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ABSTRACT 

 

 

The research work presents the mechanism for the automatic classification of email 

documents. The research work is carried out with the mixed approach of a combination of 

Natural Language Processing and Computational Linguistics as per the demand of the 

research problem. In this research work, the primary focus is on email (document) – topic 

distribution and keyword–topic distribution. 

 
The hidden knowledge from the email corpus is collected and used to retrieve the topics/ 

labels for the emails. Unfortunately, due to the increase in the number of emails in the inbox 

sometimes proper management and organization are difficult and so the important emails 

remain unattended. This research work tried to generate the labels in front of the subject of 

the email and also create a folder in Gmail inbox and store the email in the folder. Label and 

folder creation will be for important emails. Emails from different domains (e.g. doctor’s 

emails, advocate emails, medical representative emails, teaching professional emails, 

etc.)were studied, and after collecting, identifying, and manually validating the rules through 

the manual calculations of each rule found from the different sources, the knowledge corpus 

is created to make it usable for research purposes. 

 
Further, the construction rules for knowledge corpus are rule-based modeled, through which 

the detection and identification of the labels for emails take place. Along with that, stop 

words filtering is also incorporated. Apart from this, the noun and verbs are detected from 

the subject and body of email through the NV-LDA (Noun Verb – Latent Dirichlet 

Allocation) to understand the keywords better. The automatically generated metadata 

concerning computational linguistics includes details about noun-verb from subject and body 

of email corpus much more metadata, which is matched with the knowledge corpus and the 

labels for email are predicted. This research work also contributes to the knowledge corpus 

creation of label prediction for different users from a different domains to classify email. 

 
The research work is not limited to email classification. It also opens up the new research 

stream of automatically labeling SMS, organize documents into folders of user interest. This 

Ph.D. thesis will help in automatic metadata generation for email management, it will improve 

existing keyword-based search results delivery with metadata, enhance the management of 

email, and, most importantly, it will play a vital role in organizing the mailbox. 
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CHAPTER 1 

Introduction 

 
1.1 Overview 

 
Day by day the number of internet users is increasing and email is becoming the 

most widely used communication mechanism. User inbox is full of many types of 

emails out of which some are machine-generated emails and some are 

useful/important emails which can be classified as professional emails, personal 

emails, offer emails, request emails, welcome emails, and so on. Nowadays at 

various counters and websites, email addresses are asked to fill and then in return, 

many promotional and machine-generated emails hit our inbox. E.g if we subscribe 

to emails like Pinterest, nurserylive, Traveltriangle, etc. then lots of emails come 

from that domain also. Sometimes the promotional emails are useful for the user but 

not all time. The user spends much of his/her working time categorizing the emails. 

Therefore, email management is an important issue faced by organizations and 

individuals, and it opens the door for the mechanism that intelligently classifies the 

emails and deals with the problem. So there is a need for an automatic email 

classification tool that can solve the problem of categorizing the emails into a 

predefined folder. 

 

The automatic email classification is the application of text mining area. Text mining 

is the process of deriving the high quality information from the text. It explores and 

analyze large amount of unstructured text data to identify concepts, patterns, topics, 

keywords and other attributes in the data. It is also called as Text Analytics. Text 

search and analysis is potentially valuable for organizations in corporate documents, 

customer emails, call center logs, social media posts, medical records, and other text-

based data sources. Helps reveal business insights. Increasingly, text mining 

capabilities are also being integrated into AI chatbots and virtual agents, which 

enterprises are using to provide automated responses to their customers as part of 

their marketing, sales, and customer service activities. 

 

The main areas of text mining are as follows: [1] 

1) Information Extraction 

2) Natural Language Processing 

3) Data Mining 

4) Information Retrieval 
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Information Extraction is automatic extraction of structured data such as entities, 

entities relationships, and attributes describing entities from an unstructured source is 

called information extraction. 

Natural Language Processing Computer software can understand human language 

as same as it is spoken. NLP is primarily a component of artificial intelligence (AI). 

The development of the NLP application is difficult because computers generally 

expect humans to "Speak" to them in a programming language that is accurate, clear, 

and exceptionally structured. Human speech is usually not authentic so that it can 

depend on many complex variables, including slang, social context, and regional 

dialects. 

Data Mining refers to the extraction of useful data, hidden patterns from large data 

sets. Data mining tools can predict behaviors and future trends that allow businesses 

to make a better data-driven decision. Data mining tools can be used to resolve many 

business problems that have traditionally been too time-consuming. 

Information Retrieval deals with retrieving useful data from data that is stored in 

our systems. Alternately, as an analogy, we can view search engines that happen on 

websites such as e-commerce sites or any other sites as part of information retrieval. 

Text Mining Process:  

The text mining process is generally divided into 5 phases as follows: 

1) Text Pre processing 

2) Text transformation 

3) Feature Selection 

4) Data Mining 

5) Evaluate  

Text Pre-processing  is a significant task and a critical step in Text Mining, Natural 

Language Processing (NLP), and information retrieval(IR). In the field of text 

mining, data pre-processing is used for extracting useful information and knowledge 

from unstructured text data. Information Retrieval (IR) is a matter of choosing which 

documents in a collection should be retrieved to fulfill the user's need. Syntactic and 

semantic text analysis is done in this step. 

Text transformation A text transformation is a technique that is used to control the 

capitalization of the text. Here the two major way of document representation is 

given. 

a. Bag of words 

b. Vector Space 
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Feature selection is a significant part of data mining. Feature selection can be defined 

as the process of reducing the input of processing or finding the essential information 

sources. The feature selection is also called variable selection. Simple counting and 

statistics are used to do the feature selection step. 

Data Mining Now, in this step, the text mining procedure merges with the 

conventional process. Classic Data Mining procedures are used in the structural 

database. Classification (Supervised learning) and Clustering (Unsupervised learning) 

algorithms are used in this step. 

Evaluate: 

Afterward, it evaluates the results. Results are analyzed and the knowledge is derived 

from it. 

1.2 What is an automatic email classification system?  
 

An automatic email classification system will classify emails into one or more of a 

discrete set of predefined folders. E.g an email organizers can classify the incoming 

email into the official or personal email, phishing or normal email, spam or ham 

email. Google Gmail provides the functionality of categorizing the emails into 

promotional and social tabs.  In Gmail for new incoming emails, the label new is 

associated with the email. If instead of new the appropriate label or category is 

displayed in front of an important email then it becomes very convenient for the user 

to address the email. Now let us understand the process of email classification. 

Typically an email classification process is divided into three stages: 

Preprocessing 2) Learning and 3) Categorization 

To develop an automatic email classification system that will work for different 

professions and different organizations knowledge of various domains is required. 

For example, for a doctor's inbox, he/she should get the labels accordingly, for 

advocates, the labels will change and for an engineer, the labels will be different. So 

the automatic email classification system should work in a dynamic environment for 

different users and produce customized labels for individuals or organizations.  

Thus for our framework of the automatic email classification system, the first task is 

to collect the email dataset for that after authenticating the Gmail user the email 

dataset is collected. Secondly, the cleaning of the dataset takes place which is also 

known as data pre-processing. In pre-processing stemming, lemmatization, removal 

of unnecessary words, elimination of stop words, etc. like operations are performed. 

At the learning stage, a feature set is created and features are extracted. The term 

feature here represents the keywords in the emails, also it represents certain users’ 

email activity and behavior. The features in terms of keywords are extracted from the 

Noun Verb Latent Dirichlet Allocation algorithm (NV-LDA). Finally for predicting 
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the labels for incoming important emails the knowledge corpus and Noun Verb 

Latent Dirichlet Allocation algorithm output are compared and the appropriate labels 

are recommended. If the user agrees to the recommendation then the labels are 

applied in the inbox. The most interesting part here is the automatic email classifier 

will classify the most important emails and ignore the rest so the user will not miss 

out on attending the important email.    

 
FIGURE 1.1 General Architecture of Email Classification [1] 
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1.2.1 Application Areas 

 

The main application areas of email classification are as follows: 

Spam email classification 

Phishing email classification 

Spam and Phishing email classification 

Multi folder classification 

Other application areas like VIP email classification, terrorist email classification, 

etc. 

 
FIGURE 1.2 Email classification Application Areas [2] 

 

Many experts are working in the email classification domain to classify emails into 

spam or ham, phishing or legitimate and a lot of work has been carried out in this 

area. They are using binary classification techniques to classify spam and phishing 

emails. In [4] author used a spam filtering algorithm and also used text and image-

based features. In [5] author reduced the features and applied the classification 

algorithm for spam filtering. Recently many advances are done in spam email 

identification. To identify phishing emails [6] author used various machine learning 

algorithms to predict the accuracy like logistic regression, SVM, random forest, and 

neural networks. In [7] author mentioned types of phishing attacks and phishing 

email filtering techniques. Other applications of email are in classifying personal or 

official emails, compliant mail or non-compliant email, suspicious or normal email, 

and classifying incoming email into related folders. 

  

1.2.2 Datasets available for email classification 

 

For performing the email classification in above mentioned 5 application areas, the 

publically available dataset are listed as under. 
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TABLE 1.1 List of datasets available for email classification [3] 

 

Application Area Name of 

Dataset 

Available link 

Spam 

Classification 

PU http://www.csmining.org/index.php/pu1-and-pu123a-

datasets.html 

Spam 

Classification 

SpamAssasin http://spamassassin.apache.org/publiccorpus 

Spam 

Classification 

Spambase http://archieve.ics.uci.edu/ml/datasets/Spambase 

Spam and 

Phishing 

Classification 

TREC http://plg.uwaterloo.ca/~gvcormac/treccorpus07/ 

Spam and 

Multifolder 

Classification,  

Enron http://www.aueb.gr/users/ion/data/enron-spam/ 

Spam 

Classification 

CCERT http://www.ccert.edu.cn/spam/sa/datasets.html 

Spam and 

Phishing 

Classification 

LingSpam http://www.csmining.org/index.php/ling-spam-

datasets.html 

Phishing 

Classification 

PhishingCorpus http://monkey.org/*jose/wiki/doku.php?id=PhishingCorpus 

 

1.2.3 Feature Selection 

 

Feature states the behavioral property or activity in the user email. To accurately 

classify the emails the selection of features plays a vital role. E.g. the word “free” 

extracted from the feature will help to classify spam emails. To classify phishing 

emails one has to take into account the email header feature and look carefully at the 

sender's address. The most widely used features in email classification are email 

header, email body, email JavaScript, email URL, behavioral, SpamAssassin, 

network-based, Stylometric, term-based, offline, online, phrase-based, concept-

based, rule-based, lexical, social, and structural features.[8] The features description 

is mentioned in the following table 1.2  

 
TABLE 1.2 Features in email classification 

 

Features Function 
Email header features It includes to, from, bcc, cc, and subject fields.  
Email body features Maximum content is present in the body part of an email which 
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is useful to classify emails, HTML contents, HTML form in the 
body give rise to suspicious emails. 

JavaScript features Java script code is present in the email body e.g. OnClick event, 
pop-up window code which helps to classify the email as 
phishing email along with some criteria. 

URL features This is a very important feature in identifying phishing emails. 
The “@” sign-in URL, the port number in URL, presence of IP 
address in URL. When URL is clicked it opens the login pages 
etc. leads to identifying the phishing email.  

SpamAssassin 
Features 

Statistical methods along with the email header and body 
features are used to intelligent classify the spam mails. Black 
lists and white lists are also used to classify spam and ham 
email. 

Offline features These features are studied offline which considers the image in 
the message body, the country from where the email is received, 
message size, URLs, etc. 

Online features These features have an OnClick event in an email, HTML form, 
or hyperlink in an email.  

Behavioral features These features reflect the sender's behavior. E.g. number of 
emails send, email attachments, number of unique sender 
addresses, number of unique email recipients, etc. 

Network-Based 
features 

These features extract email packet header information, packet 
size, etc. 

Stylometric Features Stylometric features extract the number of unique words, 
linguistic style, function words Etc. 

Structural Feature  
 

Structural features attempt to identify similar syntactic patterns 
between two texts while overlooking topic-specific vocabulary. 
Examples include pair of words occurring in the same order for 
two different emails. 

Lexical and Non-
Lexical Features 
 

Non-lexical features are composed of descriptions of emails 
based on visual features (e.g., use of bold and capital letters or 
images), structural information (e.g., T field, CC, BCC, and 
abbreviations in the subject such as Fwd, Re, TR), 
characteristics of attachments (attached directly or included in a 
thread), and contextual information (presence of official 
signature and member of the sender to the recipient social 
network). Lexical features include action authorization words 
(e.g., approve, request, please, thank you, to sign, etc.), action 
information (e.g., hello, possible, need, to provide, to transmit, to 
receive, etc.), action tasks (e.g., to discuss, to print, to share, 
must, follow up, etc.), action meeting (e.g., meeting, to post, 
periodically, etc.), and reaction tasks (e.g., to obtain, to relieve, 
to recruit, etc.). 

Term-Based Features The vocabulary list in term-based features is presented for 
classification. An incoming email is classified by term matching. 
Each term in a text pattern is described by a set of synonyms, 
generalizations, and specializations, among others. 

Phrase-based Features These features capture relevant phrases as a text pattern and not 
just a set of keywords. Phrase size can be fixed or variant. 

 

Features used in the email classification application area are described in table 1.3 
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TABLE 1.3 Features used in various email classification applications 

 

Features 
Used 

Spam Email 
Classification 

Phishing 
Email 
Classification 

Spam and 
Phishing 
Classification 

Multi folder 
Classification 

Other 
Classification 

Email header 
features 

Used Used Used Used Used 

Email body 
features 

Used Used Used Used Used 

JavaScript 
features 

 Used Used   

URL 
features 

 Used Used   

SpamAssasin 
Features 

Used Used Used  Used 

Offline 
features 

  Used   

Online 
features 

  Used   

Behavioral 
features 

Used Used    

Network-
Based 
features 

Used     

Stylometric 
Features 

Used    Used 

Structural 
Feature  
 

    Used 

Lexical and 
Non-Lexical 
Features 
 

   Used  

Term-Based 
Features 

Used   Used Used 

Phrase-based 
Features 

   Used Used 

 

1.2.4 Categories of Email Classification Techniques 

 

Email classification techniques are divided into five different categories: supervised 

machine learning, unsupervised machine learning, semi-supervised machine 

learning, content-based learning, and statistical learning [8], [9], [10]. 

Various categories are shown in figure 1.3. The classification is illustrated in Figure 

1.4. In supervised learning, the labels are given and the machine is trained for that 

then for every new incoming mail it will classify emails into pre-defined labels based 

on the training provided. E.g. SVM, decision trees, genetic algorithm, artificial 

neural network, Naive Bayes, Bayesian network, and random forest. 
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FIGURE 1.3 Categories of email classification technique [8] 

 

In unsupervised learning, the model is trained to look at the similar patterns in the 

input and decide the output. This means the labels are not predefined. It will 

categorize based on the similarities found. E.g.  Clustering using K-means.  Semi-

supervised machine learning needs small labeled data which in turn will label the 

unlabelled data. E.g. active learning.  Content-based email classification techniques 

use keywords in emails for classification.  Statistical learning techniques assign a 

probability or score to each keyword, and the overall score or probability is used to 

classify incoming emails. 

Many researchers have applied the email classification techniques in various email 

classification applications, the details of which are shown in figure 1.4. From the 

figure, it can be concluded that the supervised machine learning method is widely 

used in all application areas.  

 
 

FIGURE 1.4 Research in the field of email classification area and its techniques [8] 

 

Most of the work is carried out in supervised learning because it is simple to learn 

from the training data. The prediction accuracy also increases when sufficient 

training data is available.  

From [11] it can be seen that SVM is a widely used supervised machine learning 

algorithm. The accuracy of SVM is also more compared to other algorithms. After 

SVM comes to the decision tree with good accuracy. The table shows several 

machine learning algorithms. The accuracy score between the range of 0.77 – 0.98  
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TABLE 1.4 Accuracy of various supervised machine learning algorithms [11] 

 

Algorithms Training Time Predicting Time Accuracy Score 

Random Forest 1.2 0.037 0.7707 

SVM with 1% training dataset 0.01 0.079 0.9055 

Naïve Bayes 0.133 0.021 0.9203 

K Nearest Neighbour 2.883 16.968 0.9379 

SVM with 10% training dataset 0.47 0.413 0.955 

SVM 22.735 1.925 0.9596 

Ada Boost 17.946 0.314 0.9653 

Decision tree 6.116 0.04 0.988 

SVM with 100% training dataset 14.718 0.9 0.9891 

 

 

From the above table, it can be concluded that the Random forest has the lowest 

accuracy score. SVM algorithm had the longest training time. SVM algorithm with 

100 % training data had the highest accuracy score.  The Naive Bayes algorithm had 

the quickest predicting time 

 

As shown in figure 1.4, no work is carried out in the unsupervised machine learning 

domain so we choose to explore that area and that too predict the customized labels 

for user in a dynamic environment. 

 

1.3 Challenges in Email classification  
 

As email contains text, images, URL, JavaScript, etc. it becomes challenging to take 

into consideration all the elements so in this section some major challenges are listed 

that are like open issues that can be considered in the future. 

 Ambiguity in the text: while classifying the email we encounter certain words 

like book a ticket and publish a book. Now the word “book” has different 

semantics in both the sentence so the email should keep the 2 emails into 2 

different folders e.g.  booking and publishing   

 Real-time learning (stream learning) of email classifier: the email contents keep 

on changing dynamically so the folders need to be created accordingly as per the 

user's interest. 

 Dynamic updating of the feature space: based on continuous incoming emails 

the features should be selected and extracted. 

 Email classification using hierarchical classification: multilevel classification 

should be done so that users can have a more organized inbox. 
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 Reducing the false positive rate:  

 Image and text-based classification: Email contains text and images with text. 

To retrieve texts from images for content needs to be addressed first then the 

classification to be performed. 

 Language-based barriers: Inbox contains emails in different languages some 

emails are in English, some in the national language, and some in regional 

language. E.g Users in Gujarat can have emails in their inbox in various 

languages like English, Hindi, Gujarati, etc. To translate the email and learn 

from the content in various languages needs to be addressed.  

 Dataset barriers and biases: Different users from different domains having 

different emails need to be addressed.  

 

1.4 Research Objectives 

 

 To categorize the important emails in a dynamic environment and to predict the 

label for the email. 

 To identify the unimportant emails and to delete the unimportant emails in a 

bunch. 

 To organize the inbox. 

 

 

1.5 Scope of the work 
 

 To propose a novel approach in predicting the labels for important emails.  

 To utilize the knowledge corpus created for various applications like SMS 

clustering, document clustering, etc. 

 To develop, implement, and validate the proposed framework for maximum 

users and in a different domain so that a variety of categories can be created. 

 

1.6 Research motivation 

 
A survey was carried out in which a lot of people told that due to the over increasing 

emails, many times the important remains unattended. Due to this people has to 

suffer the professional issues. On an average daily 121 emails are received in the 

mailbox. If labels are highlighted before the unread emails which are of user interest 

then the problem of unattended emails will not take place and the user will respond 

to the email. The algorithm will decide the important emails and predict the labels 

for incoming  emails, because of which the inbox will be organized and the labeling 

of important emails is done and the remaining unlabelled emails can be claimed as 

unimportant to the user and the unlabelled emails can be deleted to de-clutter the 
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mailbox. 

 

1.7 Problem Definition 

 

The number of internet users is increasing day by day, more people are finding email 

communication an inexpensive way to send their data and communicate with their 

peers. With pros also come to some cons. Almost every website asks for an email id 

to complete their registration, thus making users more and more prone to get affected 

by the mails. The increasing number of emails in the inbox not only wastes one's 

time but also wastes network resources significantly. Most importantly they expose 

users to scams such as phishing and virus attacks. The current review indicates that 

most emails are classified using text analytics. Using black lists and white lists can 

assist in blocking unwanted messages and allowing wanted messages to get through.  

Black Listing: Black-listing is creating a list of domain names that are used by 

the spammers, when a mail comes from that specific domain that is black listed it is 

considered spam. No further processing is done.  

White Listing: The white list is a list of trusted domains and mail from them is 

always a ham. White listing is a method used to classify users' email addresses as 

legitimate ones.  

In this aspect, a model is designed and developed which can automatically 

predict the label for incoming emails with the help of strong rule-based metadata and 

knowledge corpus so that the important emails are attended. 

 

1.8 Research Contribution 
 

The automatic email labeling task is divided into 5 steps: 

 Pre-processing the emails,  

 Calculating the frequent senders and analyzing the important emails, 

 Applying the NV-LDA on subject and body,  

 Comparing the result of NV-LDA with knowledge corpus and  

 Predicting the labels. 

 

The entire work mentioned in this synopsis is innovative and novel work, with the 

research papers as evidence. The proposed automatic metadata generator has been 

visualized as a collection of various functionalities with relevant publications. The 

details of the associated research papers are as follow: 

 

Papers Presented and Published: 

 

1. Email Classification Techniques—A Review  
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https://doi.org/10.1007/978-981-15-4474-3_21 

2. Email Classification Using LDA, LSA and NMF 

http://www.gisscience.net/VOLUME-8-ISSUE-4-2021/ 

3. Predicting Email Labels using modified Latent Dirichlet Allocation    

http://thedesignengineering.com/index.php/DE/article/view/8169 

4. NV-LDA: A novel approach to classify the Email content using topic 

modeling accepted in the Journal of The Maharaja Sayajirao University of 

Baroda on March 19, 2022 

 

1.9 The organization of the thesis 
 

The main contents of the thesis are as follows.  

 

Chapter 1 deals with the general introduction of the research work. It elaborates 

on the basics of an automatic email classification system, application of email 

classifications, feature set analysis in various application areas, research work carried 

out in various machine learning domains. We study various work done in the email 

classification area and challenges in this area.  

 

Chapter 2 presents a review of the state of the work in email classification. The 

review identifies various issues and solutions in email classification. It describes 

various approaches proposed by different researchers for email classification. 

Various topic modeling algorithm is studied in different domain. The study of LDA 

and its application is elaborated in detail. 

 

Chapter 3 presents the proposed model of NV-LDA.  Algorithms and flow graph 

of different modules in proposed method. Creation of Knowledge Corpus Generator.  

 

Chapter 4 presents the comparison of various topic modeling algorithms. This 

chapter also presents the evaluation of the proposed prediction model and creation of 

knowledge corpus and integration of recommended topics with Gmail. The proposed 

model is tested for various users without changing the hyperparameter and changing 

the hyperparameter. Result comparison in terms of keywords identification with NV-

LDA and LDA is done and finally chapter ends with concluding remarks.  

 

Chapter 5 presents a summary of the entire work carried out in this research and 

conclusions derived from the presented work and its results. It also explains the 

possible work to be carried out in the future, major contribution of research and the 

contribution of the research work to the society. 
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CHAPTER 2 

Literature Review 

 

The in-depth review of literature helps the researcher understand the research domain 

more and helps find the research scope and the need of the research in a particular 

research domain. However, the literature review itself was challenging in this research 

work because we tried to find the research works associated with metadata generation for 

email classification automatically based on computational linguistics and related 

explicitly to natural language processing. Unfortunately, such research works are still too 

little or nearly none. Nevertheless, we had divided the research literature review into 

several parts. Several factors are considered of different related works as no direct 

research work was seen. The division of the several factors are based on the other aspect 

like Spam email classification, phishing email classification, spam and phishing both, 

multi-folder classification and other classification areas, the research going on in Google 

and Yahoo lab, the in-depth study of the working of Gmail service provider, Natural 

Language Processing(NLP), Computational Linguistics(CL) based research studies, the 

study of emails from different email users for the works related to metadata generation, 

and many more related linked research works are considered for this literature review. 

 
Many research work directly related to this research is available but customized label 

generation in a dynamic environment was not seen that only made this research work 

more unique and challenging. There were only two slightly nearby research works by 

Aakanksha Sharaff and Naresh Kumar Nagwani that were somewhat related but can’t be 

genuinely relevant when the different aspects of the studies are analyzed. That two 

slightly nearby work was also published in 2019 and 2020 when our work was already 

going on. Aakanksha Sharaff and Naresh Kumar Nagwani [12] researched identifying 

categorical terms based on Latent Dirichlet Allocation (LDA) for Email Categorization. 

In that research work, they gave manual labels for the categories. In another research 

work, Aakanksha Sharaff and Naresh Kumar Nagwani[13] designed an algorithm for 

managing emails into a predefined category using Latent Dirichlet Allocation. These 

research studies [12, 13] confirm that email categorization was done with LDA 

calculating the frequent terms for assigning the pre-defined classes. But the model was 

tested only for the Enron dataset and the dynamic environment was not considered. If the 

rules of different verses are systematically organized and modeled, this is the core of the 
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current research problem. The knowledge corpus is prepared so that the users from the 

different domains can be managed with a broader approach. Therefore, this research 

work will be covering numerous domain users and it will be a generalized approach that 

can be integrated into Gmail. 

Pursuing the literature review further, many research studies were taken into account 

which includes research in application areas of email classification like spam email 

classification, work going on in phishing area, work carried out in multi-folder 

classification and other classification areas. Also, the research work done in Google lab 

and Yahoo lab in the email domain was studied. From the literature survey, it was 

concluded that much of the work is carried out using a machine-learning algorithm in 

supervised learning. So we thought of exploring unsupervised learning with natural 

language processing NLP. So topic modeling concept was studied and work done in that 

area was explored. It was found that Latent Dirichlet allocation performs well in finding 

out the hidden topic from the text. LDA and its applications were studied and finally 

work done in the automatic email classification area were studied. 

From [14] – [23] work done in the area of spam, email classification is mentioned in 

table 2.2. It is seen that authors worked with different machine learning algorithms for 

email classification. The algorithms resulted in different accuracy scores between the 

range of 77% to 98%.  Accuracy using SVM was 98.9%, Decision Tree was 98.8%, Ada 

boost classifier gave 96.5% accuracy, K Nearest Neighbor gave 93.7%, Naïve Bayes 

with 92.03%, and Random Forest with 77.07%. After machine learning algorithms 

authors tried neural network algorithms for email classification. The efficiency of Multi 

layer Perceptron was better than the other models. Datasets used are PUI, Ling Spam, 

UC5 spam, UCI spam base. And mostly the tools used in performing the experiments are 

Weka or Python. 

From [24] to [28] author carried out work in phishing email classification. Here also 

they used a machine learning algorithm. Random Forest, J48, and PART with accuracy 

rates of 98.87%, 98.11%, and 98.10% respectively. The lowest false positive rate was 

registered for the PART algorithm at 0.26%. Author in [25] claimed that SVM is 

successfully applied in phishing detection filtering, black listing mechanism, and pattern 

recognition methods. The cluster-based classification model is used for email authorship 

identification. 

From [29]-[34] authors used Enron, SRI, Listserv datasets and performed multi-

folder classification. In [29] author claimed the Winnow classifier performed very well 

than SVM and Maximum Entropy method. In [31] author extracted machine-generated 

mails with the help of rules applied on structure-based clustering. In [31] graph-based 

approach is proposed for multi-folder classification. M-Infosift framework incorporate 

useful and relevant domain information.  

In [35]-[42] another application of email classification is explored by various authors. 

In [35] with the help of machine learning and word embedding techniques author 
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proposed an improved customer support system. In [37] author proposed an email 

attachment reminder system with keyword matching methodology. In [39] email 

transaction log is monitored using a text-mining algorithm. Using an email filtering 

module long with term enhancement gives good results. In [40] BERT model performs 

best email user classification.   

From [43] to [50] various research taking place at Google lab was studied. In [43] 

authors used templates to improve extraction accuracy. In [44] new incoming email 

category is predicted with LSTM. In [46] authors classified the emails using embedded 

image contents which helped the user to use any applicable offer if he/she visit the 

nearby store where that offer can be avail. In Google lab classification of hotel and flight 

data is stored and from that, it suggests the cab booking and places to visit options. Also, 

the bills are classified into various folders. 

At Yahoo lab authors are identifying the threads of related emails, analyzing and 

predicting the booking behavior using email travel receipts. Provided users a unique 

feature for managing unsubscribed emails based on personalized recommendations, 

query expansion for email search. All the said work is reflected in table 2.2 from [51] to 

[55]. 

From the above literature review, it was found that major work in the email 

classification domain was performed with supervised learning.  Our interest was to 

automatically classify the new incoming important email. For that, we have to find the 

hidden topic from the email corpus, for that the topic modeling area of NLP was 

explored. Topic Modeling is a strategy for ordering comparative information into the 

same gathering of items (topics). Its significant applications are putting together, 

understanding, looking, and summing up huge records. It may very well be valuable in 

finding hidden topics, arranging documents, and after grouping to sum up or search the 

document. By having the topic distribution it will be quick for searching. Essentially 

there are 3 sorts of topic modeling techniques that are: LDA (Latent Dirichlet 

Allocation), LSA (Latent semantic investigation), NMF(Non–negative network 

factorization). The primary motivation behind Latent Dirichlet Allocation is to discover 

topics from a document depending on the words in it. The fundamental reason for Latent 

Semantic Analysis is to assemble all the words that have a comparative same meaning. 

The principle reason for Non – negative matrix factorization is to predict the latent 

structure in the data represented as a non-negative matrix. 

 

Some of the email organizing web tools and email organizing mobile apps were also 

studied to know the working of it and to identify the gap in those tools and apps. Here is 

some of the email organizers listed: 

• Email Organizers 

1) Mozilla Thunderbird 

2) Postbox 

3) DreamMail  
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Mozilla Thunderbird  

Features: 

It loads quickly even when contending with multiple RSS feeds and folders. Mozilla 

Thunderbird has excellent HTML support, junk mail filters and virus protection. 

Additional features include: 

 Tabbed e-mail 

 New search tools and indexing 

 Smart folders 

 Support for Firefox’s Personas 

 Simplified setup wizard 

Drawbacks: 

 RSS feed reader could be integrated better and offer more power for it 

 Could be more helpful by suggesting tags or reply text 

 Not so easy to include configuration of a number of security features 

Postbox 

Features: 

 Placeholders in Response Templates 

 70 Emails Every Business Needs 

 Quick Post 

 Image Effect Global Filters & New Filtering Options 

Drawbacks: 

 Postbox does not fully exploit topics and social network integration. 

 Task management is minimal and does not include an integrated calendar. 

 Keyboard shortcuts are a bit incoherent and settings hard to find. 

DreamMail 

Features: 

 Multi-accounts & Multi-users 

 Templates and signatures management 

 Antispam filter, scan every dangerous file  

 Miscellaneous protocols management 

 Rules of messages, multiple sending, data compression, view in html or text mode. 

Drawbacks: 

 DreamMail has trouble with language encodings other than US-English and Chinese. 

 You cannot set up virtual folders to organize mail or assign free-form labels to 

messages. 

DreamMail does not support IMAP accounts and lacks effective spam filtering. 

 

• Mobile Email Organizers 

1) Clean Email 

2) Boomerang 

3) Unroll.Me  
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 Clean Email 

Features  

 Clean Email organizes all of your emails into easy to review bundles. 

 Remove, archive, move, label (and more!) groups of emails instead of selecting them 

one by one. 

Instruct Clean Email to apply selected actions automatically. Set it and forget it. 

Drawbacks: 

 Everything is slow 

 Missing important mails 

 After deleting the mails can be seen in mailbox  

Boomerang 

Features: 

 Send an email later 

 The best follow up reminders 

 Remind you if you don’t hear back  

Drawbacks: 

 The drawback is that they do operate externally, so to set the reminders you actually 

need to send and receive MORE email. And if you ever want to cancel, edit, or 

reschedule the reminder, you often have to reply with silly commands or somehow 

locate the service's management system—if there is one.  

Unroll Me 

Features: 

 Unsubscribe with one click 

 Combine your favourite subscriptions into one email 

 Live a more organized and efficient life 

Drawbacks: 

 It’s not clear what happens when a user clicks unsubscribe 
 

TABLE 2.1 Comparison of Topic Models 
 

Criteria LDA LSA NMF 
Technique LDA  is a probabilistic 

model to extract topics 
from document 
collections.  
Corpus is organized as a 
random mixture of latent 
topics in the LDA model, 
and the topic refers to a 
word distribution. α is a 
parameter that represents 
the Dirichlet prior for the 
document topic 
distribution, β is a 
parameter that represents 

LSA considers both the 
similarity terms of text 
and related terms to 
generate more insights 
into the topic by 
distributional 
hypotheses. X is a term-
by-document matrix that 
decomposed into three 
other matrices, S, W, 
and P; multiplying 
together those matrices, 
we give back the matrix 
X with {X} = 

NMF is an unsupervised 
matrix factorization 
(linear algebraic) method 
that can perform both 
dimension reduction and 
clustering 
simultaneously. The 
NMF model can extract 
relevant information 
about topics without any 
previous insight into the 
original data. D ≈ UV, 
where U and V are 
elementwise nonnegative 
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the Dirichlet for the word 
distribution, θ is a vector 
for topic distribution over 
a document d, z is a topic 
for a chosen word in a 
document, w refers to 
specific words in N, plate 
D is the length of 
documents, and plate N 
is the number of words in 
the document. 

{S}{W}{P}; each 
paragraph is 
characterized by the 
columns, and the rows 
characterize the unique 
words. 

and, for a given text, the 
corpus is decomposed 
into two matrices which 
are term-topic matrix U 
and topic–document 
matrix V, corresponding 
to K coordinate axes and 
N points in a new 
semantic space, 
respectively (each point 
represents one 
document). 

Applicatio
ns 

Document Classification, 
Collaborative Filtering, 
Computer Vision 

document clustering in 
text analysis, 
recommender systems, 
building user profiles 

document clustering, 
recommender systems, 
missing data 
manipulation 

Advantage
s 

Completely 
unsupervised, can learn 
topics without the need 
for annotated training 
data, Forum threads can 
intuitively be thought of 
as documents in a corpus, 
Built-in classification, 
Documents are 
distributions over topics. 
Can classify documents 
by high probability 
topics.  

Reduce dimensionality 
to TF-IDF using 
singular value 
decomposition, Captures 
synonyms of words, Not 
robust statistical 
background 

Fast process for a large 
amount of real-time data, 
Able to extract 
meaningful topics 
without prior information 
or knowledge of the 
underlying meaning in 
the original data, 
Appropriate for word and 
vocabulary recognition 
tasks. 

Challenge
s 

Not scalable, Each global 
topic update requires one 
full pass over the corpus, 
the Entire corpus must fit 
in the main memory, and 
new threads are 
constantly being created. 
Want to update the 
model, not re-run it on 
the entire corpus.  

Difficult to determine 
the number of topics, 
Difficult to interpret 
loading values with 
probability meaning, 
Difficult to label a topic 
in some cases using 
words in the topic, Does 
not incorporate sentence 
structure, Susceptible to 
variation in parameters 
(selection of stop words, 
weighting, stemming, 
dimensionality 
reduction) 

Sometimes provides 
semantically incorrect 
results. 

  

LDA approach was used in multiple application areas such as short text 

classification, research paper classification, tweet classification, topic prediction, 

sentiment analysis, etc but it was not used in Email classification so the modified LDA is 

used in the research work of email classification.   

Very few research works from [70] to [72] are carried out in the automatic email 

classification domain using machine learning algorithms, using different techniques for 
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feature selection and feature extraction of a textual field of the message. A cascaded self-

organizing map (SOM) was used and proved to be a good technique in automatic email 

classification. 

         Significant Research works are listed in table 2.2 Literature Review as per the 

relevance sequence and the respective contribution and conclusion. 
 

TABLE 2.2 Literature Review 

 
Citation Paper Title Dataset Techniques Tools Conclusion 
[14] A proposed 

efficient 
algorithm to 
filter spam 
using 
machine 
learning 
techniques 

personal 
email 

Techniques used 
are  C4.5 
decision tree 
classifier, 
multilayer 
perceptron and 
Naïve Bayes 
classifier 

Weka Multilayer 
perceptron 
showed higher 
efficiency than 
Naïve Bayes 
classifier 
Algorithm and 
J48 with a low 
rate of false 
positive. 

[15] Spam 
Filtering 
Email 
Classificatio
n (SFECM) 
using Gain 
and Graph 
Mining 
Algorithm 

Test email 
samples 

Java  LingerIG 
spam filter 
and content-
based email 
classification 
model 

Using  Linger and 
content-based 
classification 
model proposed 
solution provides 
100% accuracy at 
filtering spam 
from a set 
of mixed emails. 

[16] An 
approach for 
Malicious 
Spam 
Detection In 
Email with 
a 
comparison 
of different 
classifiers 

Ling spam 
corpus. 

1. Preparing the 
text data. 
2. Creating a 
word dictionary. 
3. Feature 
extraction 
process 
4. Training the 
classifier 

In spam 
detection: 
Naïve Bayes, 
Support 
Vector 
Machine 
and 
Multilayer 
Perceptron. 
Feature 
selection is 
expected 

The model will 
employ a novel 
dataset for the 
process of feature 
selection, then 
validate the set of 
selected features 
using three 
classifiers known 
in spam detection: 
Naïve Bayes, 
Support Vector 
Machine 
and Multilayer 
Perceptron. 
Feature selection 
is expected 

[17] An 
ensemble 
design 
approach 
based on 
bagging 

PUI. Ling 
Spam, UC5 
spam, UCI 
spam base 

Bagging 
technique 

Weka Spam filtering 
technique based 
on bagging 
method, which is 
a part of the 
ensemble 
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Citation Paper Title Dataset Techniques Tools Conclusion 
technique 
for filtering 
e-mail spam 

classifier, by 
classifying the e-
mail as spam and 
not spam. 

[18] Coupled 
Behavioral 
Analysis for 
User 
Preference-
based Email 
Spamming 

Enron email 
data set 

Naïve Bayesian 
classifier, SVM,  
Coupled 
Similarity 
classifier 

  A new framework 
of email 
 recommender 
system using user 
actions and 
statistical 
methods. 

[19] Email Spam 
Filtering 
using BPNN 
Classificatio
n 
Algorithm 

Spam data set K means, BPNN   Application of k 
means 
clustering 
algorithm in pre-
processing stage 
and BPNN 
an algorithm in 
the training stage 
has fairly 
improved the 
precision 
and recall. 
Precision 
achieved is 
around 98.42% 
and Recall is 
93.5%. 

[20] Image and 
Text Spam 
Mail 
Filtering 

  OCR and 
Bayesian 
algorithm 

  Two methods to 
detect the mail is 
spam or 
legitimate mail. 
OCR algorithm is 
used for 
converting images 
(from emails) to 
text. Bayesian 
Algorithm is used 
to detect the 
probability that 
the words in the 
email are spam or 
not. 

[21] A proposed 
efficient 
algorithm to 
filter spam 
using 
machine 
learning 
techniques 

Personal 
email 

C4.5 decision 
tree classifier, 
multilayer 
perceptron and 
naïve Bayes 
classifier 

Weka The efficiency of 
the MLP neural 
network was 
better than 
the other models. 
MLP requires 
more time to 
develop the 
model. J48 and 
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Citation Paper Title Dataset Techniques Tools Conclusion 
Naïve Bayes 
algorithm require 
more time on 
learning 
experimental data. 

[22] Machine 
learning for 
email spam 
filtering: 
review, 
approaches, 
and open 
research 
problems 

TREC, Spam 
Assassin 

ML algorithms   Recommended 
deep leaning and 
deep adversarial 
learning as the 
future techniques 
that can 
effectively handle 
the menace of 
spam emails 

[23] An 
Improved 
Multi-Class 
Classificatio
n Algorithm 
based on 
Association 
Classificatio
n Approach 
and its 
Application 
to Spam 
Emails 

Spam data set Improved Spam 
Classification 
based on the 
Association 
Classification 
algorithm 
(SCAC) is 
proposed 

Weka  SCAC algorithm 
learns new rule(s) 
that are associated 
with more than a 
class value. 

[24] Detection of 
Phishing 
Emails 
using Data 
Mining 
Algorithms 

Phishing 
email 4559 -
from Nazario, 
and 4559 
were selected 
from spam 
assassin 

The J48 
algorithm was 
used, which is a 
powerful 
knowledge 
representation 
and reasoning 
algorithm based 
on the C4.5 
algorithm. 

mbx2eml, 
which is a 
free tool used 
to split emails 
grouped in 
Mbox file 
format and 
stores each 
email in a 
separate file. 

Random Forest, 
J48, and PART 
with accuracy 
rates of 
98.87%, 98.11% 
and 98.10% 
respectively. The 
lowest false 
positive rate was 
registered for the 
PART algorithm 
at 0.26%, 

[25] Email 
phishing 
detection 
and 
prevention 
by using 
data mining 
techniques 

.eml 
extensions file 
for emails. 
These files 
contain the 
information of 
mailing 
header, body, 
and 
attachment. 

MLAPT, SVM Weka The system that 
decides if emails 
received have any 
element of 
phishing behavior 
is the MLAPT 
decision-making 
system. SVM is 
successfully 
applied in 
phishing detection 
filtering, black 
listing 
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Citation Paper Title Dataset Techniques Tools Conclusion 
mechanism, and 
pattern 
recognition 
methods. 

[26] CEAI: 
CCM-based 
email 
authorship 
identificatio
n model 

Enron and 
real-world 
dataset 

Cluster-based 
classification 
model 
for email 
authorship 
identification. 

Weka CEAI: CCM-
based email 
authorship 
identification 
model 

[27] Detection of 
fraudulent 
emails by 
employing 
advanced 
feature 
abundance 

Fraud email 
dataset ACL 

Fraudulent email 
detection 
method, 
using advanced 
feature choice 
and classification 
techniques 

Weka Frequency-based 
features attain 
high accuracy for 
the task of 
fraudulent email 
detection 
regardless of the 
choice of 
classification 
method. 

[28] Evaluation 
of Phishing 
Email 
Classificatio
n 
Features: 
Reliability 
Ratio 
Measure 

Phishing 
email dataset 

Reliability Ratio 
RR measure 

  To perfectly 
evaluate the 
efficiency of 
phishing 
classification 
features. 
Experimental 
results have 
proven the 
effectiveness of 
the proposed RR 
measure 
compared with 
other evaluated 
measures such as 
IG and AG 

[29] Automatic 
Categorizati
on of Email 
into Folders: 
Benchmark 
Experiments 
on Enron 
and SRI 
Corpora 

Enron and 
SRI datasets 

Maximum 
Entropy 
(MaxEnt), Naïve 
Bayes (NB), 
SupportVectorM
achine(SVM), 
Winnow 

Preparing the 
text data 
Creating word 
dictionary 
Feature 
extraction 
process  
Training the 
classifier 

Fast and simple-
to-implement 
Winnow classifier 
performs 
insignificantly 
better than the 
more popular and 
more complex-to-
implement SVM 
and MaxEnt 
methods. 

[30] Editing 
training data 
for multi-
label 
classificatio

Multimedia 
classification 
(Emotions), 
bioinformatics 
(Yeast), and 

EMLkNN and 
Rank-SVM 
methods 

Matlab Edited Nearest 
Neighbor for 
Multi Labelled 
data is an efficient 
editing method. 



Literature Review                                                                                                             

24  

Citation Paper Title Dataset Techniques Tools Conclusion 
n with the k-
nearest 
neighbor 
rule 

text 
categorization 
(Medical, 
Enron, and 
Webpage) 

[31] Automated 
Extractions 
for Machine 
Generated 
Mail 

Yahoo mail 
traffic (travel 
domain) 

Structure-based 
clustering 

  Structural 
clustering method 
for messages, and 
devised a modular 
automated method 
for creation of 
extraction rules at 
the cluster level. 

[32] Learning 
Effective 
Embeddings 
for Machine 
Generated 
Emails with 
Application
s to Email 
Category 
Prediction 

Gmail, 
consists of 
data from 
273,000 
anonymized 
users and 35 
million B2C 
emails 
spanning 90 
days. 

LSTM with one 
hidden layer, 
MLP 

  With the pre-
trained 
embedding, the 
predictive 
performances of 
LSTM and MLP 
for the two email 
category 
prediction tasks 
can be 
significantly 
improved, and the 
pre-trained 
embedding 
can be used to 
address cold-start 
problems. 

[33] A Graph-
Based 
Approach 
for 
Multi-
Folder 
Email 
Classificatio
n 

Enron and 
Listserv 
datasets 

m-InfoSift 
framework. 

  The performance 
of the m-InfoSift 
for multiple 
folders 
is significantly 
better than Naive 
Bayes and is 
consistent 
across different 
categories of 
emails. 
Representations 
(such as tree and 
star) have been 
proposed in 
order to represent 
the documents 
and to incorporate 
usefully 
and relevant 
domain 
information. 
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Citation Paper Title Dataset Techniques Tools Conclusion 
[34] Automatic 

Categorizati
on of Email 
into Folders: 
Benchmark 
Experiments 
on Enron 
and SRI 
Corpora 

Enron and 
SRI datasets 

Step-incremental 
time-based 
split.Maximum 
Entropy, Naive 
Bayes, Support 
Vector Machine, 
and Winnow. 

  Fast and simple-
to-implement 
Winnow classifier 
performs not 
worse and even 
sometimes 
insignificantly 
better than the 
more popular and 
more complex-to-
implement SVM 
and MaxEnt 
methods. 

[35] Email 
Classificatio
n with 
Machine 
Learning 
and Word 
Embeddings 
for 
Improved 
Customer 
Support 

Real-life 
telecommunic
ation support 
environment 

LSTM, SVM, 
ANN, 
DT, 
ADA, 
NB  

Python Of the six 
different 
classifiers that are 
evaluated LSTM 
perform best on 
both queues 
and the 33 labels. 

[36] Email 
Network 
Important 
Nodes 
Mining 
Using Core 
Number and 
PageRank 

Enron dataset Core number 
and degree 
centrality and 
improves 
PageRank 
algorithm 

  It improves the 
PageRank 
algorithm to 
partially 
solve the bias 
problem on 
nodes’ weighting, 
rank the nodes 
quantitatively to 
find the important 
nodes. 

[37] Enhanced 
Email 
Attachment 
Reminder 
(EAR) 
Plugins 

Real dataset Keyword 
matching 
methodology. 

PHP and 
JavaScript as 
frontend and 
MSQL for the 
database 
design 

Email attachment 
reminder which 
will rectify and 
solve certain  
imperfections 
noted in the 
attachment 
reminder of some 
email service 
providers that are 
using attachment 
reminders in their 
email system 
using the keyword 
matching 
methodology. 

[38] Learning to LingSpam RF, DT, SVM,   RF is easy to tune, 
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Citation Paper Title Dataset Techniques Tools Conclusion 
classify e-
mail 

and PU1. and NB and runs very 
efficiently on 
large datasets 
with a high 
number of 
features, 
which makes it 
very attractive for 
text 
categorization. 

[39] Monitoring 
Email 
Transaction 
Logs by 
Text-
Mining 
Email 
Contents 

Enron dataset Depth First 
Search 
algorithm, 
multi-digraph, 
email scoring 
model, WordNet, 
and Vector 
Space 
Model is used to 
create a model 
for filtering 
important emails 
and mining 
email content. 

  The findings 
showed that using 
email 
filtering module 
together with term 
enhancing module 
can help 
in reducing the 
processing time 
and keeping high 
precision and 
recall values of 
the system. 

[40] Email User 
Classificatio
n and Topic 
Modeling 

Enron dataset (BERT) · 
Recurrent Neural 
Networks (RNN) 
· Artificial 
Neural 
Networks (ANN) 
· Density-Based 
Spatial 
Clustering of 
Applications 
with Noise 
(DBSCAN) · 
Latent Dirichlet 
Allocation 
(LDA) 

  BERT model 
outperformed 
all other models 

[41] Robust Text 
Detection in 
Natural 
Scene 
Images 

Robust 
Reading 
Competition 
database 

Scene text 
detection, 
maximally stable 
extremal regions, 
single-link 
clustering, 
distance metric 
learning 

  ICDAR 2011 
Robust Reading 
Competition 
database; the f -
measure is over 
76%, much better 
than the state-of-
the-art 
performance of 
71%. 

[42] Work Hard, 
Play Hard: 
Email 

Enron and 
Avocado 
email corpora 

Combining 
graph features 
with lexical 

  Features 
obtained from the 
graphs 
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Citation Paper Title Dataset Techniques Tools Conclusion 
Classificatio
n on the 
Avocado 
and Enron 
Corpora 

features improve 
the performance 
on 
both classifiers.  

representing the 
email 
exchange network 
improves the 
classification 
performance. 

[43] Anatomy of 
a Privacy-
Safe Large-
Scale 
Information 
Extraction 
System 
Over Email 

Emails 
donated by 
users 

1) Template 
induction, in 
which author 
cluster emails 
together to form 
templates 
that can be 
looked up 
quickly online, 
(2) machine-
learned rule 
generation, in 
which author 
classify each 
template into a 
“vertical” (e.g. 
bills, hotel 
reservations, 
flights, etc.) and 
learn a set of 
extraction 
rules specific to 
each vertical, 
and (3) an online 
extraction 
system 
that looks up an 
incoming email’s 
template and 
executes the 
rules. 

Juicer System Templates are 
used 
to improve 
extraction 
accuracy. 

[44] Email 
Category 
Prediction 

Customized 
dataset 

Multilayer 
perceptrons 
(MLP), a type of 
feedforward 
neural network; 
and long short-
term memory 
(LSTM), a type 
of recurrent 
neural 
network. 

  The prediction 
accuracy of neural 
networks vastly 
outperforms the 
Markov chain 
approach, and that 
LSTMs perform 
slightly better 
than MLPs. 

[45] Generating 
Summary 
Keywords 
for Emails 

Enron Developed an 
unsupervised 
learning 
framework for 

  Summary 
keywords 
generated using 
the LDA- and 
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Using 
Topics 

selecting 
summary 
keywords from 
emails using 
latent 
representations 
of the underlying 
topics in a user’s 
mailbox. 

LSA-based 
methods 
presented in this 
paper were shown 
to provide 
additional 
information over 
email subject 
lines, and are 
therefore 
most effective 
when used in 
conjunction with 
email subjects 

[46] Hidden in 
Plain Sight 
Classifying 
Emails 
Using 
Embedded 
Image 
Contents 

Customized 
dataset 

Template 
induction to 
cluster 
structurally 
similar emails 
together. Also, 
extract URLs of 
images that 
are fixed.OCR 
engine to extract 
the text in these 
images and 
create features 
that can be 
inserted 
into the 
classification 
pipeline 

  Tackles the 
problem of 
detecting 
commercial offers 
in emails 
(promoting 
discounts, free 
shipping, special 
sales, etc.) so 
we can enable 
new experiences 
such as alerting a 
user to a discount 
in her email when 
she visits a 
relevant store. 

[47] Intelligent 
Email: 
Reply and 
Attachment 
Prediction 

Enron Feature selection 
and pattern 
recognition 

  A single model 
for email could 
capture 
all the relevant 
information from 
which features 
could be 
extracted. 
Additionally, the 
system could rely 
on task the 
context for 
making decisions 
This would be 
particularly 
useful for 
capturing 
relational 
patterns, which 
are clearly 
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Citation Paper Title Dataset Techniques Tools Conclusion 
useful for reply 
prediction and 
may perform well 
for attachment 
prediction with a 
more complex 
analysis 

[48] Learning 
Effective 
Embeddings 
for Machine 
Generated 
Emails with 
Application
s to Email 
Category 
Prediction 

  Long 
short-term 
memory (LSTM) 
and multilayer 
perceptron 
(MLP) 
architectures 

  Efficient and 
effective 
framework for 
learning 
embeddings of 
templates, 
template 
categories, and 
users from email 
data. 

[49] RiSER: 
Learning 
Better 
Representati
ons for 
Richly 
Structured 

Real data 
from Gmail 
corpus 

RiSER projects 
the email into a 
vector 
representation by 
jointly encoding 
the HTML 
structure and the 
words in the 
email. Author 
then use this 
representation to 
train a classifier. 

  An approach for 
incorporating both 
the structure and 
content of 
emails. Bills and 
hotel-related 
mails 

[50] Semantic 
Location in 
Email 
Query 
Suggestion 

Semantic 
location, 
general uses 
of locations in 
queries, 
query-
completion, 
and personal 
search 
methods 

Google Places 
Web API 

 A simple but 
effective model 
that can use 
location 
to predict queries 
for a user even 
before they type 
anything into 
a search box, and 
which learns 
effectively even 
when not all 
queries 
have location 
information. 

[51] Automated 
Extractions 
for Machine 
Generated 
Mail 

Manually 
labeled 
dataset 

The first part is 
an offline 
process during 
which extraction 
rules are 
automatically 
created. The 
second part is an 

  For the rules 
evaluation, we 
achieved a 
performance 
of above 90% in 
precision and 
recall, while for 
the extraction 
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online process 
whereupon the 
arrival of a new 
message, the 
appropriate rules 
are 
identified and 
applied, resulting 
in extracted 
information. 

output evaluation, 
our numbers 
mostly range 
between 80%-
90%. 

[52] Unsubscript
ion: A 
simple way 
to Ease 
Overload in 
Email 

Email from 
yahoo 
webmail 
service 

The 
classification is 
based on 
multiple 
features, like 
relevant 
indicative words 
(such as “unsub" 
or “opt-out") in 
the link 
itself as well as 
in the text 
appearing in its 
proximity, link 
location within 
the message, and 
more 

 Provided users 
with a novel mail 
feature for 
managing 
unsubscribe 
traffic, based on 
personalized 
recommendations. 

[53] More than 
Threads: 
Identifying 
Related 
Email 
Messages 

Customized 
dataset 

Semantic 
relatedness 
between email 
messages and 
aim to offer the 
user a wider 
context of the 
message he 
selects 
or reads. 

  Semantic 
relatedness 
between email 
messages that go 
beyond grouping 
messages of the 
same conversation 
thread. Our work 
extends the 
traditional 
threading 
mechanism that 
clusters messages 
according 
to strict 
constraints over 
the message 
header. 

[54] Travel the 
World: 
Analyzing 
and 
Predicting 
Booking 
Behavior 

Customized 
dataset 

Logistic 
regression 

  Extract useful, 
actionable 
insights into 
the booking 
behavior, and 
tackle the task of 
predicting the 
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using E-
mail Travel 
Receipts 

booking time. 

[55] Query 
Expansion 
for Email 
Search 

Mailbox and 
Log data 

SDM,REX,LTR Lucene’s 
minimal 
English 
stemmer 

All the expansion 
methods 
outperform 
a standard SDM 
based ranking 
model in a 
significant 
manner, and 
the translation 
model 
outperforms the 
other expansion 
methods. 

[56] Sentiment 
Analysis 
Using 
Modified 
LDA 

Sentiment 
dataset from 
Cornell 
University 

TF-IDF and 
LDA, SVM for 
binary 
classification 

  Analyze the 
sentiment of 
subjective 
documents with a 
modified 
LDA model and 
SVM. We use the 
TF-IDF algorithm 
to modify the 
traditional LDA 
model. 

[57] Application 
of LDA 
Topic 
Model in E-
Mail 
Subject 
Classificatio
n 

Mail scandal LDA Python LDA, 
MT-BiLSTM 
neural 
network 
model 

LDA topic model 
is used, LDA 
topic model is 
applied to email 
topic 
classification, 
which solves the 
problem of 
reading many 
emails. 

[58] Document-
level multi-
topic 
sentiment 
classificatio
n of Email 
data 
with 
BiLSTM 
and data 
augmentatio
n 

BC3, 
Enronffp, 
personal 
dataset 

To 
generate 
segments with 
topic 
embeddings and 
topic weighting 
vectors as inputs 
for our proposed 
model, we apply 
both latent 
Dirichlet 
allocation topic 
modeling and 
semantic text 
segmentation 

Python  Propose MT-
BiLSTM to model 
structural 
dependencies 
on a topic level 
within documents. 
We use the LDA 
topic modeling 
with a semantic 
text segmentation 
to transfer 
documents into 
topic segments 
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to post-process 
Email 
documents. 

[59] Characterizi
ng Reading 
Time on 
Enterprise 
Emails 

Mobile and 
desktop email 
dataset 

First to 
characterize 
enterprise 
email reading 
time on a very 
large scale.1) 
screen recording; 
and 2) 
interview. 

  Established the 
connection 
between user 
status and reading 
time: users spend 
more time reading 
emails when they 
have 
fewer meetings 
and busy hours 
during the day. In 
addition, we find 
that users also 
reread emails 
across devices. 
Among the cross-
device 
reading events, 
76% of reread 
emails are first 
visited on mobile 
and 
then on desktop. 

[60] Classificatio
n of 
Settlement 
types from 
Tweet using 
LDA and 
LSTM 

Tweets 
dataset 

Latent Dirichlet 
allocation (LDA) 
and long short-
term memory 
(LSTM) 
and then 
combines those 
features with 
spatial-temporal 
feature 
using Fused 
SVM and a two-
stream 
convolutional 
neural 
network (CNN) 
for classification. 

  For the case of 
classifying 
individual tweets 
by the land-use 
classes relevant in 
this study - 
residential, non-
residential, and 
mixed usage -, 
we reach overall 
accuracy (OA), 
average accuracy 
(AA), and 
Kappa coefficient 
with 72.35%, 
73.76%, and 
58.43%, 
respectively. 
As for the case of 
classifying block 
settlement types, 
we reach 61.90%, 
63.33%, and 
42.84%, 
respectively 

[61] Fuzzy- Online news Latent Dirichlet   FDA algorithm is 
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Citation Paper Title Dataset Techniques Tools Conclusion 
Gibbs 
Latent 
Dirichlet 
Allocation 
Model for 
Feature 
Extraction 
on 
Indonesian 
Documents 

data Allocation 
modified by 
adding fuzzy 
logic in Gibbs 
sampling 
inference 
algorithm 

capable of 
generating the 
probability 
distribution of all 
the topics in every 
document better 
than the LDA 
algorithm. 

[62] LDA-based 
online topic 
detection 
using tensor 
factorization 

Data from 
chinadaily 
website  

A topic-detection 
method based on 
tensor 
factorization 
(TF) in the third 
dimension (i.e. 
time), Gibbs-
sampling LDA 
and canonical 
polyadic 
decomposition 
(CPD), 

  Online topic 
detection, OTD-
TF, can identify 
topic trends over 
time as well as the 
correlations 
among them. It 
shows good time 
and space 
complexity and 
outperforms other 
approaches such 
as OLDA in terms 
of 
time cost and F-
score. 

[63] Topic 
prediction 
and 
knowledge 
discovery 
based on 
integrated 
topic 
modeling 
and 
deep neural 
networks 
approach 

Social media 
data 

The integration 
of LDA, LSTM, 
J48 
and word 
embedding 
features are used 
to find the 489 
relevant words 
and categorize 
them into 
relevant topics. 
Latent Dirichlet 
Allocation 
(LDA) model 

Python Proposed three 
categories based 
on Dirichlet 
multinomial 
mixture, global 
word co-
occurrences, and 
self-aggregation 
using 
representative 
design and 
analysis of all 
categories’ 
performance in 
different tasks. 

[64] Sentiment 
Analysis of 
Hotel 
Reviews 
Using 
Latent 
Dirichlet 
Allocation, 
Semantic 
Similarity 
and LSTM 

529 customer 
review data 
crawled from 
the Traveloka 
website for 
The 
Manhattan at 
Times Square 
Hotel 

Latent Dirichlet 
Allocation 
(LDA), Term 
Frequency-
Inverse Cluster 
Frequency (TF-
ICF), and a 
classification of 
customer 
sentiment 
(satisfied or 

  The highest 
aspect 
categorization 
performance is 
obtained by using 
LDA + TF-ICF 
100% + Semantic 
Similarity which 
reaches 
85%; the 
performance 
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Citation Paper Title Dataset Techniques Tools Conclusion 
dissatisfied) is 
conducted by 
using the 
combination of 
Word 
Embedding and 
Long-short Term 
Memory 
(LSTM). 

sentiment 
classification for 
the highest 
aspect-based 
sentiment analysis 
is obtained by 
using 
Word Embedding 
+ LSTM which 
reaches 93%; 

[65] LF-LDA: A 
Topic 
Model for 
Multi-label 
Classificatio
n 

RCV1-v2 
textual dataset 

Labeled LDA 
with function 
terms (LF-LDA), 
a topic model 
that 
extracts noisy 
function terms 
from textual data 
to improve the 
performance of 
multi-label 
classification. 

 LF-LDA can 
outperform the 
other two state-of-
art multi-label 
classifiers: 
Tuned SVM and 
L-LDA on both 
Macro-F1 and 
Micro-F1 metrics. 
The 
low variance also 
indicates LF-LDA 
is a robust 
classifier. 

[66] Popular 
Topic 
Detection in 
Chinese 
Micro-Blog 
Based on 
the 
Modified 
LDA Model 

Real Chinese 
microblog 
text dataset  

The 
original LDA 
model to FSC-
LDA model by 
combining the 
text 
clustering 
methods and 
feature selection 
methods, which 
can 
identify the 
number of topics 
adaptively. 

 The result of the 
experiments on 
real Chinese 
microblog 
text dataset shows 
that the FSC-LDA 
model can 
perform well 
on the custom 
evaluation and 
find more 
accurate popular 
topics. 

[67] Short text 
semantic 
feature 
extension 
and 
classificatio
n based on 
LDA 

Short news 
corpus 
crawled from 
China News 
Online 

LDA, using the 
latent semantic 
information of 
long texts 
related with 
short texts to 
implement the 
feature extension 
and classification 
of short text 

 Latent semantic 
information in 
LDA can also 
effectively 
improve the 
interpretability of 
short texts. 

[68] Summarizat
ion of 
changes in 
dynamic 

Articles from 
Wikipedia 

Temporal 
interval and a 
reference 
summary from 

 Statistical 
tests reveal that 
the differences in 
ROUGE scores 
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Citation Paper Title Dataset Techniques Tools Conclusion 
text 
collections 
using 
Latent 
Dirichlet 
Allocation 
model 

the article’s 
content is 
selected 
manually. The 
articles and 
intervals in 
which a 
significant event 
occurred are 
carefully 
selected. The 
summaries 
produced by 
each of the 
approaches are 
evaluated 
comparatively to 
the manual 
summaries using 
ROUGE metrics 

for the LDA-
based approach 
are statistically 
significant at 99% 
over baseline. 

[69] Research 
paper 
classificatio
n systems 
based 
on TF-IDF 
and LDA 
schemes 

Actual papers 
published on 
Future 
Generation 
Computer 
System 
(FGCS) 
journal [13] 
from 1984 to 
2017 

The system 
extracts 
representative 
keywords from 
the abstracts of 
each paper 
and topics by 
Latent Dirichlet 
allocation (LDA) 
scheme. Then, 
the K-means 
clustering 
an algorithm is 
applied to 
classify the 
whole papers 
into research 
papers with 
similar 
subjects, based 
on the Term 
frequency-
inverse 
document 
frequency (TF-
IDF) values of 
each paper. 

Hadoop Classification 
systems can 
classify 
research papers in 
advance by both  
keywords and 
topics with the 
support of high-
performance 
computing 
techniques, and 
then the classified 
research papers 
will be applied 
to search the 
papers within 
users’ interesting 
research areas, 
fast and 
efficiently 

[70] Automated 
Real-Time 
Email 
Classificatio
n System 

20 newsgroup 
dataset 

Logistic 
regression, 
SVM, Naïve 
Bayes and 
random forest 

Python code 
and Gmail 
API 

Use of Naïve 
Bayes classifier, 
TF-IDF measure 
to represent 
features, 
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Citation Paper Title Dataset Techniques Tools Conclusion 
Based on 
Machine 
Learning 

construction of 
feature vector 
using unigrams of 
tokens along 
with text 
preprocessing will 
improve the 
overall 
performance of 
the system. 

[71] Automatic 
Foldering of 
Email 
Messages: 
A 
Combinatio
n Approach 

Enron Different 
techniques for 
feature 
weighting (FW) 
and feature 
selection (FS) of 
the 
textual fields of 
the messages 

  TF-IDF weighting 
produced superior 
results when 
compared to other 
weighting 
methods and that 
the supervised IG 
feature selection 
algorithm 
achieved the best 
results. 

[72] Cascaded 
SOM: An 
Improved 
Technique 
for 
Automatic 
Email 
Classificatio
n 

Enron Cascaded SOM   Cascaded SOM 
based 
classification 
model performs 
well in email 
classification 
compared to 
standard 
classification 
approaches and 
classical SOM-
based model. 

 
After a careful literature review, it was further noted that for automatic email 

classification or categorization, it is essential to find out the hidden topics from the emails. 

For identifying the topics the topic modeling concept was studied and from that, it is 

concluded that LDA i.e Latent Dirichlet Allocation technique finds out good and relevant 

keywords from the corpus. The corpus on which LDA was used was sentiment analysis 

dataset, short text dataset, research paper classification dataset, tweets classification, etc. 

However, email classification with LDA was not seen, and this research gap sparked us to 

carry out this research work. 

 
The simultaneously significant capacity of the scope of applicability and aim, this 

research work will save users time in searching the important emails and also if the inbox is 

flooded with several emails then if the labels are attached it will give the user the knowledge of 

which emails to pay attention and which emails are less important so that the important emails are 

addressed. The knowledge corpus generation is the outcome of this research work. There can be 
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much more applications of generated knowledge corpus which can help in numerous ways such as 

SMS classification, complaint management system, bills or transaction log keeping, expenditure 

management with the help of email data, and many more. 

 
Especially for the new incoming email classification, this research can be used as a better 

and more systematic administration for the automatic email classification through the 

knowledge corpus. In addition, such knowledge corpus can help to filter results in 

numerous ways, like better search results, better management of emails folder-wise 

resulting in an organized inbox, deleting of bulk unimportant emails where the labels are 

not attached, and quick decision for unsubscribing the emails. 
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CHAPTER 3 

Research Methodology 

 

This research work revolves around the categorization of important emails, and that is 

why the initial work started with the identification of important emails. After that, the 

most important task of knowledge corpus creation is carried out. Knowledge corpus 

will form the base for predicting the labels so the richer the knowledge corpus more 

accurate will be the prediction. Due to the consideration of email users from different 

domains the knowledge corpus will keep on growing. Now the email users in the field 

of engineers, teachers, doctors, and students are explored. And for this reason, the 

knowledge corpus will grow when the keywords from the remaining areas will be 

added, it becomes richer and will be able to recommend more relevant labels, as well as 

multilevel labeling, which can also be taken care of.  

 
The report on the present research or methodology has several parts and subparts. 

This chapter is divided into several sub-chapters based on the different levels and 

sequence of the research works accomplished. Initially, a short Section 3.1 Introduction 

enlightens the research concept, followed by Section 3.2 Pre-processing the emails 

which include removing stop words, stemming, lemmitation, etc. are explained in 

Section 3.3 Identifying the important emails is discussed. Furthermore, Section 3.4 

Concept of LDA algorithm is explained and then the modified LDA i.e Noun Verb 

Latent Dirichlet Allocation (NV-LDA) is introduced. After that, using the more 

systematically constructed and collected rules, the basic core idea of the knowledge 

corpus generator is discussed in Section 3.5 Basic Core Idea of the Knowledge Corpus 

Generator. In the next Section, 3.6 Comparison of the output of NV-LDA with the 

knowledge corpus is done to predict the labels, making this automatic new incoming 

important email label prediction process more effective and reliable with some 

additional advanced features. 

 
The last Section 3.7 the recommended labels, if the user wishes to incorporate with 

the Gmail account then with the help of chrome extension O-box (Organized box) or 

web app, user can apply the labels in the mailbox and the folders are created. And the 

new incoming important mail will be labeled and it will be also shown in a folder, just 
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like we apply manual filters in Gmail. An approach to identify and detect unwanted 

emails and to delete them in bulk which is consists of something that was not an earlier 

part of this research work, but later on, it was decided as an additional part of research 

and incorporated with the best research efforts. 
 

Different parts of the methodology are entitled as follows: 

 
 
 
 

 

 
 
 
 
 
 

 
Let’s understand each one by one in-depth. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.1 Introduction 

3.2 Preprocessing the emails 

3.3 Identifying the important emails 

3.4 LDA and NVLDA algorithms 

3.5 Basic Core Idea of the Knowledge Corpus Generator 

3.6 Prediction of labels 

3.7 Incorporate labels with Gmail account 

3.8 Summary 
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3.1 Introduction 
 

It is rightly said that “Time is money.” In our day-to-day life, more than 15% of our 

working time is used for reading emails and responding to them. Sometimes we have to 

search the emails read them again and then respond to them. When we have bulk emails 

it is very time-consuming to find out the relevant emails and respond to them. Gmail 

gives the option of promotional and social tabs which classifies the promotional and 

social emails accordingly.  

 For the users over time, these important emails, which have been increasing in number, 

are difficult to manage and process effectively. Because the relationship between 

important emails to be analyzed and classified is very complicated, it is difficult to 

quickly understand the subject and body of each email and it is difficult to accurately 

classify emails with similar topics in content. Therefore, it is necessary to use automated 

processing methods for such a large number of emails to classify them quickly and 

accurately.    

This part reveals how much of the research work-related information is explored so far 

and how things will be managed further. As observed in the Introduction and Literature 

review section, it is pretty much clear now that this research work revolves around the 

classification of important emails. Yet, it is also known now that customized email 

classification is going to be considered. Emails were tested with 3 topic modeling 

algorithms LDA, LSA, and NMF out of which the LDA retrieves appropriate 

keywords. LSA and NMF to some extent retrieve misspelled keywords also. LDA 

based on probability identifies the keywords which belong to a certain topic. But LDA 

only assigns the topics that we will discuss further but does not assign the appropriate 

name to that topic / label. So with the help of knowledge corpus, we will assign well-

defined topics / labels to the keywords.  

 
During the research findings, the author also realized that extracting the important 

emails and labeling them separated the unimportant unwanted emails which can be 

directly deleted and the inbox can be clutter-free. However, this idea is the outcome of 

the research carried out which will help users to delete unwanted emails and organized 

their inboxes. 

 
So based on all of this core information and knowledge discussed in the previous 

sections, different components, rules of calculation, special rules, automatic 

knowledge corpus generator, and its various aspects and features integration will be 

discussed in the upcoming sections of the research methodology. 
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3.2 Preprocessing the emails 
 

“Information is the oil of the 21st century, and analytics is the combustion engine,”  

said Peter Sondergaard. To dig the information from the vast data is a challenging 

task. And if we want to learn from the data then that data must be proper so that the 

training can be performed efficiently and the outcome can be as per the desire. If data 

has misspellings or blank entries then it will not be processed properly and the user 

will not get the desired output. Therefore we have to prepare our data.  

 

In the case of email pre-processing, the kind of data we will get is usually unstructured. 

It contains unusual text, images, URLs, and symbols that need to be cleaned so that a 

machine learning model can understand them. Data cleaning and pre-processing are as 

important as building any sophisticated machine learning model. The reliability of our 

model is highly dependent upon the quality of our data. 

 

To prepare the text data for the model building we perform text preprocessing. It is the 

very first step of any NLP project. From [74] some of the preprocessing steps are: 

    Removing punctuations like. , ! $( ) * %  
    Removing Stop words 
    Tokenization 
    Stemming 
    Lemmatization 

We need to use the required steps based on our dataset. In this work, we will use my 

personal email dataset along with email dataset of different users to understand the 

steps involved in Text Preprocessing. 

For doing text preprocessing we import the pandas library and read the dataset of 

personal email. Emails of my personal Gmail account are exported into a CSV file. For 

that, the Gmail APIs are used and after the successful authentication check, the Gmail 

emails were downloaded into a CSV file. Exported CSV files contain headers Date-

Time, Subject, Body, etc. fields. One can change the python script and can add or 

remove the features. In our application, we used header information, DateTime, subject, 

and body features. 

Steps to clean the data 
Punctuation Removal:  

In this step, all the punctuations from the text are removed. String library of Python 

contains some pre-defined list of punctuations such as ‘!”#$%&'()*+,-./:;?[\]^_`{|}~’ 

Tokenization:  

In this step, the text is split into smaller units called tokens. We can use either sentence 

tokenization or word tokenization based on our problem statement. We used sentence 
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tokenization as we have to find tokens from the subject and body of an email. 

Stop word removal:  

Stop words are the commonly used words and are removed from the text as they do not 

add any value to the analysis. These words carry less or no meaning. E.g a, an, the, is, 

are, etc. 

NLTK library consists of a list of words that are considered stopwords for the English 

language. Some of them are : [i, me, my, myself, we, our, ours, ourselves, you, you’re, 

you’ve, you’ll, you’d, your, yours, yourself, yourselves, he, most, other, some, such, no, 

nor, not, only, own, same, so, then, too, very, s, t, can, will, just, don, don’t, should, 

should’ve, now, d, ll, m, o, re, ve, y, ain, aren’t, could, couldn’t, didn’t, didn’t] 

But it is not necessary to use the provided list as stop words as they should be chosen 

wisely based on the application so we created a customized list of stop words for our 

problem. 

Stemming:  

It is also known as the text standardization step where the words are stemmed or 

diminished to their root/base form.  For example, words like ‘programmer’, 

‘programming, ‘program’ will be stemmed to ‘program’. 

But the disadvantage of stemming is that it stems the words such that its root form loses 

the meaning or it is not diminished to a proper English word. We will see this in the 

steps done below. 

Lemmatization:  

It stems from the word but makes sure that it does not lose its meaning.  Lemmatization 

has a pre-defined dictionary that stores the context of words and checks the word in the 

dictionary while diminishing. 

The difference between Stemming and Lemmatization can be understood with the 

example provided below. In our model, we used SnowballStemmer and 

WorNetLemmatizer. 

 

 

 



Research Methodology                                                                                                          

43  

 

FIGURE 3.1 Stemming Vs Lemmatizing [73] 

  3.3 Identifying the important emails  

Individuals or organization email is a collection of a huge number of emails, among all 
emails to identify the important and relevant emails to the user is a challenging task so 
a methodology is adopted to find out important emails from the collection of all emails. 

1) In a subject line find out important tags like an imp, re, fwd, etc. 

2) Find the top senders from the dataset of email. Among the top sender check the read 
and unread emails.  

3) If the emails are read from the frequent sender then the sender is important for the 
user. 

4) The email threads established is checked and mails from that sender or from that 
organization are marked important. 

5) If the user has sent a mail to some person for the first time then if that person replies 
upon then it will be also an important email for the user. So the sent emails are also 
taken into consideration while finding important emails for users. 

 

   
 
 
 
 
 
 

 
FIGURE 3.2 Factors Identifying Important Emails 

 

Function: Imp_emails(inbox csv file) 

Returns: Imp_emails 

     For (all emails in inbox) do 

             If subject has imp or re or fwd keywords 

             Store in imp_tags 

Re, Fwd, Imp 
tags 

Consideration 
of Sent mail 

Email 
threads 

Factors Identifying Important 
Emails 

Read emails 
from frequent 

sender 

Frequent 
senders 



Research Methodology                                                                                                          

44  

               Else if sender is a frequent sender 

               Store in imp_tags 

               Else if email threads are established  

               Store in imp_tags                

               End if 

      End For 

Return the important emails from the inbox. 

 

 

 3.4 LDA and NVLDA algorithm   

LDA (Latent Dirichlet Allocation) is a bag-of-words algorithm that helps us to 

automatically discover topics that are contained within a set of documents. The meaning of 

LDA is as follows: 

      L = Latent = Hidden 

      D = Dirichlet = Dirichlet distribution = Probability Distribution 

      A = Allocation = Assign (allocate keywords to topic)  

Let’s understand the concept and working of LDA. 

 

 Latent Dirichlet allocation was introduced back in 2003 by David M. Blei, Andrew Y. Ng, 

Michael I. Jordan to tackle the problem of modeling text corpora and collections of discrete 

data. They describe latent Dirichlet allocation (LDA), a generative probabilistic model for 

collections of discrete data such as text corpora. LDA is a three-level hierarchical Bayesian 

model, in which each item of a collection is modeled as a finite mixture over an underlying 

set of topics. Each topic is, in turn, modeled as an infinite mixture over an underlying set of 

topic probabilities. In the context of text modeling, the topic probabilities provide an explicit 

representation of a document. [75].  Initially, the goal was to find short descriptions of 

smaller samples from a collection; the results of which could be extrapolated on to larger 

collection while preserving the basic statistical relationships of relevance. [76] 

      How Does LDA Work?  

 LDA does topic modeling. It is an unsupervised algorithm used to analyze the semantic 

relationship between words in a group with the help of associated indicators. 

     Following steps are performed in LDA topic modeling: 

 The number of words in the document is determined. 

 A topic mixture for the document over a fixed set of topics is chosen. 

 A topic is selected based on the document’s multinomial distribution. 

 Now a word is picked based on the topic’s multinomial distribution. [76] 

     To mention clearly what LDA does is:  

 First, each word in each document is randomly assigned to one of the topics. Now, it is 

assumed that all topic assignments except for the current one are correct. The proportion of 
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words in the document that says, ‘d’ that are currently assigned to topic ‘t’ is equal to 

p(topic t | document d) and the proportion of assignments topic ‘t’ over all documents that 

belong to word ‘w’ is equal to p(word w | topic t). These two proportions are multiplied and 

assigned a new topic based on that probability.  

 LDA assumes that the words in each document are related. Then after running through the 

aforementioned steps, it figures out how certain might have been created. And, this very 

solution will be used to generate topic and word distributions over a corpus. 

E.g. here are a few sentences: 

1.   Our galaxy is made up of stars. 

2.   I saw planets in the galaxy. 

 3.   I played ball with my friend. 

4.   John hit the ball and made a goal. 

5.   He made planets with different-sized balls. 

Looking at the sentence, you might guess that there could be two topics (topic A and B). We 

can divide the sentences into topics like this; 

Sentence 1 & 2: 100% about topic A 

Sentence 3 & 4: 100% about topic B 

Sentence 5: 50% topic A, 50% topic B 

In detail, the word distribution across topics for all sentences can be seen like this; 

Topic A: 50% Galaxy, 25% stars, 25% planet … 

Topic B: 50% ball, 25% play, 25% goal… 

And so one can say that Topic A relates to Science and Topic B to Sports. This is what LDA 

can do for us. 

      Therefore the output of LDA is a mix of topics that consist of words with given 

probabilities across multiple documents in a corpus. [77] 

Mathematical Explanation: 

To explain the mathematical part we will assume that we have 4 documents and in that 4 

documents, 4 words (ball, planet, galaxy, and referendum) are there which belong to 3 

topics Sports, Politics and Science as shown in figure 3.3. In this figure, we have 4 

documents. Document 1 contains words like ball, planet, and galaxy looking at the words 

suppose we will give the name of the topic like sports. In document 2 words like 

referendum, planet appears so we will give the name of the topic as Politics. Similarly, for 

documents 3 and 4 based on the words, we will say that those documents belong to the 

Science topic.  
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FIGURE 3.3 Example of LDA 

 

Now consider 2 machines that produce fake documents and then we have to compare 

that fake generated document with the real one. From figure 3.4 it is noted that 

document 1 is more likely to be like a real document and document 2 is very less likely 

to be like a real document all this is determined by the machine setting. The machine 

that will have the better setting will be able to identify the real document. This is related 

to the hyperparameter setting of LDA that we will look into by taking this example 

further. We will change the value of α and β which are nothing but the setting of the 

machine. The better the value of α and β better the topics are generated means the topic 

will contain the words that are more likely to belong to that topic. We refer to this by 

hyper-parameter tuning. Here of α and β are: 

α - document-topic density 

 β - topic-word density 

 

FIGURE 3.4 Dirichlet Parameter example 
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Probability of a document: The aim is to maximize the probability of a document being 

real. 

P(W,Z,θ,φ,α,β)= ∏ 𝑃(𝜃𝑗 ; 𝛼) ∏ 𝑃(𝜑𝑖 ;  𝛽))  ∏ 𝑃(𝑍𝑗 , 𝑡 |𝜃𝑗)  𝑃(𝑊𝑗 , 𝑡 |𝜑𝑍𝑗 ; 𝑡 )

 
On the left of the equation, we have a probability of the document appearing to be real 

or fake, on the right we have 4 factors out of which 2 are the settings of the machine 

and the remaining 2 are the gears of the machine. When we multiply the probabilities in 

the right we will get the probability of the document. The first and third in the right of 

the equation are going to help us in finding the topic. The second and fourth ones will 

help us find the words in the document. The first 2 factors are the Dirichlet distribution 

and the last 2 are multinomial distribution. 2 Dirichlet distributions are as shown in 

figure 3.5 Alpha parameter is Dirichlet prior concentration parameter that represents 

document-topic density — with a higher alpha, documents are assumed to be made up 

of more topics and result in more specific topic distribution per document. The beta 

parameter is the same prior concentration parameter that represents topic-word density 

— with high beta, topics are assumed to make up most of the words and result in a 

more specific word distribution per topic.  

 
FIGURE 3.5 Dirichlet Distribution ( α and β ) with example 

 

The working of LDA with Dirichlet distribution is explained in figure 3.6 as follows: 
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FIGURE 3.6 Working of LDA with example 

 

In this, the first part shows the topics in the corner of the triangle and the documents 

near the corner show that the document belongs to that topic. E.g. here the yellow dot 

(document) belongs to 70% science topics, 10% politics, and 20% sports. In the second 

part, the pyramid represents the topic word density, which means the probability of the 

word belonging to that topic. E.g. the blue color topic representing science has a 40% 

probability of galaxy word, 20% planet, 10% ball, and 10% referendum. The green 

color Politics topic is made up of 10 % galaxy, 10% planet, 10% ball, and 70% 

referendum word. The red color topic refereeing sports is made up of 30% galaxy, 10% 

planet, 50% ball, and 10% referendum word. The third part has a document made up of 

words. The words belonging blue color are occurring maximum then we can conclude 

that, that document belongs to Science topic. Now from the fourth part, we can select 

any word belonging to the blue box and e.g. that word is coming out to be planet. In the 

second attempt, we pick the ball again it is blue color then we conclude that the topic is 

Science and now from the fourth part of the blue box the word came out as galaxy. In a 

third attempt, the red ball is picked then we conclude that the topic is Sports and from 

the fourth part from the red box we will pick a word and suppose it comes out to be a 

ball as shown in figure 3.6. And the process continues. Here we have taken an example 

of 3 topics. It can be extended to n number of topics in the same way.  
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FIGURE 3.7 Correlation of LDA model with an example 

 

With the help of the topics, we as human beings can easily understand that which word 

will go on which topic. But computers cannot think and for computers, all words are in 

coded form. Consider a messy room where all items are randomly placed. If I as a guest 

enter the messy room and wants to clean it. How can I begin? In a simple solution what 

I can do is pick one item and find out its relevant or matching place. E.g. if I find a 

pillow then obviously I have to put it on the bed. If I find a spoon then I have to put it in 

the Kitchen or near the plate. Etc. So here in the same manner what a computer does is 

pick a word and assign it to a topic and repetitively carry out the process for all words. 

Of course, taking into consideration the pre-processed words. Performing iterative tasks 

finally the words are placed into topics and the documents are assigned the topic. The 

iterations are performed such that the words became monochromatic and finally the 

document becomes monochromatic. Meaning the words should fall into one topic and 

the document should be made up of one topic. E.g. in Figure 3.8, Computer has 

predicted that document one has 4 red words and1 blue therefore document 1 belongs 

to 80% topic 3 and 20% topic 1 (as blue color = Topic 1, green color = Topic 2, and red 

color = Topic 3) this we have seen from document topic density. Now taking into 

consideration word topic density. In all 4 documents the words appearing in blue color 

are planet and galaxy and that too planet appears 7 times and galaxy appears 2 times so 

as a human being we can think of a name to that topic as “Science”, while for all green 

color words, referendum appears 4 times and planet 1 time so as a human being we can 

think of a name to that topic as “Politics” and for all red color words ball appears 5 

times and galaxy 1 time so as a human being we can think of a name to that topic as 

“Sports”. The computer has just identified the topics as Topic 1, Topic 2, and Topic 3 

but a human being based on words falling into topic named it as Topic 1 = Science, 

Topic 2 = Politics, and Topic 3 = Sports.  
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FIGURE 3.8 Computer and Human analysis for topics 
 

When the LDA was applied on the email corpus, in 10 iterations and 5 clusters it had 

divided the keywords into 5 topics as shown in figure 3.9. As shown in the figure the 

topics are formed by the number of keywords with their probability of occurrence.   

The machine gives the name Topic 0, Topic 1, Topic 2, etc. 

 
 

FIGURE 3.9 Output of LDA 
 

NV-LDA (Noun Verb – Latent Dirichlet Allocation) 

In the above part, we have seen the working of the LDA technique and the output of it 

concerning the email dataset. Now if we want to categorize the emails into customized 

labels according to persons, place, events, transactional or financial emails, bills, 

booking, etc then we need to retrieve that kind of keywords from the dataset. So rather 

than retrieving all the words, we should restrict the words to nouns and verbs only. As 

nouns and verbs will be useful to categorize emails easily and accurately. Let’s look 

into a part of speech of the English language. 
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TABLE 3.1 Part of Speech with example [78] 

Part of Speech Description  Example  

Noun Thing or person Chair, pen, Mumbai, 

teacher, Priya, music,  

bandwidth, pacing 

Verb Action  Study, debate,munch 

Adjective Describe a noun Purple, tall, ridiculous 

Adverb Describe a verb Unfortunately, slowly 

Preposition Links a noun to 

another word 

Of, by, to 

Pronoun Replace a noun I, me, mine 

Determiner Limits or 

“determines” a noun 

the, a, that, those 

Conjunction Joins clauses or 

sentences or words 

And, but, when 

Interjection Short exclamation, 

sometimes inserted 

into a sentence 

Oh!, ouch!, well 

 

From the above table, it is seen that if we want to apply this part of speech into email 

keywords identification for category prediction then we have to select the noun and 

verb as it is going to describe the person, thing, and the action. All other parts of speech 

like adverb, adjective, pronoun, preposition, interjection, and conjunction will not help 

classify the emails.   

If we take the example of emails then we found that the keywords from which we will 

be able to classify emails belong to noun or verb category as shown in table 3.2 

TABLE 3.2 POS of sample keywords found in emails 

Sample words 

occurring in emails 

Part of Speech Predicted Category 

offer, discount, off, 

buy, sale, etc. 

Verb Shopping 

Bill, credit card, 

debit card, SBI, 

BOB, etc 

Noun Finance 

Meeting, discussion, 

agenda, etc.  

Verb Meeting 

Book, publish, Verb Book Publication 



Research Methodology                                                                                                          

52  

publication, etc. 

Appointment, 

history, patient, 

name, age 

Noun/ Verb Patient Appointment 

 

So after finding the noun-verb keywords important in classifying the emails the concept 

of extracting nouns and verbs with the help of LDA came into existence. The blueprint 

of the NV-LDA model derived from LDA is as follows. 

θ, the distribution of topics for each email  
M denotes the number of emails  
N number of nouns and verbs in a 
given emails  
K number of clusters  
α represent per email topic distribution  
β represent per topic word distribution  
θi topic distribution for email i  
φk word distribution for topic k  
Zij topic for the jth word in an email i  
Wijspecific word 

 

FIGURE 3.10 NV-LDA derived from LDA 

NV-LDA is an iterative process in which we will specify the number of clusters K prior 

and from M number of important emails; it will identify N number of noun and verbs, 

the model trains to output: φ, the distribution of words for each topic K. NV-LDA 

extracts the noun and verbs from the subject and body of the emails then the keywords 

with maximum term frequency is taken into account. It is found that NV-LDA works 

best in extracting the relevant keywords. 
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FIGURE 3.11 Output of NV-LDA 

From the output of NV-LDA in figure 3.11, it is clear that NV-LDA extracts the 

relevant words. Now the question that remains is how to give appropriate names to 

topics as shown in Figure 3.11 on the left-hand side column. So for that, we need to 

understand the concept of knowledge corpus generator. 

 

      3.5 Basic core idea of the Knowledge Corpus Generator 

This is the central core part of this research work. After manually creating the well-

managed knowledge corpus of keywords found from studying emails of different 

domains. Based on certain rules and knowledge corpus the labels are predicted. Let’s 

look into the construction of knowledge corpus by flow graph. 

Algorithm for generating the keywords: 

Function GET_NOUN_VERB(imp_tags) 

Returns: noun and verbs from emails 

    For (all emails in imp_tags) 

       Extract nouns and verbs 

       Append in noun_docs 

       Create dictionary of all words in noun_docs 

       Filter the extremes from dictionary 
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       End For 

Returns: the noun and verbs from important emails 

 

Function: NVLDA(noun_docs) 

Returns: Knowledge corpus in the form of topic : keywords 

      For all (noun_docs) 

      Apply LDA with num_topics = 5 

     End For 

Returns: topic : keywords file 

 

1) Start 

2)  On the important email retrieved 

3)  Apply NV-LDA to extract the noun and verb from the corpus 

4)  After extracting the keywords find out manually whether it is essential or not. 

5)  If yes then create a knowledge corpus of the form label: keywords and store into it 

and repeat step 4 until all keywords are processed then go to step 7 

6)  If no then ignore the keyword and repeat step 4 until all the keywords are 

processed 

7)  Stop 

 

 

 

 

 

 
 
 
 
 
 
 
 

 
 
 
 

 
FIGURE 3.12 Flow graph of knowledge corpus generator 

 
 

Apply NV-LDA 

On sorted important emails 

Start 

Keywords Extraction 

Is 
keyword 
needed? 

Put all the relevant keywords in 
knowledge corpus 

Ignore the keyword and check the 
next keyword 

Stop 

Yes No 
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In general, we have 2 approaches to classify the things they are 1) the Top-Down 

approach and 2) the Bottom-Up approach. 

In the top-down approach, the root or thing is given and we have to divide it further 

based on the features. In the bottom-up approach, all the features are provided and one 

has to predict the class or category. 

To make it clearer let’s take an example, if we have to classify apply then: 

The first way or a top-down approach could be, to detect it as a Fruit initially, and then 

it gets identified as Red color. Then, it gets recognized as a smooth texture, and at last, 

it gets recognized as an apple. 

In a second way or a bottom-up approach, the apple gets detected first, which goes into 

a smooth texture class. Then, further, it is mapped into a red class, and at last, it gets the 

final Fruit classification. 

  

While creating the knowledge corpus we have used the bottom-up approach in which 

initially we have email corpus then by finding out frequent senders and important 

emails we applied NV-LDA and from the emails, we derived the keywords, then based 

on knowledge corpus we found out the relevant keyword for topic prediction and 

finally, we derived the topic so we reach to the goal in a bottom-up approach. 

 

As shown in Figure 3.11 we have retrieved the relevant keyword by applying NV-LDA 

after that the important step is to give the name to that retrieved keywords. The 

categorization of words into the topic is done by the NV-LDA but the label name is not 

generated by the algorithm. So in knowledge corpus, we manually put the name of 

labels looking into the keywords retrieved from the output of the NV-LDA algorithm 

and this is how the generation of knowledge corpus is accomplished in the form of 

Label: Keywords  

 
 3.6 Prediction of labels 

 
Function: predict label name 

Returns: label for email 

     For (all noun_docs) 

        If keywords retrieved from imp_tags then 

            Label = domain_name 

        Elseif users email domain = incoming email domain then  

            Label = domain name  

        Elseif  

            Based on NV-LDA output 

           Analyze the keyword and manually assign the label name 
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       End if 

   End For 

Returns: label for email 

 

The important email label prediction is based on certain rules  

Certain rules for predicting the labels: 

1) If the keywords are occurring from the emails of frequent senders then the name of 

the label will be the domain name of a sender email address. E.g. if a maximum number 

of emails are coming from principal@gecg28.ac.in then the name of the label will be 

gecg28. Where gecg28 is the name of an organization so according to all the emails 

belonging to the gecg28 domain will be kept in one folder. 

2) If the email address of the user is matched with the organization domain as we have 

retrieved in step 1 then it can be concluded that it is an official email and thus the name 

of a label can be kept office also instead of gecg28. 

3) For predicting the name of the label the sent email data is also checked e.g if the user 

starts the communication with the person for the first time by sending the email then 

when that person will reply then the email will be in the inbox for the first time and the 

user that email is important as the communication was started by him and he got the 

response from the party so we have to consider it also so the label can be given to it 

also as “Response” and looking into the label the user will come to know that it is 

useful to email.  

4) Use of knowledge corpus for predicting the name of the label. The matched 

keywords in the knowledge corpus on the right-hand side will predict the label on the 

left-hand side of the table. E.g. as shown in table 3.3 if the keywords found are date, 

time, venue, meeting, etc. then the label will be put as meeting in front of an email. 

Table 3.3 shows the sample of knowledge corpus the knowledge corpus keeps on 

growing as different domains of emails are studied and the keywords and labels can be 

added into it.  

TABLE 3.3 Example of Knowledge Corpus 

Label Keywords 
Booking Movies, bus, hotel, car, book, event 
Bills Electricity, item, phone, bill, gas, DTH, credit 

card, rent 
Meeting Date, time, venue, meeting, schedule, agenda, 

discussion 
Official Urgent, important, reply, head, principal, gtu, 

gecg28, Gandhinagar 
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Shopping Offer discount, fashion, shopping, clothing, off, 
summer, winter, brands, myntra 

 

5)  As in table 3.3 and from rule no 2. It is observed that gecg28 comes in frequent 

emails also and in knowledge corpus also so in this case, 2 labels will be applied in 

front of email gecg28 and official. So users can conclude that the mail is very important 

to him/her as 2 labels are attached to it. 

The overall process of the email classification can be depicted in Figure 3.13. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

FIGURE 3.13 Email Classification flow graph 
 

 3.7 Incorporate labels with Gmail account 
 
We used the Gmail API to incorporate the labels generated in the backend with the 
Gmail inbox. The maximum number of labels supported for a user's mailbox is 10,000. 
We have used various methods of the Gmail API as follows: 

 
TABLE 3.4 Gmail API methods for label 

 
Methods Description 
Create  Create a new label 
Delete Immediately and permanently deletes the specified 

label and remove it from any messages and threads 
that it is applied to 

Get Gets the specified label 
List List all the labels in the user’s mailbox 

Email Corpus 

Compare with Knowledge Corpus 

Apply on new incoming Emails 

Apply Noun Verb LDA on Email Subject and Body 

Predict the name of Topic 

LDA Topic Model Algorithm 

TF Calculation on Senders Email address 

Pre Processing 

.csv file 

Pre processed Email 

Emails from top senders 

Keywords Extracted 

Refinement of Keywords 

Topics Created 

Labeling 
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Patch Patch the specified label 
Update Updates the specified label 

 
 3.8 Summary 

This section is the last subsection of the Research Methodology chapter of this thesis. A 

detailed description and summarized discussion of the pre-processing emails, 

identifying important emails, and knowledge corpus generation is included to 

accommodate the research work explained in the earlier Section 3.1 to 3.7 of this 

chapter. In Section 3.1, out of different topic modeling algorithms like LDA, LSA, and 

NMF, we identified that LDA gives a good output which was a result of the Literature 

Review. The very next Section 3.2, discusses the pre-processing of email datasets 

through various inbuilt functions as well as with some pre-defined rules for better 

clarity.  

 
Identifying important emails by certain rules is stated in Section 3.3, with suitable cases 

to understand correctly. Section 3.4  a new approach NV-LDA algorithm was used 

which is an unsupervised algorithm. The NV-LDA retrieves the noun and verb from the 

summarized emails so the pre-processing time is reduced. As well as for clustering it 

becomes convenient to extract proper keywords. So we gathered the knowledge of topic 

– keywords pair from the output of NV-LDA. The keywords from NV-LDA output are 

manually identified and validated and kept in the knowledge corpus. 

 
Further, in Section 3.5, the knowledge corpus is generated. The format of the 

knowledge corpus is Label: Keywords. So appropriate name for the label is stored 

against the keywords derived from NV-LDA which will help in applying labels on a 

new incoming important email.  In section 3.6 with the help of certain rules, the labels 

are predicted for important emails. Section 3.7 represents an approach to incorporate 

the labels with Gmail. Here everything about the research methodology of this research 

work ends in brief. The results are discussed in Chapter 4 Results and Discussions. 
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CHAPTER 4 

  Results and Discussions 

 

Results are an essential part of the research. To simplify and understand the research 

result in this kind of research work, the best way to represent the result is to know with the 

actual example results first, and later the overall result can be discussed. 

 
The results discussed here are widely tested, and the details about the data on which 

testing was done are represented in Table 4.1 Overall Results. Here the classification was 

done automatically through the algorithm which takes the help of knowledge corpus, and 

the knowledge corpus validation was done manually. To understand the results better, let 

us check out the results for one user in detail. After that, on five users the algorithm is 

applied, tested and the results are discussed. 

 
Different parts of the Results and Discussions are entitled as follows: 
 
4.1. Discussion of 3 modules(Web Client or Chrome Extension, Python, and 

Gmail) 
4.2. Authentication 

4.3. Apply the model to the dataset 

4.4. Test the model  
 4.4.1 Keeping hyperparameter constant 
               4.4.2 Varying hyperparameter 
               4.4.3 Result Comparison 

4.5. Incorporating the labels generated with the Gmail 

4.6. Overall Results 

4.7. Discussions 

 
 

Before understanding the results, let us go through the implementation specifications 

first. 
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 Implementation Specifications 

Following are the specifications on which implementation and test execution are 

performed. For dataset, our mailbox emails over 7000 in numbers are considered, which 

have been imported into CSV file, making it convenient to use in Python. We 

implemented the NV-LDA calculation module using the Scikit-learn library. The 

experimental environment is shown in Table 4.1 

TABLE 4.1 Experimental environment 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 4.1 Discussion of 3 modules  
             (Web Client or Chrome Extension, Python and Gmail) 

 
For implementing the algorithm and for making it convenient for the user to use the 

front end is developed as a web client and chrome extension. The processing of the 

algorithm takes place in the backend with Python and the final labels are attached 

in the Gmail inbox. 

Web Client: Web apps are applications, such as Gmail, that you use by accessing a 

website. This type of application differs from a standard one, which is loaded 

directly onto a computer. An HTML page is created which will ask the user for the 

Google credential and it is redirected to Gmail Sign In page. Authentication of the 

user will take place with the OAuth2 protocol. The web client can run in any 

browser. 

 
FIGURE 4.1 Web client for Email Classification 

CPU Intel ® CoreTM i5-7200U 

Memory 4 GB 

Programming Language Python Language 

Edition Python 3.6.5 

IDE Jupyter Notebook 
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Chrome Extension: An extension is a small program that downloads a CRX file to 

your computer. Chrome extensions change the way the Chrome browser operates. 

E.g. The Ebates extension, which finds deals online. It runs in the background and 

checks for price savings and coupon codes when you visit a shopping site. Chrome 

Extension runs in Chrome browser only. To install the Chrome extension follows 

the following steps: 

1) Open Chrome settings and go to Extensions in the left pane or type 

chrome://extensions/  

2) On the developer mode 

3) Load Unpack the code e.g in our case it's O-Box. We have given the name of 

chrome extension as OBox which is Organize Box. 

4) One can pin the Chrome extension so that its icon appears in the upper right 

corner of the Chrome window next to the search bar. 

5) To adjust settings for the extension, right-click on the extension icon and 

select Options. 

6) To stop the extension from operating, right-click the extension icon and 

select Manage extensions, then turn off the toggle switch at the top of the 

page. 

7) To uninstall an extension, right-click the extension icon and select Manage 

extensions, then, at the bottom of the page, choose to Remove 

extension > Remove. 

 

FIGURE 4.2 Chrome Extension – OBox 

 Why Python? 

Python is the best suitable programming language based on the nature of the research 

problem. The current problem is a rule-based modeling-related problem. Therefore, a 

dynamic programming language that focuses on code readability is required, and Python is 

the best fit. 

Python is open-source, simple, easy to learn and implement, and has a huge number 

of libraries and frameworks, massive online support, flexible integration, fast 
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development, Visualization tools.  Due to that, it is becoming the first choice for artificial 

intelligence, machine learning, data, or data science-related problems. According to data 

from the 2018 Kaggle Machine Learning and Data Science Survey.  Python is still the 

most popular programming language as shown in Figure 4.3 [79]. 

 

FIGURE 4.3 Popularity of Python [79] 

 Why Gmail? 

 

From many surveys, it is concluded that Gmail is the best free email service, provider. From 

[80] Gmail is an email service provided by Google. It is accessible through the web and 

using third-party programs. It can be accessed on iOS and Android mobile devices. It allows 

you to share up to 25 MB through emails. Files greater than 25 MB can also be shared 

through Google Drive. 

Gmail is used for personal as well as business communications. 

Pros: 

 It is accessible from any device. 

 Undo Send for emails. 

 Email forwarding. 

 Powerful search. 

 Provides security with two-step verification. 

 Supports many keyboard shortcuts. 

 You can use it in offline mode as well. 

Cons: 

 At times it gets slow in loading. 

 Managing different folders and labels is a little bit confusing. 
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In our research, we tried to overcome the problem of managing folders and we tried to 

apply automatic labels to new important incoming emails. 

 

 4.2  Authentication 
 

Before retrieving the emails of any user we need to authenticate the user. OAuth 2.0 is the 

authorization protocol used by Google APIs. The google-auth-oauthlib library should be used 

for handling OAuth 2.0 protocol steps required for making API calls. You should 

install google-auth and google-auth-oauthlib. The sections below describe important 

modules, classes, and functions of a google-auth-oauthlib library. Let’s take an example of 

user-id shroffarav@gmail.com 

 

What is OAuth? 

The OAuth (open authorization) protocol was developed by the Internet Engineering Task 

Force and enables secure delegated access. It lets an application access a resource that is 

controlled by someone else (end-user). This kind of access requires Tokens, which represent 

delegated right of access. That’s why applications get access without impersonating the user 

who controls the resource. [81] 

How does OAuth work? 

An OAuth Access Token transaction requires three players: the end-user, the application 

(API), and the resource (service provider that has stored your privileged credentials). The 

transaction begins once the user expresses intent to access the API. 

 The application asks permission: The application or the API (application program 

interface) asks for authorization from the resource by providing the user’s verified 

identity as proof. 

 Application requests Access Token: After the authorization has been authenticated, 

the resource grants an Access Token to the API, without having to divulge usernames 

or passwords. 

 The application accesses resources: Tokens come with access permission for the 

API. These permissions are called scopes and each token will have an authorized 

scope for every API. The application gets access to the resource only to the extent the 

scope allows. 
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FIGURE 4.4 OAuth 2.0 Flow Diagram [81] 

 

 
FIGURE 4.5 OAuth 
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Acquiring client IDs and secrets 

You can get client IDs and secrets on the API Access pane of the Google APIs Console. 

There are different types of client IDs, so be sure to get the correct type for your application: 

 Web application client IDs 

 Installed application client IDs 

 Service Account client IDs 

Flows 

The purpose of a Flow class is to acquire credentials that authorize our application access to 

user data. For a user to grant access, OAuth 2.0 steps require our application to potentially 

redirect their browser multiple times. A Flow object has functions that help our application 

take these steps and acquire credentials. Flow objects are only temporary and can be 

discarded once they have produced credentials, but they can also be pickled and stored. This 

section describes the various methods to create and use Flow objects.  

The google_auth_oauthlib.Flow.from_client_secrets() method creates a Flow object from 

a client_secrets.json file. This JSON formatted file stores your client ID, client secret, and 

other OAuth 2.0 parameters. 

The authorization_url() function of the Flow class is used to generate the authorization server 

URI. Once you have the authorization server URI, redirect the user to it.  

If the user has previously granted your application access, the authorization server 

immediately redirects again to redirect_uri. If the user has not yet been granted access, the 

authorization server asks them to grant your application access. If they grant access, they get 

redirected to redirect_uri with a code query string parameter similar to the following: 

http://example.com/auth_return/?code=kACAH-1Ng1MImB...AA7acjdY9pTD9M 

 

If they deny access, they get redirected to redirect_uri with an error query string parameter 

similar to the following: 

http://example.com/auth_return/?error=access_denied 

fetch_token() 

The fetch_token() function of the Flow class exchanges an authorization code for a 

Credentials object. After authorization, the user id comes in the address bar as shown in 

Figure 4.6 
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FIGURE 4.6 After authorization user-id appears in the address bar 

 4.3 Apply the model to the dataset 
 

The email classification model with NV-LDA algorithm and knowledge corpus which is 

discussed in chapter 3 is implemented in Python.  Figure 4.7 shows the 3 modules used in 

email classification and the remaining part of the figure shows the authentication performed. 

From the web client or chrome, the extension user will enter the credentials and with the help 

of OAuth 2.0 protocol, the access token is generated which is passed to Gmail. Gmail then 

allows the access of emails to the user. All inbox emails are fetched in CSV files which will 

be like training data for the model. In the backend (python) the algorithm is implemented 

which will fetch the email CSV file. Pre-processing will be done on the email dataset. 

Frequent sender's emails and important emails are identified and taken into consideration. On 

these sorted emails NV-LDA algorithm is applied and the relationship between keywords 

and topics and topics and emails are identified. For assigning the appropriate names to the 

topic the knowledge corpus is used and the topic names are predicted based on certain rules. 

The recommended topic/label names are passed to the user and if the user agrees on that 

label then the labels, as well as the folders, are created in Gmail. The new incoming emails 

will be the testing data where if the email is important then the label is attached to it which is 

shown in figure 4.8 
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FIGURE 4.7 OBox modules and authentication steps 

 
 

FIGURE 4.8 Applying model and testing 
 

Taking the example of one user email address shroffarav@gmail.com the authentication 

completion process is shown and now the user is ready to get the labels as shown in Figure 
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4.9.  
 

 
 

FIGURE 4.9 Authentication complete and ready to get labels 
 
After execution of the model in the backend, the labels are generated and recommended to 

the user as shown in figure 4.10  
 

 
 

FIGURE 4.10 Label generated and recommended to User 
 

The labels are recommended to the user and if the user agrees to keep the same labels then 

directly user can submit it. Else if the user wants to update the name of the labels then the 

user can update the labels and confirm the label. The updated labels will be applied in Gmail 

as shown in figure 4.11 
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FIGURE 4.11 Updating the labels 
 

4.4 Testing the model 
 
Topic models are unsupervised models, on executing the model it gives the clusters. 

Evaluating the clustering model is difficult, either we can check manually that the clusters 

formed are correct or not or we can apply the labels and then check the results, but then it 

will be like classification. So to evaluate the topic model we have perplexity and topic 

coherence as evaluation measures. Perplexity is the log-likelihood of held-out test data. It 

will learn from the model and then how well it performs on test data can be considered with 

perplexity. But perplexity sometimes fails to give human-related topics so we will keep aside 

perplexity and will focus on another topic modeling parameter i.e. topic coherence.  

Topic Coherence: Topic coherence has been proposed as an intrinsic evaluation method for 

topic models [82, 83]. It is defined as the average or median of pairwise word similarities 

formed by top words of a given topic. Word similarity is grounded on external data not used 

during topic modeling [84]. So higher the topic coherence means that the words belonging to 

that topic have a maximum similarity. Topic coherence will measure the intra word similarity 

within the topic.[85]  

LDA has 2 dirichlet parameter α and β. The alpha parameter is Dirichlet prior concentration 

parameter that represents document-topic density — with a higher alpha, documents are 

assumed to be made up of more topics and result in more specific topic distribution per 

document. The beta parameter is the same prior concentration parameter that represents 

topic-word density — with high beta, topics are assumed to make up most of the words and 

result in a more specific word distribution per topic.  

Here we vary the alpha and beta parameters to check the interclass and intraclass similarity. 

Alpha will give the statistical relationship of email formed by several topics, while beta will 

give the statistical relationship of topics formed by the words. 
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 Effectiveness Analysis of Topic Keywords  

We have analyzed the effectiveness of the NV-LDA algorithm keeping the alpha and beta 

constant and checking the coherence score as well as we have checked the coherence score 

varying the alpha and beta. The results are as follows.  

 

4.4.1 Topic coherence keeping alpha and beta constant  

 

We have checked the topic coherence score for NV-LDA and LDA algorithm for α = 0.01 

and β = 0.61, it is seen that using LDA the topic coherence was 0.50 and using NV-LDA it 

was 0.67 which was much better as shown in Table 4.2 

 
TABLE 4.2 Coherence Score of LDA and NV-LDA 

 
 
 
 
 
 
 
 
To test the result we have chosen 5 different users' emails and applied the LDA and the NV-

LDA algorithm and checked the results. It was found that the NV-LDA performed much 

better than the simple LDA as the topic coherence value is high in every case as shown in 

Table 4.3 
TABLE 4.3 Topic Coherence Score for 5 users keeping α, β constant 

 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

4.4.2 Topic coherence varying alpha and beta. 

 

It is observed that varying α and β in latent Dirichlet allocation algorithm the coherence score 

changed from 0.42 to 0.55 in 5 users, while in NV-LDA the coherence score from 0.67 to 

0.85. To test the result we have chosen 5 different users' emails and applied the LDA and the 

Method  Alpha  Beta  Coherence Score  

NV-LDA 0.01   0.61  0.677085  

LDA  0.01   0.61   0.501219  

Methods  User 1  User 2  User 3  User 4  User 5  

No. of emails  7935  7801  8761  2885  5094  

Time required for processing  4.36  4.29  5.60  2.42  3.18  

NV-LDA  

Alpha  0.01  0.01  0.01  0.01  0.01  

Beta  0.61  0.61  0.61  0.61  0.61  

Coherence score  0.68  0.80  0.82  0.76  0.85  

LDA  

Alpha  0.01  0.01  0.01  0.01  0.01  

Beta  0.61  0.61  0.61  0.61  0.61  

Coherence score  0.50  0.53  0.54  0.42  0.45  
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NV-LDA algorithm and checked the results. It was found that the NV-LDA performed much 

better than the simple LDA as the topic coherence value is high in every case as shown in 

Table 4.4 b) Topic coherence varying alpha and beta. 

It is observed that varying α and β in latent Dirichlet allocation algorithm the coherence score 

changed from 0.42 to 0.55 in 5 users, while in NV-LDA the coherence score from 0.67 to 

0.85. 
TABLE 4.4 Topic Coherence Score for 5 users varying α, β 

 

The coherence score remains almost the same despite varying α and β in NV-LDA so it can 

be concluded that the algorithm groups the words under proper cluster and semantically same 

words fall under the same topic it can be seen in table 4.4 

 

4.4.3 Result Comparison 

 

Tables  show the results of topic representative term groups discovered by NV-LDA and 

LDA respectively. The boldface terms are wrongly detected. 
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 TABLE 4.5 Sample of Knowledge Corpus 

 

TABLE 4.6 The keywords by NV-LDA. The boldface terms are wrongly detected. 

 
TABLE 4.7 The keywords discovered by LDA. The boldface wrongly detected. 

 

 

 

Topics Representative Words 

Booking Movies, bus, hotel, car, book, event  

Bills Electricity, item, phone, bill, gas, DTH, credit card, rent 

Meeting Date, time, venue, meeting, schedule, agenda, discussion 

Official Urgent, important, reply, head, principal, gtu, gecg28, gandhinagar 

Shopping Offer discount, fashion, shopping, clothing, off, summer, winter, brands, myntra 

Topics Representative Words 

Topic 0 
Bec owner, grade, myntra, project, computer, may, men women, lifestyle products, 

ecommerce store, personal care 

Topic 1 
Mutual fund, rs, courseera, reliance, ‘s, nav, enroll, sms, ananth, folio number 

Topic 2 
Kindly, thank, dear, sector Gandhinagar, gandhinagar, thanking, technical, pm, faculty 

Topic 3 
Bec owner principal, be, govt, poly, myntra, spit piludra, hjdkera, botad, merchant visnagar, 

Topic 4 
Me, rs, gtu, engg,  acty, mec owner principal, sect Gandhinagar, fax, url, ext 

Topics Representative Words 

Topic 0 Patel, style, fontsiz, coordin, shah, professor, sector, good, nahi, leav 

Topic 1 Import, office, book, copi, update, offer, bank, nation, life, grade 

Topic 2 Owner, principal, Rajkot, ahmedabad, Gujarat, surat, universe, vvnagar, vadodara, exam 

Topic 3 Fashion, product, myntra, company, fund, shop, account, reliance, service, statement 

Topic 4 Govt, polytechnic, universe, poli, course, science, ahmedabad, paper, research, special 
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Compared with the knowledge corpus in Table 4.5, we can observe that NV-LDA (as shown 

in Table 4.6) can discover more accurate top frequent topic terms than other methods (as 

shown in Table 4.7). Taking the topic ``Topic 0'' as an example, NV-LDA can discover  6 

out of 10 most representative words for the cluster ``shopping'', while LDA misses 5 

keywords. NV-LDA discover the topics as “Official”, “Shopping” and “Finance” properly 

with the keywords extracted but LDA approach can discover only 2 topics like “Shopping” 

and “Official” but fails to discover the other topic: ``finance''. Both the other two methods 

had extracted the keywords of locations which is not useful in clustering. The proposed NV-

LDA focuses on discovering the most significant term groups for email clustering by 

considering the closeness relations of two terms in the word network. Therefore, NV-LDA 

can discover more accurate top frequent terms as the representative terms and filters trivial 

terms at the same time. 

 

4.5 Incorporating the labels generated with the Gmail 

 
With the help of Gmail API, the labels generated at the backend are incorporated with Gmail 

as shown in figure 4.12  

 

 
 

FIGURE 4.12 Incorporating the labels in the Gmail 
 

Whenever the new important email will come in the inbox the labels will be attached in front 

of the email as shown in figure 4.13 
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FIGURE 4.13 Label generated for new important incoming email 

 
 

4.6 Overall Results 

Results are always an essential part of any research study. Before moving on to the results, the 

thing that highlights something here is that not much has been found in the current work in this 

field, so it is impossible to compare the research work and the results. No similar work has been 

found relating to the classification and identification of labels for email, which makes this work 

unique and novel. Just two nearby research papers were observed. One was related to identifying 

categorical terms based on latent Dirichlet allocation (LDA) for Email Categorization. In that 

research work, they gave manual labels for the categories. In another research work, Aakanksha 

Sharaff and Naresh Kumar Nagwani[13] designed an algorithm for managing emails into a 

predefined category using Latent Dirichlet Allocation. And in both the research they used the 

Enron dataset. Our work takes the dynamic dataset from users in different domains and Email 

categorization is done with NV-LDA and knowledge corpus. 

 
The coherence score of LDA and NV-LDA is compared for 5 users keeping α and β constant. It is 

found that for all 5 users the coherence score of NV-LDA is better than the LDA. Thus the topics 

formed by the NV-LDA contain many similar keywords and so the topic coherence using NV-

LDA is high.   
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FIGURE 4.14 Graphical representation of topic coherence 

 
4.7 Discussion 

 
For automatically predicting the important email labels first of all we have taken CSV files 

of emails. CSV file is generated by initially doing the authentication of the user. For 

authentication OAuth 2.0 is used. After retrieving the CSV file pre-processing on emails is 

done by removing stop words, stemming, and lemmatization.  As we are going to predict 

labels for important emails, we found the important emails by certain criteria. NV-LDA 

algorithm was used which is an unsupervised algorithm. The NV-LDA retrieves the noun 

and verb from the summarized emails so the pre-processing time is reduced. As well as for 

clustering it becomes convenient to extract proper keywords. After applying the algorithm, 

the keywords are retrieved which are compared with the knowledge corpus. After 

comparison, the labels are recommended to users. If a user agrees on the labels then the 

labels are applied to the incoming emails, which will help the user to attend to the important 

emails and organize the mailbox. Another advantage is by this method important emails will 

be identified and not important emails will not be labeled so it will be very convenient for 

users to delete the unwanted emails. Also, it can be concluded that strong the knowledge 

corpus better the prediction of labels. Finally, the labels are incorporated with the Gmail 

inbox. This is the novel approach so no email organizing tool was found. Also email 

classification with the natural language processing algorithm that to latent dirichlet 

allocation topic modeling algorithm for this application was not found so the comparison 

was done only for LDA and NV-LDA algorithms.  
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CHAPTER 5 

 
Conclusions, Major Contributions, and Scope of 

Further Work 

 
5.1 Conclusions 

In conclusion, it can be said that the idea of this kind of work came from personal 

experience. To start this research work, in the beginning, the task of identifying the 

important emails based on certain rules was carried out. Also, by keeping the various 

aspects of computational linguistics-based research work in mind, the rules of important 

emails have been identified,     verified, and arranged adequately by this research work. 

 
In this research work, important and related emails are classified into folders, and labels are 

applied in front of the email for better organization. During the research work, it was felt 

that after applying the NV-LDA approach only the unknown topics along with the relevant 

keywords are retrieved. For the application of an appropriate name to the topic, the 

knowledge corpus was created. For predicting the labels the comparison of knowledge 

corpus along with the output of the NV-LDA algorithm is made.  

 
The NV-LDA algorithm outperformed the result. Now it is needed to integrate with Gmail. 

Using Gmail API the OAuth 2.0 the authentication of the user is performed when all the 

emails are fetched in CSV file. The model is applied and the generated labels are 

recommended to a user. If a user agrees to keep the label then with the help of Gmail API 

the labels are incorporated with Gmail. Updating the name of the label, deleting some of 

the labels out of the recommendation facility is given to the user. After confirming the 

labels in the chrome extension or web client the final list of labels is passed to Gmail. 

Labels will be applied to all the important incoming emails. 

    

Additionally, this research work will append the newly created labels to the existing labels. 

So that the earlier Gmail settings are not disturbed. The research work done so far is 

enough for the incoming researchers to think about some other relevant aspects and open a 

new way to contribute to the natural language processing and computational linguistics 

research domain. 
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Several aspects which can be concluded here is that due to the ambiguous nature of the 

English language the bigrams are considered to understand the meaning of words 

properly. Moreover, if the model is overtrained or undertrained then it will affect the 

results. Adding rules for label prediction in a dynamic environment is handled. Multi-

label can be seen in front of some emails which indicate that the email is of utmost 

importance.  

 
From the perspective of the Gmail application filters already exists but we need to 

manually define the rules and nowadays the social and promotional emails are 

categorized by Gmail. But this research will automatically classify the important emails 

and predict the customized label for the user. This research work will help users to 

attend to important emails first from the flooding inbox. This research work is an effort 

to save the user time in searching the emails. And finally, this research work aims to 

organize users’ inboxes.  

 
The major-specific contributions of this research work are included in Section 5.2  Major 

Contributions. 
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5.2 Major Contributions 

 

 Constructed rules for pre-processing and identifying important 

emails. 

 A knowledge corpus is created for the automatic prediction of labels 

for important emails. 

 A novel approach NV-LDA is developed.   

 Important emails are labeled and those emails that are not labeled 

can be considered unimportant and can be deleted in bulk. 

 An organized inbox where important emails are labeled and kept in 

a folder makes the task of searching easy and fast. 

 Individual users from different domains like doctors, advocates, 

engineers, etc. can take advantage of categorizing emails. 

 Organizations can categorize the emails into folders like compliant 

emails, feedback emails, request emails, procurement emails, 

supplier emails, etc. 
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5.3 Limitation 

 The multilingual aspect of the inbox is not considered in this 

research because it only deals with the English language. 

 Only Gmail email service provider is considered as it is widely used 

among individuals and organizations.  

 Most affecting exceptions may impact the results positively or 

negatively if the corpus is increased or decreased. 

 If the email corpus changes drastically and no labels are predicted 

then the model has to be executed again for sufficient training and 

new label creation. 
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5.4 Scope of Further Work 

 Continuous evolution and adaptation of the newly known rule for 
individuals and organizations. 

 
 NER (Named Entity Recognition), wordnet concepts can be integrated 

with the model to check the accuracy. 

 More users from different domains can be studied and the knowledge corpus 
can be made richer. 

 
 NV-LDA algorithm can be improved in a multi-lingual domain. 

 
 The complete work is based on a computational linguistics text-based 

approach so that a speech-based approach can be explored 

 
 Important emails are labeled, but from unimportant emails, malicious 

emails can be found. 

 
 By finding malicious emails the crime can be identified and controlled. 

 
 Many individuals like chartered accountants, medical representatives, 

businessmen, etc., and organizations like myntra, amazon, lenskart, etc., 

can organize their emails into folders. 
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5.5 Research Contribution to Society 
 

 Saves individuals time in processing the emails. The time saved can be utilized 

for other productive work.  

 Helps in organizing the inbox so that in the future if emails need to search then 

easily one can find them.  

 An organized inbox will increase an individual's efficiency. 

 Reduce stress and keep the individual more organized and enthusiastic.  

 Helps in bulk deleting unwanted emails, making the inbox clutter-free. 
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APPENDIX A 
 

Libraries / API Used 

Libraries / API Use 

Numpy NumPy is a very popular python library for large multi-dimensional array and 
matrix processing, with the help of a large collection of high-level 
mathematical functions. 

Pandas It provides high-level data structures and wide variety tools for data analysis. It 
provides many inbuilt methods for grouping, combining and filtering data. 

Matplotlib Matplotlib is a comprehensive library for creating static, animated, and 
interactive visualizations in Python. 

Nltk The Natural Language Toolkit (NLTK) is a platform used for building Python 
programs that work with human language data for applying in statistical 
natural language processing (NLP). 

Pre processing The sklearn.preprocessing package provides several common utility functions 
and transformer classes to change raw feature vectors into a representation that 
is more suitable for the downstream estimators. 

Stop word The NLTK library is one of the oldest and most commonly used Python 
libraries for Natural Language Processing. NLTK supports stop word removal 

Tfidf vectorizer Term frequency-inverse document frequency is a text vectorizer that 
transforms the text into a usable vector. It combines 2 concepts, Term 
Frequency (TF) and Document Frequency (DF). The term frequency is the 
number of occurrences of a specific term in a document. 

Re A regular expression (or RE) specifies a set of strings that matches it; the 
functions in this module let you check if a particular string matches a given 
regular expression 

Gensim Gensim is a Python library for topic modelling, document indexing and 
similarity retrieval with large corpora. 

Wordnetlemmatizer Lemmatization is the process of grouping together the different inflected forms 
of a word so they can be analyzed as a single item. 

snowballstemmer It is a stemming algorithm  

TextBlob It is the fastest NLP tool among all the libraries. It provides an easy interface to 
help beginners and has all the basic NLP functionalities such as sentiment 
analysis, phrase extraction, parsing and many more. 

Scikit Learn It is a great open so natural language processing library and most used among 
data scientists for NLP tasks. It provides a large number of algorithms to build 
machine learning models. It offers many functions for bag-of-words to convert 
tet into numerical vectors. 

  



 

APPENDIX B 
 
Flow Diagram of How to run the Application 
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