items, and singleton elements marked 
as outliers. In 2020, Dingsheng Deng [28] explored the DBSCAN clustering technique and 
tried to improve the technique by using big data processing. 

Armed with all the experiences gathered so far, it is time to touch upon the exact contexts 
required for the present work. These are presented in the following chapter. 
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Chapter 3: Background Studies 
This chapter addresses the details of some basic topics utilized in this research work. The first 
foundational topic to be discussed is Machine Learning. 

3.1 Machine Learning 

Chief amongst the core subjects explored in this thesis work comes Machine Learning [29]. As 
the name suggests, machine learning is nothing but the process to train the computer, so that it 
helps to learn and improve a program for better results. It focuses to develop computer 
programs that can access data as required and learn from them so that the machine can provide 
results on some unseen data. Similar to human brain, machine learning depends on inputs for 
learning and gains knowledge and understanding. These inputs are known as training data. 
These data help to detect patterns and similarities based on which inferences are drawn that 
helps to process unseen data. The primary aim is to allow computers to learn autonomously 
without any human assistance and perform actions accordingly.  

The concept of machine learning was coined by Arthur Samuel [30], a computer scientist at 
IBM. He designed a computer program for playing checkers. The objective of the program 
was: the more the game would be played, the more it would learn from experience. Armed with 
this gained experience, the algorithm would make predictions for the next move. Thus, with 
the help of learning, the program would perform better progressively. Two other obvious 
advantages of machine learning, are that – firstly, it completes tasks in a much shorter time; 
and secondly, it removes chances of human errors and bias to a great degree. But again, to 
achieve these goals, there is need for air-tight and fool-proof algorithms that drive machine 
learning tools critically towards success. A mathematical model is built based on the sample 
data or training data that helps to make predictions or decisions without being explicitly 
programmed to do so. A reliable tool utilised for this purpose is the neural networks, which 
aims to simulate the biological brain [31].  

Machine learning can be utilised for a variety of tasks such as sensing model security 
vulnerabilities, or high-risk factors in a system, or providing online shopping recommendation, 
or detecting either health issues, or fraud in multiple domains, and many more such interesting 
issues.There are mainly four types of learning involved in these tasks: 

• Supervised Learning 
• Unsupervised Learning 
• Semi-supervised Learning 
• Reinforcement Learning 

1. Supervised Learning [32]: In this type of machine learning labelled data is fed to the 
machine. By analysing the training dataset with known labels, the learning algorithm produces 
a derived function to predict output values. The resulting function-based model can then be 
used to predict the output of some unseen data. This type of learning also helps to compare 
known labels with predicted results. If accuracy is not found to be satisfying then the model 
can be modified accordingly. Thus, the main criteria for supervised learning are annotated data 
labelled with class values, and hence the process is known as Classification. But in this thesis 
work, the obtained data is not priorly labelled, so supervised learning is not used here explicitly. 
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2. Unsupervised Learning: This type of learning is in direct contrast to supervised learning. In 
this technique, unlabelled or unclassified data is fed to the machine. The algorithm tries to infer 
a similarity measure which establishes meaningful connections within unlabelled data, often 
forming well defined clusters in the process. Consequently, the technique is also known as 
Clustering or Cluster Analysis.  

3. Semi-Supervised Learning: As the name suggests, this type of learning is a mixture of both 
supervised and unsupervised learning. Mostly the model is fed with labelled data, which is 
usually small in number, but may be used to train the model to label unlabelled data. Thereafter 
iterative techniques of increasing accuracy and efficiency of the model are explored. In the 
process the knowledge-bank of the system also gets enhanced with a better understanding of 
the dataset. 

4. Reinforcement Learning: This type of learning interacts with the environment by producing 
actions and discovering errors or rewards. With the help of trial-and-error search and feedback, 
both the reward as well as the learning is maximized. This helps to automatically determine the 
ideal behaviour within a specific context, and thus achieves the best performance under the 
circumstance. 

A subset of machine learning is Deep Learning, which is more advanced in nature. It consists 
of three or more neural networks. A neural network sets up a series of algorithms to recognize 
the underlying relationship in a set of data through a process that mimics the operation of a 
human brain. In deep learning, the neural networks simulate the human learning pattern with 
intrinsic training acquired through large amounts of data. The concept of using multiple neural 
networks help to optimize and refine the model for better accuracy.  

The basic difference between Deep Learning and Machine Learning can be understood with 
the help of a simple example. Assuming there is a dataset with photos of different pets like 
cats, dogs, rabbits etc. -with the help of deep learning algorithms, important features to 
distinguish each animal can be determined (like ears, legs). But basic machine learning usually 
deals with specific features that needs to be priorly connected to each distinct class manually 
by a human expert. Further, the deep learning algorithm adjusts and fits itself better to 
accurately predict the class of an unseen entity.  

Deep learning attempts to map to the correct result through a combination of data inputs, 
weights and bias. It consists of multiple layers of interconnected nodes, where the output of 
each node is fed as input to the next node in order to refine and optimize the output. This 
progression of computation is called forward propagation. Except the input and output layer, 
the middle layers are called hidden layers. There is another process involved, known as 
backpropagation, which helps to minimize the calculated error after each forward propagation 
by adjusting the weights and biases of the layers. Multiple forward and backward propagation 
helps to improve the performance accuracy to a great extent. Deep learning can be used in 
multiple domains such as speech recognition, computer vision, text summarization, image 
colouring, fraud detection, language translation, pixel restoration etc., amongst which only a 
few are utilised here. The following sections describe these select few in more detail.  
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3.2 Natural Language Processing (NLP) 

Every human language is filled with ambiguities which make it difficult for the software to 
accurately identify the meaning of a text or voice data. Homonyms, homophones, idioms, 
sarcasm, metaphors, grammars make a sentence structure vary a lot. The irregularities are 
understandable by humans easily, but the task becomes immensely difficult for the machine. 
Proper training on huge pre-labelled datasets along with the right choice of machine learning 
techniques could lead to the correct output for any tasks involving text inputs.  

NLP [33] is a specialized field within Machine Learning which helps the machine to 
understand, analyse, manipulate and generate human language. NLP generally utilises several 
statistical, machine learning and deep learning techniques. NLP is prolifically used in tasks 
such as translating text from one language to another, summarizing texts etc., and comparing 
the semantic content of two text inputs, to mention just a few. One of the most common works 
that comes under NLP is Sentiment Analysis, which is explained in the following section.  

 

3.3 Sentiment Analysis 

Sentiment analysis is the process of identifying sentiment or emotion lying in a text. It is also 
referred as opinion mining. The measure provides helpful insights into how audiences or 
spectators sense and understand a topic, or how an event or text impacts the thinking of a 
listener or viewer. This helps to get an idea about the quality or success of a newly launched 
product, scheme or event, by assessing its impact on people through the words of texts 
expressed in favour or against. Generally social media platforms are utilized for gathering the 
sentiment of the populace.  

The most general type of sentiment categorisation is expressed in the form of positive and 
negative sentiments corresponding to expressions for or against the topic or item. A third 
emotion may also be envisaged to indicate non-committal or neutral sentiment. In NLP 
schemes words involving such emotions are usually pre-labelled with numeric values 
corresponding to both positive and negative sentiments. The range of values may vary, typical 
limits being expressed through real numbers between -1 and +1, with -1 representing the most 
negative sentiment and +1 the most positive sentiment. In this scheme 0 represents neutral 
sentiment. However, in the scheme followed in this research, the prevailing values used for 
most negative and most positive sentiments lie between 0 and 1 (with 0.5 indicating neutral 
value) according to the dictums of SentWordNet Lexicon [18].    

Although this type of sentiment analysis, more generally referred to as Opinion Mining, 
suffices in most cases, there may be occasions where a more detailed analysis of the state of 
the human mind regarding some incident or environment is needed. Such a probe demands 
other measures of assessments. One such involves three critical metrices – the Valence-
Arousal-Dominance scheme – details of which is discussed next.  
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3.4 Valence-Arousal-Dominance (VAD) 

Emotions are part and parcel of a human’s life. They express one’s mental reaction towards a 
stimulating event with physiological, behavioural indications – one such being words used in 
the context. These can help to detect mental illness or mental distortion or depression by 
combining sets of features extracted from those words. If such detection can be done at an early 
stage, people can undergo proper preventive measures to avoid future catastrophic outcomes 
later in life. 
Valence-Arousal-Dominance, a three-dimensional model, is a metric by which the emotional 
involvement of a person can be evaluated from the text words used by the person. This 
technique was introduced by Mehrabian and Russell in 1977 [34]. VAD is emotion-based 
sentiment analysis. Information about affective meaning of words is used to find emotions and 
moods. The VAD model consists of three components, valence, arousal, dominance. Valence 
is defined by the pleasantness of a stimulus; arousal is the intensity of emotion created by a 
stimulus and dominance is the degree of control by a stimulus. Valence basically indicates the 
positivity or negativity, in other words the measure of happiness or unhappiness imposed by a 
stimulus; arousal is how much the stimulus excites or arouse a person; and dominance indicates 
how much the stimulus dominates the person or controls the person. All three are measured in 
a scale between 0 and 1 in the present research. For valence 0 indicates the extreme limit of 
unhappiness, while 1 corresponds to the happiest condition. For arousal 0 indicates the state of 
being least aroused and 1 indicates the state of being most aroused. For dominance, on the other 
hand, 0 refers to the most controlled or least dominating personality, whereas 1 indicates the 
most dominating personality.    

The visual effect of the VAD attributes is presented next for a sample text input in figure 3.1 
below. Here, the presence of outlier data elements with respect to the three attributes 
individually and collectively is clearly evident from the 3D view. 

 

Fig 3.1: 3D View of a sample VAD model 
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In the present research work, the first two features, namely valence and arousal are calculated 
from sentiment scores indicated by SentiWordNet [18]. However, for dominance values a deep 
learning approach involving BERT (Bidirectional Encoder Representations from 
Transformers) has been utilised. The next section discusses the topic in more detail. 

 

3.5 BERT 

Advanced NLP combines both machine learning and deep learning to extract, label and classify 
text. An example of such framework is BERT. BERT is an open-source machine learning 
framework for NLP. It attempts to extract the meaning of a text with the help of surrounding 
texts. 

BERT [4] is a transformer used to overcome the limitations of neural networks such as in the 
case of long-term dependencies. It is a pre-trained model which is bidirectional and can be 
tuned as per requirement to perform several NLP tasks. BERT models are pre-trained on huge 
datasets - thus no further training is required during the application. It uses a powerful 
architecture with inter sentence transform layers so as to get the best results in tasks such as 
summarization. The working principle of BERT is elaborated in figure 3.2 below. 

 
Fig 3.2: BERT Methodology flowchart [35] 
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BERT is trained as a masked model where the output vectors are tokened. It makes use of 
embeddings for indicating different sentences and it has only two labels, namely sentence A 
and sentence B rather than multiple sentences. According to required summary, these 
embeddings are modified. The technique is illustrated in the following figure 3.3. 

 
Fig 3.3: Overview of BERT [35] 

Initially each sentence is pre-processed with prefix CLS tag and suffix SEP tag. The CLS tag 
is used to aggregate the features of one or more sentences. In interval segment embeddings, 
sentences are assigned label as EA or EB alternatively. This is done to distinguish sentences in 
a document. Embeddings basically refers to the representation of words in their vector forms, 
which helps to make their usage flexible and compatible for mathematical calculations. Even 
the Google utilizes this feature of BERT for better understanding of queries. Embeddings helps 
to develop a similarity model between the words. The vectorization of the words is represented 
in the following figure 3.4. 

 
Fig 3.4: Vector representation of different words 
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Three types of embeddings are applied to the text before feeding it to the BERT layer:- 

1. Token embeddings, where words are converted into a fixed dimension vector. 
2. Segment embeddings, which is used to distinguish different inputs.  
3. Position embeddings where BERT can support input sequences of 512. For input 

sequence of 512, the resulting vector dimensions will be (512,768). Every word is 
stored as a 768-dimensional representation. Positional embedding is used because 
alteration of the position of a word in a sentence may alter the contextual meaning of 
the sentence and thus should not have same representation as vectors. 

There are two types of BERT models available. One is BERT Base which has 12 transformer 
layers along with 12 attention layers and 110 million parameters. Another one is BERT Large 
which consists of 24 transformer layers along with 16 attention layers and 340 million 
parameters. In this thesis work, BERT Base model is being used. Transformer layer is actually 
a combination of encoder and decoder layers along with intermediate connections. Each 
encoder includes Attention Layers along with an RNN. Decoder also has the same architecture 
but it includes another attention layer in between them which helps to concentrate on important 
words. Following figure 3.5 presents the scenario concisely. 

 
Fig 3.5: BERT Architecture [35] 

BERT model tries to identify the strongest links between the words with the help of self-attention 
layer. For summarization, different types of layers can exist. A simple classifier or a linear 
layer is added to the BERT along with a sigmoid function to predict the score. In case of inter 
sentence transformer, various transformer layers are added to the model which makes the 
transformation more efficient. In recurrent neural network, an LSTM (Long Short Term 
Memory) layer is added with the BERT output in order to learn summarization features. BERT 
is already present in the python library. One just needs to install it and import the required 
packages and model. BERT extractive summarizer is used here to find gist of text responses 
from individuals. 
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3.5.1 Summarizer 

Summarizer is a predefined model in BERT. It is used to summarize a text. Summarizer helps 
to shorten a text while keeping the original meaning intact. Two types of summarization 
processes are there as represented in figure 3.6 next. 

 
Fig 3.6: Types of Summarizers 

In Extractive summarization the important phrases or sentences (top n) are identified from the 
original text and extracted. These extracted sentences together form the summary for the 
original text as illustrated in figure 3.7. 

 
Fig 3.7: Extractive Summarization [36] 

On the other hand, in abstractive summarization, new sentences are generated from the original 
text. The newly generated sentence may not be present in the original text. The process is 
depicted in figure 3.8 below. 

 
Fig 3.8: Abstractive Summarization [36] 

The summarizer takes the text as a mandatory parameter. Optional parameters like number of 
sentences can be supplied as a ratio or an integer. 
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3.5.2 Sentence Transformer 

It is difficult for the machine learning algorithms to analyse a raw corpus. One needs to convert 
such data into a numerical representation best expressed in the form of a vector. Sentence 
Transformer is the framework which encode the individual sentences into vectors, making it 
easier to analyse or consume that text by a machine learning algorithm. Then the model can 
apply mathematical operations and get insights from the data. 
Sentence Transformer is a python framework used for sentence, text, image embeddings. These 
embeddings can thereafter be compared with some similarity function such as the cosine-
similarity, to find sentences having similar meaning. More than 100 languages are supported 
by the sentence transformer. It maps sentences and paragraphs to a 768-dimensional dense 
vector space. 

The sentence transformer in python can be loaded by importing pre-trained models, and passing 
the model’s name as follows: SentenceTransformer(‘model-name’). In this thesis work, 'bert-
base-nli-mean-tokens' is used as the model for sentence transformer.  

 

3.6 Cosine Similarity 

The sentence transformer helps to convert the sentences into vector form. These vectors can 
thereafter be compared to find similarity between the sentences. One of the most popular 
similarity finding technique is Cosine Similarity [26]. It measures the similarity between two 
non-zero vectors belonging to an inner product space, by expressing the same as the inner 
product operation on them. It measures the cosine of the angle between them. The following 
formula calculates the cosine similarity between two vectors A and B: 

Similarity = (A.B) / (||A||.||B||) 

In sklearn module of python, an in-built function is available to calculate the cosine similarity. 
The function accepts two vectors of similar dimension as parameters and returns a similarity 
value between them in the range 0 to 1. Cosine similarity is preferred over Euclidean distance 
in this instance as two documents represented by the Euclidean technique can be far apart due 
to their textual size difference. But the cosine similarity will try to find the angular distance 
between them, as depicted in the following figure 3.9.  

 
Fig 3.9: Exploring cosine similarity 
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From the foregoing illustration, it is clear that vectors 1 and 2 are closely placed i.e., similar. 
But due to their textual size difference, the Euclidean distance is high, giving rise to a 
contradictory conclusion of being dissimilar. The closer the two vectors, the lesser is the 
angular distance. Thus, more the similarity between two vectors, the cosine similarity value 
will be closer to 1.  

 

3.7 Clustering 

Clustering basically refers to grouping of data. Depending on feature(s), a set of data can be 
grouped so that similar type of data will be in the same group. All data mapped to a single 
cluster will usually be closely knit within the feature space. On the other hand, features of data 
from different clusters will differ a lot or be far apart. 

Clustering is used to group unlabelled data. It is used as a process to find new aspects such as 
meaningful structure within the data, explanatory underlying processes, or generative 
features. With the help of clustering, one can discover patterns, outliers, and many more 
hitherto hidden factors. 

For example, consider a set of data points plotted as in Fig. 3.10 below: 

 
Fig. 3.10: Unlabelled plotted data points 

Clustering of the above points can be done as follows in Fig. 3.11 below. Proximus points are 
taken under the same group/cluster. First the similarities are calculated and then the clustering 
is performed. 
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Fig 3.11: Clustering of unlabelled data points 

One of the most popular Clustering algorithm is DBSCAN (Density-Based Spatial Clustering 
of Application with Noise) algorithm [27]. This algorithm clusters the points by measuring the 
distance between them. The key idea for DBSCAN is to maintain the following rules - each 
point of a cluster should lie within an epsilon distance from its neighbours within the same 
cluster, and there should be at least a minimum number of such neighbours for the internal 
points or core points in the cluster. 

Thus, two parameters are required for clusters to form with this algorithm - the epsilon distance, 
and the minimum number of points within that distance. If epsilon distance is too small then a 
large part of data will not be clustered and then the clustering algorithm will result in too many 
outliers. The epsilon distance varies from application to application. The minimum number of 
points often depends on the size of the dataset. If dataset is large then minimum number is also 
chosen to be higher. 

This algorithm involves three types of data points. Core points are the points which have more 
than minimum number of neighbours within epsilon distance. Border points are the points 
which has less than minimum number of points as its neighbour within epsilon distance but a 
core is its neighbour. All other points which are not core or border are known to be noise or 
outliers. 

3.7.1 DBSCAN Algorithm: 

1. Arbitrarily pick a point from the dataset and mark it as visited. 
2. If the point has minimum number of points as its neighbour within epsilon distance, 

then add all these points to a cluster, after first marking them as visited too. 
3. Recursively iterate through the newly added neighbours in turn, and find new points 

within their epsilon distance. Add these new points to the same cluster as well, after 
first marking them as visited too. 

4. Iterate through steps 1 to 3 for all the remaining unvisited points. 
5. When all points are marked as visited, if any are found to be not added to any cluster, 

then those are marked as outliers or noise. 
 
The next chapter elaborates the design and algorithmic base of the proposed system. 
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Chapter 4: Methodology 

This chapter describes in detail how the objective of the research work is being achieved. 

As the goal is to categorise students on the basis of emotion displayed through usage of words, 
textual responses of university-level students, to 12 questions on three different topics, are 
collected via an online survey. All questions are related to the impact of COVID on society 
during the past 2 years. Their words indicate how well or poorly the students are coping with 
the associated problems. As already pointed out, this is a comparatively easy task for a 
psychologist, or even a layman – but not at all easy for the machine to assess on its own. For 
achieving any degree of success, the machine needs to rely on the expertise of NLP tasks and 
associated NLTK or Natural Language ToolKit [37]. The Python Programming language is 
especially suited for the purpose, as it provides a wide range of tools and libraries for extracting 
functional resources to implement NLP tasks on textual inputs - such as stemming, 
tokenization, parsing etc. 

When a user is posed with a question, he/she may respond either elaborately or very shortly. 
Now, the portion of the answer which actually contains useful data may thus be meagre indeed! 
However, technological advancements have reached a point where machine algorithms can 
help to analyse these responses. Again, the responses, when combined on all topics for each 
student individually, or agglomerated topic-wise for all students, may result in too long a 
content in some cases. To facilitate the process, the long texts have to be first summarized to 
meaningful gists. With the help of Machine Learning (or Deep Learning) one can extract the 
gist of the individual topic-wise or collective responses. Text Summarization can be achieved 
by using “bert-extractive-summarizer”. It helps to reduce the text bodies while keeping their 
original meaning intact or by giving insights into their original content. 

Next, to extract emotion using VAD values, two structural concepts are in force. The first of 
these utilise SentiWordNet sentiment values of individual words to evaluate Valence and 
Arousal from text. The second evaluates Dominance of each candidate using BERT for 
extracting the semantic essence of the individual responses. For the ultimate evaluation of 
similar category students, as well as outlier category students, these calculated values have to 
be converted into numeric vectors using deep learning techniques. So, such learning techniques 
embedded in BERT are also being used here to measure Cosine Similarity between vectors 
representing text inputs. These Similarity markers help to derive the Dissimilarity or Distance 
measures between individuals’ VAD values, which then allows clustering techniques such as 
DBSCAN to be applied on them to detect related clusters and outliers. 

The architectural flow of the current research work is discussed next in the following sections. 

 

4.1 Overall Workflow 

There are three separate systems which are explored in the current research: 

System 1: This is the Proposed System which calculates VAD values using ML/DL techniques 
for assessing the mental conditions of each of the participants in the present study, and outputs 
the same in the form of V, A and D vectors. The first four 4 modules within this system are 
elaborated in consequent sections 4.2, 4.3, 4.4, and 4.5.  
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The output VAD vectors are utilised in two separate modules – the first being Module 8 
expressed in section 4.9 to find clusters containing similar participants and outlier ones too 
using DBSCAN algorithm; the other a comparison model for Systems 1 and 2 outputs, as 
illustrated in Module 9 which is discussed in section 4.10. 

System 2: This one deals with the Benchmarking System which is designated as the NRC 
System of calculating VAD values using the NRC Lexicon [10]. There is a single Module 5 in 
this system which is described in section 4.6 next. This system’s output vectors are utilised in 
modules elaborated in sections 4.9 and 4.10 as already explained above. 

System 3: This system uses the raw text lines and applies DL techniques on these initially to 
generate summarized gist response vectors for each participant. This action is represented by 
Module 6 described in section 4.7. The participants’ response vectors are then compared using 
Cosine Similarity to achieve a reversed distance parameter between them as explained in 
Module 7 discussed in section 4.8. This module further appropriates the clustering scheme of 
DBSCAN to assess content-based outlier personalities, if any, from raw texts.  

Ultimately, the outputs of the three systems are collectively assessed in module 10 as described 
in section 4.11. 

The complete scheme is illustrated in the following figure 4.1. 

 

 

Fig 4.1: Overall Workflow Diagram 

 

4.2 Module 1: Pre-processing 

Input: Raw Text 

Output: Cleaned Text 

Module 1 takes the raw input and perform cleaning on the input by removing redundant data. 
In other words, data pre-processing is done in Module 1. 
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Algorithm followed for Data Pre-Processing using NLTK 

1. All the required columns are processed to lowercase by using regex. 
2. Numbers were removed from the responses by using regex 
3. Website URLs (phrases containing ‘https’) are removed by using regex 
4. The cleaning process is performed on the four columns (one containing combined 

responses, one containing education responses, one containing economic responses and 
last one containing general responses). 

 
 
4.3 Module 2: Tokenization 
Input: Cleaned Text 

Output: Parsed Text Words 
In this module, tokenization is performed, which helps to find sentiment value of words from 
SentiWordNet. 

Word Tokenization Scheme using NLTK: 
In this phase all words, except the stopwords, are tokenized or marked as adjectives, verbs, 
nouns and adverbs. This helps at a later stage to get the sentiment score of each word in its 
correct sense from SentiWordNet. The tokenization is done on all four columns of the dataset 
- combined responses, educational responses, economic responses and general responses. 

After tokenization of the responses, the responses are lemmatized to verify if the tokenization 
is done correctly or not. 

The whole process of parsing is captured in a sample snapshot in Figure 4.2 below. 

 
Fig 4.2: Dataframe Snapshot 

 
4.4 Module 3: Proposed Algorithm to calculate Valence and Arousal 
Input: Parsed Text Words 

Output: Valence and Arousal vectors by proposed method 

This module takes parsed text words as input and process them to find valence and arousal by 
the proposed method which uses SentiWordNet. For each topic-wise responses and combined 
responses the valence and arousal are calculated separately with the help of the following 
algorithm. 
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Proposed Algorithm for Valence and Arousal using SentiWordNet 
 

1. Group collective textual responses of each participant: one per topic, and one combined. 
2. For each topic, do the following: 

a. For each individual participant do the following: 
i. Initialize variables var, valence and arousal to 0. 

ii. Consider each word of the tokenized response and do the following: 
• Initialize variables pos and neg with positive and negative 

sentiment values of the word from SentiWordNet.  
• If the absolute difference of these values is more than 0 then 

 Increment var by 1. 
 Increment valence with (|pos| – |neg| +1)/2 
 Increment arousal with (|(|pos| – |neg|)|) 

iii. If var is greater than 0 then, 
• Divide valence by var  
• Divide arousal by var  

iv. Else store 0 in valence and arousal of the participant. 
v. Store value of valence to Valence vector. 

vi. Store value of arousal to Arousal vector. 
 

4.5 Module 4: Dominance using BERT Summarizer and Cosine Similarity Function 

Input: Raw Text from all Participants’ Responses for Questions on all Survey Topics 

Output: Dominance Value per Participant for each Topic in the form of Topic-wise Vectors 

This module finds the dominance value from raw text by first applying extractive 
summarization techniques on the topic-wise agglomerative responses of all participants taken 
together and then comparing the similarity between this summary and the textual response of 
each participant individually as a cosine similarity value. The nearer an individual’s response 
to the agglomerative summary, the higher the dominance factor for that individual. 

Algorithm to find Dominance using Deep Machine Learning Techniques 

1. Group agglomerative textual responses of all participants: one per topic, and one 
combined. 

2. For each of these group topics g, do the following: 
a. Use BERT Extractive Summarizer on the agglomerative response to generate 

a group summarized response of maximum 3 sentences. 
b. Use the pre-trained sentence-transformer model defined in python 

‘bert_base_nli_mean_tokens’ to generate the corresponding group 
vector Vg from the group summarized response. 

c. Now for each individual participant i, do the following: 
i. Using the same sentence-transformer model find a vector Vig from the 

original collective textual response of the participant. 
ii. Find the Cosine Similarity between Vig and Vg. 

iii. Store this value to space reserved on a Dominance Vector Dg. 
d. Add the Dominance Vector to corresponding dataframe column 
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4.6 Module 5: VAD value extraction from NRC Lexicon (System 2) 
In this scheme the valence, arousal and dominance of each participant are found by considering 
pre-determined scores of words using the NRC-VAD Lexicon defined by Saif Mohammad 
[10]. This Lexicon, which stores words in each line along with their corresponding Valence, 
Arousal and Dominance scores respectively in text format, needs a prolonged access time. This 
time is minimized by converting the lexicon into a dictionary at the outset.  

 

4.6.1 Dictionary formation for NRC-Lexicon 

• Read the NRC-Lexicon text file and split them based on new-line. 
• Initialize three empty dictionaries which will store the valence, arousal and dominance 

score for the words. 
• Traverse the NRC-Lexicon and get each word, along with its valence, arousal and 

dominance score in a list. The words and the scores can be distinguished by checking 
tab space. 

• Save the valence of each word to the valence dictionary along with the word. 
• Save the arousal of each word to the arousal dictionary along with the word. 
• Save the dominance of each word to the dominance dictionary along with the word. 

Now the valence, arousal and dominance score of all words present in NRC Lexicon has been 
imported to valence, arousal and dominance dictionary respectively. 

 
 
4.6.2 Finding VAD using NRC Lexicon 
 
Input: Parsed Text Words 

Output: Valence, Arousal, Dominance vectors using NRC Lexicon 

 
The algorithmic procedure to find VAD using NRC Lexicon: 
 

1. Group collective textual responses of each participant: one per topic, and one combined. 
2. For each topic, do the following: 

a. For each individual participant, do the following: 
i. Initialize variables valence, arousal, dominance, var1, var2, var3 to 0. 

ii. For each word in the collective response for the participant, do: 
• If the valence score exists in valence dictionary, then add it to 

valence variable and increment var1. 
• If the arousal score exists in arousal dictionary, then add it to 

arousal variable and increment var2. 
• If the dominance score exists in dominance dictionary, then add 

it to dominance variable and increment var3. 
iii. Divide valence by var1 and store the value to Valence vector. 
iv. Divide arousal by var2 and store the value to Arousal vector. 
v. Divide dominance by var3 and store the value to Dominance vector. 
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4.7 Module 6: Applying BERT Summarizer on Raw text of each topic 
Input: Raw Text Responses of all participants on each topic 

Output: Topic-wise Gist Vector for each participant  

This module describes the first part of another proposed method which finds outliers from each 
participant’s collective response text on a topic. Here one gist vector is found per topic for each 
participant by using BERT on the individual’s collective topic-wise textual responses. 

Algorithm to find Gist Vector from Raw Text for each participant using BERT 

1. Group collective textual responses of each participant: one per topic, and one combined. 
2. For each of these topical groups, do the following: 

a. For each individual participant, do the following: 
i. If the number of sentences in collective response is more than 3, 

Use summarizer to generate summary of the collective response;  
    Else  

      Consider the collective response as a whole. 
ii. Append the summarized/whole response to a list. 

 
b. Find Response Gist Vector of the appended list with the help of sentence 

transformer using predefined model ‘bert-base-nli-mean-tokens’. 
c. Output each Response Gist Vector. 

 

 

4.8 Module 7: Applying DBSCAN on raw text gist vectors 
Input: Response Gist Vectors of all participants 

Output: Cluster and Outliers 

This module uses the gist response vectors obtained in the previous step and finds outliers with 
the help of cosine similarity and DBSCAN clustering. 

DBSCAN algorithm for inter-participant similarity measures 

1. Initialize epsilon distance, minimum number of elements as 2 to form a cluster. 
2. For each participant’s gist vector V. 

a. Pick each of the other gist vectors of responses V’ at a time and do the following: 
i. Find Cosine Similarity between V and V’. 

ii. The distance or dissimilarity between the two response gist vectors is 
obtained by subtracting the similarity from 1:  
Distance = 1 – Cosine Similarity 

3. Perform DBSCAN algorithm on the obtained distance values and generate cluster and 
outliers amongst the participants.  
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4.9 Module 8: DBSCAN on VAD vectors 
Input: Topic-wise VAD vectors for all participants 

Output: Topic-wise Outliers 

This module finds outliers based on the input VAD vectors. 

DBSCAN with V-A-D vectors 

1. For each topic do the following: 
a. Consider the values of valence, arousal and dominance scores of all participants 
b. Import DBSCAN from scikit-learn package. 
c. Fit the valence, arousal and dominance values along with minimum number of 

points to form a cluster and epsilon distance to the function to get the outliers. 

 

 

4.10 Module 9: Finding Accuracy of proposed System 1 using VAD values 
Input:   1) V,A,D vectors for different topics from proposed System 1 

 2) V,A,D vectors for different topics from proposed System 2 

Output: Accuracy Tables and Bar charts 

This module tries to find out the accuracy of the proposed model by comparing the VAD vector 
obtained from the proposed model with VAD vector obtained by using NRC Lexicon. 

V-A-D Vectors compared using similarity measures 

1. For each topic, do the following: 
a. For valence, arousal and dominance each at a time, do the following: 

i. Get the corresponding vectors of all participants obtained from the two 
methods (System 1 and 2). 

ii. Find cosine similarity between these two vectors. 
iii. The obtained similarity value is placed appropriately within a table. 

b. Topic-wise Accuracy tables gets displayed  
2. Collective Accuracy tables and bar charts gets displayed  

 

 

4.11 Module 10: Comparison and Combination of Outliers 
Input: Outliers obtained from System 1, System 2 and System 3 

Output: Outlier Comparison through Tables and Venn Diagrams 

This module compares the outliers found by all the three methods. The obtained outliers are 
compared topic-wise to find the common outlier(s) detected by all three systems. This helps to 
understand the performance of the proposed models collectively. The results are visualized 
with the help of Tables and Venn-diagrams.  

The next chapter records the overall system performance analytically. 
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Chapter 5: Results and Performance Analysis: 

This chapter contains the description of the data and tools used to generate the proposed 
systems. It also contains a detailed discussion on the outputs obtained from those systems, 
followed by a comprehensive performance analysis made with graphical representations.  

 
5.1 Data Description 

The data is obtained from a survey that has been conducted among the university students. 
They were asked to answer 12 different questions related to Covid-19. The survey was 
conducted online with the help of Google Form, from which the data is extracted in csv format. 
There were 77 participants in all. The questions were from three different topics – from 
problems related to education, economy and general aspects faced by society during Covid-19.  

 

5.2 Tools Utilised 

5.2.1 Hardware Requirements 
• System: HP Laptop 
• Processor: Dual Core Intel Core i5 4210U @ 1.70Ghz 
• RAM: 8.00 GB 
• System type: Windows 10, 64-bit Operating System 

5.2.2 Software Requirements 
• Python of version greater than 3.6 or higher 
• Integrated Development Environments like Jupyter Notebook, where Python 

Programming is done 

 

5.3 Results and Inferences 

The outputs derived from the three systems studied in this work are presented in this section. 
The performance analysis of the proposed BERT based techniques (Systems 1 and 3) are made 
– with benchmarking against the standard NRC Lexicon-based system 2.  

5.3.1 Outputs from System 1 

As already discussed in the Methodology Chapter 4, System 1 uses a method proposed to find 
Valence and Arousal values of student responses from SentiWordNet positive-negative 
sentiment values for constituent text words. In this system, the Dominance value is extracted 
directly from raw text by applying BERT techniques. The observations on different topics from 
System 1 are described below. The topics include those related to education, economy, general 
aspects, as well as a combination of all these.  
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A. Results for Combined topic 

A sample of the valence, arousal and dominance values from the combined responses for some 
of the participants are displayed below in figure 5.1. These are depicted in the form of a 
screenshot containing a three-column table, in which the columns represent valence, arousal 
and dominance of each person’s response respectively. The values are all fractional numbers 
lying in the range 0 to 1. 

 

Fig 5.1: Sample Screenshot of VAD values obtained by System 1 

The complete set of outputs have been used to detect outlier personalities directly, as shown in 
figure 5.2 below – with another screenshot representing the outlier participants as numbers 
ranging between 1 and 77. The algorithm used here is DBSCAN as has been already explained 
in section 4.9 of the previous chapter. Here the algorithm sets minimum number of points to 
form a cluster to 2 and epsilon distance to 0.08. 

 
Fig 5.2: Outliers obtained from System 1 on Combined topic 
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B. Results for Education topic 

A similar depiction is presented below in figure 5.3, consisting of outliers obtained with 
responses based on education. Here, minimum number of points to form a cluster remains the 
same i.e., 2 and epsilon distance is set to 0.10. 

 
Fig 5.3: Outliers obtained from System 1 on Education topic 

 

C. Results for Economic topic 

The responses based on economic topic are processed by system 1 with minimum number of 
points remaining the same as before and epsilon distance set to 0.2. The result obtained is 
described below in figure 5.4. 

 
Fig 5.4: Outliers obtained from System 1 on Economic topic 

 

D. Results for General topic 

The responses based on general topic are processed by system 1, resulting in the following 
outliers shown in figure 5.5 below. Here the epsilon distance is reset to 0.10. 

 
Fig 5.5: Outliers obtained from System 1 on General topic 

 

5.3.2 Outputs from System 2 

The System 2 uses NRC Lexicon to find valence, arousal and dominance from responses within 
the same dataset as per the module already described in section 4.6 of the previous chapter. 
Using these values, outliers are again found applying DBSCAN technique with minimum 
number of points to form a cluster set to 2. 

A. Results for Combined topic 

The VAD values obtained using NRC Lexicon are used to find outliers on combined topic by 
setting epsilon distance as 0.036, as described below in figure 5.6. 

 
Fig 5.6: Outliers obtained from System 2 on Combined topic 
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B. Results for Education topic 

The VAD values obtained using NRC Lexicon are used to find outliers on educational topic by 
setting epsilon distance as 0.041, as described below in figure 5.7. 

 
Fig 5.7: Outliers obtained from System 2 on Education topic 

 

C. Results for Economic topic 

The VAD values obtained using NRC Lexicon are used to find outliers on economic topic by 
setting epsilon distance as 0.04, as described below in figure 5.8. 

 
Fig 5.8: Outliers obtained from System 2 on Economic topic 

 

D. Results for General topic 

The VAD values obtained using NRC Lexicon are used to find outliers on economic topic by 
setting epsilon distance as 0.041, as described below in figure 5.9. 

 
Fig 5.9: Outliers obtained from System 2 on General topic 

 

5.3.3 Comparative Accuracy: System 1 vs System 2 

This section involves the performance test of the proposed method for VAD. For each response, 
two sets of valence, arousal and dominance values have been found using two methods, System 
1 applying the proposed method using SentiWordNet and BERT, and System 2 which uses 
NRC Lexicon. These values are compared to evaluate the accuracy of the proposed model 
described in System 1. The better the similarity among VAD vector sets, the better the accuracy 
of the proposed model. 

A. VAD Accuracy table for Combined topic 

The similarity of VAD values obtained from the two methods on Combined topic is displayed 
in the table 5.1 below: 

Table 5.1: VAD Accuracy table based on Combined responses 

Parameter Accuracy 
Valence 99.6765 % 
Arousal 98.7989 % 
Dominance 99.4885 % 
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Inference: In case of combined responses to individual topics, the obtained similarity between 
the proposed method and existing dictionary-based technique is found to be quite high – 
approximately 99 %. 

 

B. VAD Accuracy table for Education topic 

The educational responses are considered next. Here the VAD values of both the methods are 
compared on educational topic. The result is displayed below in table 5.2: 

Table 5.2: VAD Accuracy table based on Education responses 

Parameter Accuracy 
Valence 99.3184 % 
Arousal 97.5286 % 
Dominance 99.1476 % 

 

Inference: For responses to Education related questions, the obtained similarity score of 
valence, arousal and dominance are also quite high. This indicates the accuracy of the proposed 
model is maintained in educational responses also. 

 

C. VAD Accuracy table for Economy topic 

The similarity between the two methods on Economic responses are described in the table 5.3 
given below: 

Table 5.3: VAD Accuracy table based on Economical responses 

Parameter Accuracy 
Valence 79.6020 % 
Arousal 75.2276 % 
Dominance 92.3278 % 

 

Inference: From the above table, it is observed that valence and arousal for economy topic do 
not have as good a similarity as dominance. This may be because, in the survey there was only 
one question related to economy. So, data is far less for this topic and hence the accuracy on 
economic response for valence and arousal is unable to reach a satisfactory point. 

 

D. VAD Accuracy table for General topic 

Similarity between the two methods on General responses are described in the table 5.4 below: 

Table 5.4: VAD Accuracy table based on General responses 

Parameter Accuracy 
Valence 98.5924 % 
Arousal 96.5803 % 
Dominance 97.4097 % 
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Inference: From the above similarity measures, it is observed that on general responses too, the 
proposed technique gives satisfactory results. 

 

E. Collective result 

The accuracies obtained are collectively presented in table 5.5 below. 

Table 5.5: Collective VAD Accuracy values from System 1 and System 2 

Parameter Accuracy 
Combined Educational Economic General 

Valence 99.9765 % 99.3184 %  79.6020 % 98.5924 % 
Arousal 98.7989 % 97.5286 % 75.2276 % 96.5803 % 
Dominance 99.4885 % 99.1476 % 92.3278 % 97.4097 % 

 

The result has also been summarized with the help of a bar chart depicted in figure 5.10 below. 

 
 

Fig 5.10: Graphical Comparison of VAD Accuracy between Systems 1 and 2 
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General Inference: As already inferred, the overall accuracy on the combined set is the best as 
it considers the whole dataset, and economy fairs poorly due to scarcity of data. Hence, among 
the four different topics, combined, educational, economic and general, the highest similarity 
between the two systems is found in combined responses and the least is obtained in the 
economic topic. 

 

5.3.4 Output of System 3 

The proposed System 3 produces sets of outliers on different topics using BERT on raw text 
and considering semantic content, the output of which will be discussed next. Here, DBSCAN 
technique is used as already discussed in section 4.8 of previous Chapter 4, with minimum 
number of points to form a cluster being set to 2 for all topics. 

The outliers produced by this system on the different topics, as well as the combined one, are 
displayed in table 5.6 below. 

Table 5.6: Outliers obtained on different topics using System 3 

Topic Obtained Outliers 
Combined 11, 13, 25, 41 
Education 11, 41, 43, 48, 58, 63 
Economy 21, 49, 62, 67 
General 41, 48, 56, 67 

In each case, the remaining participants are mapped to some cluster or other. 

 

5.3.5 Final Output 

In this section, the outliers obtained from the three different systems are being compared topic-
wise. 

A. Outliers for Combined topic 

The outliers obtained from combined responses by all three systems are displayed in the 
following table 5.7. Outliers common to all three systems are highlighted with colour red and 
the outliers common within systems 1 and 2 only are coloured in orange. 

Table 5.7: Outliers obtained on Combined responses from all 3 Systems 

Used Method Obtained Outliers 
System 1 11, 41, 43, 46 
System 2 11, 12, 41, 46, 53, 56 
System 3 11, 13, 25, 41 

 

The output of the above table is represented pictorially as a Venn-diagram in the following 
figure 5.11. This helps to highlight the overlapped outliers across the system boundaries in a 
precise manner. 
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Fig 5.11: Venn diagram on the Combined topic 

From the above table and diagram, it is observed that students 11 and 41 are identified as 
outliers by all three systems on combined topic. The original and summarized responses of 
these students are given below in tables 5.8 and 5.9. 

Table 5.8: Original and Summarized Response of Student 11 on Combined topic 

Original Response Summarized Response 
early exposure to technology. ,cas
ual attendance. ,it was need of th
e hour. ,it's useless. ,no. ,neith
er benefit nor jolt. ,lockdown.,co
vid norms are maintained. ,it was 
needed. ,horrible. ,yes. ,yes. ,ea
rly exposure to technology. casual 
attendance. it was need of the hou
r. it's useless. no. it was needed
. ,neither benefit nor jolt. ,lock
down. covid norms are maintained. 
horrible.  
 

early exposure to technology. ,it's 
useless. ,no. ,neither benefit nor 
jolt. ,covid norms are maintained. 
,it was needed. ,horrible. it's 
useless. no. it was needed. 
,neither benefit nor jolt. covid 
norms are maintained. horrible. 

 

Inference: Both the original and summarized response of student 11 contain many negative 
words and phrases like useless, horrible, neither benefit nor jolt, which may have caused the 
response to be an outlier. The response as a whole indicates negativity. 
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Table 5.9: Original and Summarized Response of Student 41 on Combined topic 

Original Response Summarized Response 
connectivity issues,comfortable,no
pe,wearing mask and maintaining so
cial distancing,no comment,terribl
e,ofcourse yes,definitely,connecti
vity issues. comfortable. nan. nan
. nope. no comment,nan,nan. wearin
g mask and maintaining social dist
ancing. terrible. ofcourse yes. de
finitely 
 

connectivity issues,comfortable,no
pe,wearing mask and maintaining so
cial distancing,no comment,terribl
e,ofcourse yes,definitely,connecti
vity issues. wearing mask and main
taining social distancing. 
 

 

Inference: Use of words like issues and terrible may have marked student number 41 as an 
outlier. Here too both the original and summarized responses convey negative impression.  

The following sections explores the individual topic-wise outliers. 

 

B. Outliers for Educational topic 

The following table 5.10 describes the outliers obtained from education topic by all three 
systems. 

Table 5.10: Outliers obtained on Educational Responses from all 3 Systems 

Used Method Obtained Outliers 
System 1 11, 12, 41, 46, 48, 56 
System 2 11, 12, 41, 48, 70 
System 3 11, 41, 43, 48, 58, 63 

 

The following Venn-diagram in figure 5.12 depicts the outlier overlaps clearly again for the 
Education topic. This topic considers the largest number of questions, and as such produces the 
best results amongst the individual topics in the form of three common outliers marked in red 
in the table 5.10 above. 
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Fig 5.12: Venn diagram on Education topic 

 

Responses of the three students 11, 41 and 48, identified as outliers by all three systems on the 
educational topic, are described below in tables 5.11, 5.12 and 5.13. 

Table 5.11: Original and Summarized Response of Student 11 on Education topic 

Original Response Summarized Response 
early exposure to technology. casu
al attendance. it was need of the 
hour. it's useless. no. it was nee
ded. 
 

early exposure to technology. it w
as need of the hour. it's useless. 
no. it was needed. 
 

 

Inference: Negative words such as no and useless may have marked the student to be an outlier. 

 

Table 5.12: Original and Summarized Response of Student 41 on Education topic 

Original Response Summarized Response 
connectivity issues. comfortable. 
nan. nan. nope. no comment 
 

connectivity issues. comfortable. 
nan. nan. nope. no comment 
 

 

Inference: Again, usage of words like issues, no, nope may have caused this to be an outlier. 
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Table 5.13: Original and Summarized Response of Student 48 on Education topic 

Original Response Summarized Response 
online class is best . covid has m
any detrimental effects . through 
online we can revise a topic many 
times. practical also in online fo
rm. yes. i think reopen is very mu
ch risky 
 

covid has many detrimental effects 
. i think reopen is very much risk
y 
 

 

Inference: Words such as detrimental and risky may have marked student 48 as an outlier. 

 

C. Outliers for Economic topic 

Following table 5.14 describes the outliers obtained from economic topic by all three systems. 

Table 5.14: Outliers obtained on Economic responses from all 3 Systems 

Used Method Obtained Outliers 
System 1 11, 56, 63 
System 2 4, 11, 25, 39 
System 3 21, 49, 62, 67 

 

Following Venn-diagram in Fig. 5.13 depicts the overlap between outliers for Economy. 

 

 
Fig 5.13: Venn diagram on Economic topic 
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From the above table and diagram, it is found that there is no common outlier found by the 
three systems on economy topic. This may be due to dearth of data. For this topic, none of the 
system 3 outliers could be matched with the other two systems. Systems 1 and 2 detect one 
common outlier in student 11. 

 

D. Outliers for General topic 

The following table 5.15 describes the outliers obtained from general topic by all three systems. 
Outliers common to systems 2 and 3 are marked in blue. 

Table 5.15: Outliers obtained on General responses from all 3 Systems 

Used Method Obtained Outliers 
System 1 11, 12, 32, 43, 46 
System 2 11, 12, 33, 43, 46, 52 
System 3 43, 52, 56, 67 

 

The Venn-diagram in Fig. 5.14 represents the overlapped outliers on general topic texts. 

 

 
Fig 5.14: Venn diagram on General topic 

From the above table and diagram, it is found that student 43 is marked as outlier by all three 
systems for general topic. The original and summarized response of the same is given below 
table 5.16. 
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Table 5.16: Original and Summarized Response of Student 43 on General topic 

Original Response Summarized Response 
government imposed stringency is r
ight in way. good. it's not good e
xperience . game changer. yes stri
ct 

government imposed stringency is r
ight in way. it's not good experie
nce . game changer. 
 

 

Inference: Use of words and phrases like stringency, not good has made the response an outlier. 

 

5.3.6 Overall Topic-wise Outlier Alerts 

Outliers obtained on different topics by all the three systems are described below in table 5.17, 
along with the coloured alerts. Participant numbers marked in red are found to be in highest 
level of alert, participant numbers marked in orange and blue are found to be in medium level 
of alert and participant numbers marked in black are found to be at the lowest level of alert. 
Highest level of alert indicates immediate attention.  

 

Table 5.17: Overall Outlier Alerts found from All topics 

Topic Outliers 
Combined 11, 12, 13, 25, 41, 43, 46, 53, 56 
Education 11, 12, 41, 43, 46, 48, 56, 58, 63, 70 
Economy 4, 11, 21, 25, 39, 49, 56, 62, 63, 67 
General 11, 12, 32, 33, 43, 46, 52, 56, 67 

 

Inference: From the above table 5.17, it is observed that student 11 has been marked as outlier 
by all the systems. For combined and education topic, the student is marked with high alert, 
and for economy and general topic with medium alert. This indicates that student 11 should be 
provided immediate attention to avoid any unpleasant outcome in near future. Additionally, 
students 41, 43 and 48 also seeks attention as candidates with high alert. Students 12, 46 and 
52 have medium alerts associated with them. The rest of the outliers may also be considered 
although the level of attention is indicated to be low in their cases. 

The next chapter concisely presents the overall goal achieved through this research. It also 
points towards some new tools and techniques that may be employed to improve performance 
measures. 
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Chapter 6: Conclusion and Future Scope 
At the very introductory chapter it was hinted that this work aims to address a crisis, threatening 
today’s mankind in general – and the student community in particular – which is the enemy 
within one’s own self. In short, it is the failure to combat internal emotions that is driving 
humans crazy in this tough modern world. Like physical ailments, such mental ailments also 
eat into the core of a person’s existence. But often, earlier diagnosis helps to heal up the patches 
more efficiently and effectively. So, the goal of this thesis is specifying pervasive techniques 
to assess the degree of mental disorientation in advance. 

The proposed work utilises three different methods to find outlier personalities by analysing 
textual survey entries of university students in response to COVID-19 related questions. All 
three systems have been tested with DBSCAN technique for finding outlier personalities. The 
first two systems detect the same by considering VAD values, while the third segregates them 
directly using BERT on raw inputs. In the very first system, Valence and Arousal are directly 
calculated on the basis of a proposed statistical measure using positive-negative emotion values 
of words from a standard lexicon. Here Dominance is calculated using BERT and Cosine 
Similarity functions. The second system, purely based on annotated lexicons, is presented to 
benchmark the first proposed system. The third one is another proposed system which 
discovers outliers from raw texts, rather than from VAD values. The trace of commonality 
presented by the three systems in their outputs is captured by visual aids such as Venn-
diagrams. Alerts come in the form of colour coded entries in tables. So, it is felt that the 
objective of finding out alienated students have been successfully met to a large degree. 

Furthermore, the overall similarity between VAD values obtained from systems 1 and 2 have 
been tested and found to be satisfactory. The best comparison results for valence, arousal and 
dominance are 99.97%, 98.79% and 99.48% respectively.  These are obtained from the 
Combined and the Education topic, both of which understandably win the race by dint of 
possessing bulkier datasets. The Economy factor, on the other hand, scores the lowest just 
because of its data dearth – only one question being allotted to this topic, and that too avoided 
by most of the participants. These revelations have also been further corroborated by the data 
visualization techniques affected through performance bars and Venn-diagrams presented in 
the result section of the previous chapter.  

It is felt that the outliers found by the three systems may be improved further by utilising a 
larger dataset and by trying out various types of summarizers including abstractive ones. 
Extracting finer-grained emotions within text may also help to improve the outlier detection 
process. Audio responses can be considered in addition to textual responses in this context. 
Dictionaries other than SentiWordNet and NRC lexicon can be used to reevaluate the 
performance of the proposed techniques. Additionally, a plethora of Deep Learning techniques 
can also be explored in this connection by studying the enriched survey paper on the topic 
discussed by D.W. Otter et al [38]. 
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