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1 Introduction 

1.1 Overview 

Big data is widely used to compare the performance and operations of the company through 

personalized solution (Javaid et al. 2021). The dimensions of data produced in the real world 

has increased and require maintainance, cleaning and processing to be employed extensively. 

There are also technologies to gain information about big data and utilize them for 

classification tasks. One such technology identified here is Pyspark. This is considered an 

interface for the famous Apache spark for such big data. 

Here in this study the efforts are made to evaluate the working and explore the various features 

of Pyspark and its core for maintain the big data. Pyspark also helps interface the pandas API 

for the data maintained along with machine learning library for creating the working models. 

Not only this but the work is planned to make use of Machine learning algorithms for the 

classification task identified here. Hence, considering this an spam mail classification model 

using Naïve bayes classifier is implemented through Pyspark. 

As this project is based on data sciences and modelling machine learning techniques, it is 

required that one must be able to map about tools and techniques used. These techniques 

include data collection. Which requires knowledge on sources which provide abundant data 

which is open to be used. Next comes data processing techniques which requires knowledge 

on dealing with texts and corpus in the context of natural language processing. Data modelling 

requires knowledge on various machine learning techniques which can be used to solve the 

classification problem and their extensive comparison through literature review. Model 

evaluation requires knowledge of basic metrics and its importance. A little knowledge on usage 

of pyspark and its basic syntaxes to deal with data structures.  

The data for the project can be collected through open-source platforms like Kaggle, UCI and 

others. Google colab platform is introduced in the research work. Packages from python like 

Natural Language Processing (NLP) is used to deal with textual data. (Data/instances is 

assumed in the text format which is labelled/unlabelled). Hence, the performance of the model 

can be evaluated through the metrics like accuracy, precision, recall, confusion matrix. 

Considering the probabilistic models like this precision, recall and confusion matrix are 

important to discuss and evaluate. 
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There are many research caried out in the same context and using same dataset. One such 

research is by Agarwal et al. 2021, the authors showed the comparison of ensemble as well as 

non-ensemble techniques. The non-ensemble techniques include KNN, Naïve Bayes, and 

Support Vector Machine. The results show the non-ensemble techniques are with 98% of 

accuracy which is highest than the non-ensemble techniques. Hence, it can be seen that in the 

context of spam mail classification non-ensemble techniques shows better performance 

(Ahramminezhad et al. 2022). Naïve bayes classifier is termed as classifier based on the 

probabilistic assumptions and is based on the conditional probability and Bayes theorem. The 

main power of the classifier is that it requires small set of training to be updated with the 

possible parameters on the data to be classified (Rathi and Pareek, 2013).  

Hence, most of the research are either carried out using Support vector machine or Naïve bayes 

and ensemble techniques are not often seen and used (Yu and Xu, 2008). Applications of text 

mining are sentimental analysis, summarization of text and also spam mail classification. 

Hence, Pyspark is also chosen often for less computational costs (Thangaraj and Sivakami, 

2018). Hence, for this study the Naïve bayes is chosen along with Pyspark environment. 

1.2 Purpose of Study 

The internet is filled with unwanted data along with masked infected data which can cause 

harm to privacy and security of the user’s end. These infected data in one way is sent through 

mails masked as spam mails. Here at this scenario, a classification problem is identified as to 

classify good and bad mails which is termed as spam or not spam mail. However, when there 

is text data and high-end processing involved. A problem related to handle and process the data 

in a good speed is identified as well. 

Pyspark is considered as a better processor when considering the data structures which are high 

and cannot be used with the panda’s library. However, in the present study the work focuses 

on the data, which is related to that of the spam mails. These datasets are usually very hefty 

and large, bulk and with low quality text processing to be readily used for predictions using 

machine learning models. This spam data is related to that of the communication between users 

and is plain English with a lot of words and punctuations which are to be stripped off before 

applying the machine learning model. The aim of the study is to classify the spam and ham 

messages using Natural language processing (NLP). This processing helps to deal with the 

heavy texts in the data. Hence, the implications of the natural language processing are utilised 

here as a measure to deal with the texts in the dataset. However, applying the abilities of both 
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NLP and Pyspark to utilise such that the data can be handled well in the real-time and such a 

glance is shown here. Pyspark is used to work faster with the data. Text mining has gained a 

lot of interest along the tackling the problems with huge data. it becomes a problem when 

dealing with data in the form of texts. The traditional way to deal data is using pandas and there 

are much better technologies apart from pandas like Pyspark. It is quite easy to deal with 

Pyspark as it makes the operations 100 times faster than that of pandas (Singh, 2022). Apart 

from this Pyspark is built on Spark with advantages of Spark it is also used in organisations 

like Walmart, and such. The main advantage here is that the pyspark is written in python and 

it becomes easy to get familiar with writing style of the code. Hence in the context of this study 

the best solution to deal with the text data is Pyspark. Among the classifiers, a unique approach 

based on Bayes theorem is used here.  

Hence, this work displays the usability of the classifiers for dealing with large datasets and 

improve the accuracy and processing speed use Pyspark. 

1.3 Aim and Objectives 

A. Aim 

The aim of this research work is to understand and implement the spam mail detection using 

Apache Spark. 

B. Objectives 

• The Project is based on classification of spam emails from texts using Natrual language 

processing and Machine learning for the classification task: 

• To use the significant technology towards big data and understand the working. 

• To consider the machine learning algorithm for the classification problem (Spam mail 

detection). 

• To process the data with cleaning techniques. 

• To make use of text pre-processing and feature selection techniques to analyze/filter 

out the necessary attributes. 

• To understand the implementation of pyspark and syntaxes. 

• To understand the functioning of machine learning algorithms and implement them. 

• To Evaluate the performance metrics of the classifier (Naïve Bayes) and discuss the 

analysis. 
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1.4 Research Questions 

• What is spam mail? 

• What are the various machine learning algorithms and which can be utilized to be 

applied to the spam mail classification problem? 

• What is the importance of Pyspark and its implementation towards the classification 

problem? 

• How the corpus data can be processed through various methods so that it can be inputted 

into the model? 

• How can the corpus data have streamlined through pyspark? 

• Can tuning the parameters of the models be simplified using Pyspark? 

1.5 Methodology 

The resources required for the work to carry out this study are Google colab (which is provided 

with the 12GB free RAM space and python3 backend service), Python packages like NLKT, 

pandas, pyspark pulgins and data to work on from open sources. A working computer with 

minimum graphics to work on pyspark. 

 

Figure 1.1 Project flow diagram 
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The overall Project Flow Diagram is explained in Fig.1.1. for better understanding. Pyspark 

implementation for spam mail classification using naïve bayes classifier 

• Opening and starting a colab notebook 

In this step the colab notebook is connected to the RAM and python3 backend and made ready 

for coding. 

• Installation of pyspark in colab environment 

Installed using ! pip install command 

• Installing the spam mail dataset and unzipping and storing google drive 

It is installed in the Colab environment and then unzipped in the drive through appropriate 

mail.  

• Starting a spark session and naming it 

First step of starting the spark work and naming to generate an local session. 

• Installing the dataset in the session 

Using pandas here to dela with the dataset in the spark environment. This shows the efficient 

use of the Pyspark. 

• Describing and exploring the dataset 

Printing in the form of schema and methods from the pandas. 

• Importing the multinomial Naïve bayes classifier 

Importing from the sklearn package 

• Fitting and evaluating the dataset through classification report 

Metrics module is used from the sklearn package. 

• Tuning the model using the Tfid vectorization technique 

Feature extraction module is utilized here from the sklearn package. 
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1.6 Organization of the Thesis 

The thesis is organised by considering the chapters and sub-chapters, the chapters are 

introduction, literature review, methodology, analysis and findings and lastly the conclusions 

drawn from the experiments.  

The introduction is the chapter -1, the overview, aim and objectives are study are discussed. 

The purpose of the study as well as the methodology of the work carried is discussed here. The 

chapter-2 which is the literature review consists of the exploration of various works and making 

review points and carrying out the related work. The chapter -3 explains briefly about the 

methods used to get the results and explain about how the used methods are appropriate. The 

chapter-4 shows the results obtained from the analysis and discussion were made on how the 

results obtained are better satisfies the aim and objectives. Finally, in the chapter-5, the 

discussions and final conclusions were drawn from the results.   
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2 Literature Review 

2.1 Overview 

Cancer relapse is the relapse of the disease after the symptoms are suppressed and before the 

recovery phase takes over. Whereas cancer recurrence is the recurrence of cancer after the 

recovery phase has taken over mostly.  The stage at which the treatment is given to the cancer 

patient and the success of such treatment is entirely unique to each patient. However, it can be 

said that the success of the treatment is dependent upon the original type of the tumour and the 

treatment used to treat it and the time since the end of the treatment.  

2.2 Introduction to Pyspark and its background  

PySpark is the collection of apache spark and python, which is an open-source distributed 

computing framework it is the set of libraries for the real-time, and data is processed on a large 

scale (Zecevic et al.2019). Where python is a general-purpose and high-level programming 

language. PySpark is a great language in which it performs the data analysis at scale by building 

the machine learning pipelines. According to Lokaadinugroho et al. (2021), It creates the ETLs 

(extract, transform, load). ETL is defined as a data integration process that combines data from 

multiple data sources into a single, consistent data that stores the data warehouse or other target 

system. Guo et al. (2018) suggest that PySpark provides scalable analyses and pipelines. There 

are different options provided in the PySpark. They are self-hosted, cloud providers, and 

vendor solutions. Packard et al. (2021) say that self-hosted is a cluster that uses bare metal 

machines or virtual machines. Cloud providers are the spark clusters and it is a third-party 

company that offers a cloud-based platform, infrastructure, application, or storage services. 

Vendor solutions is a software solution as well as vendor products which is able to operate and 

integrate with the software (Alsubaei et al.2019). The data frame used in the PySpark is the 

Spark data frame. It is the table distributed across the clusters which have the functionality of 

data frames like R and Pandas. 

Initially, Spark is started by Matei Zaharia at UC (University of California) Berkeley’s AMP 

Lab in 2009. Alamoudi et al. (2020) say that it is open-source and the BSD (Berkeley Source 

Distribution) license is given in 2010. In 2013 the project was donated to the Apache Software 

Foundation and it switched its license to Apache 2.0. in 2014 during February spark became 

the Top-level Apache project. Kapila et al. (2020) say that Apache Spark is the unified analytics 
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engine that is used for big data and machine learning. Ramsingh (2022) says that generally, 

PySpark is not a programming language but it is an API (Application programming interface) 

of python which is developed by Apache spark. Hou et al. (2018) Spark is used in the 

integration and works with RDD (Resilient Distributed Dataset) in the python programming 

language. Dai et al. (2019) suggest that this is generally used to perform the computations and 

tasks on the larger datasets and it is also used to analyze the data. Spark and RDDs (Resilient 

distributed datasets) were developed in 2012. In the distributed programs a particular linear 

dataflow structure is created in response to the limitations of the MapReduce cluster computing 

paradigm (Gong, 2021). MapReduce programs read input data from disk and map a function 

across the data which reduces the results of the map and stores the reduction. 

There are different features consisted in PySpark such as Spark SQL, data frame, streaming, 

MLlib (machine learning library), and Spark Core. According to Aziz et al. (2019), there are 

some other features in PySpark like in-memory computation, the distribution process using 

parallelize and many cluster managers are used in this PySpark. While using the data frames 

inbuild optimization is used. According to Khan et al. (2018), PySpark plays the main role used 

in the data science and machine learning community. It is used widely used data science 

libraries that are written in python including NumPy and TensorFlow. Sinthond and Carey, 

(2019) suggest that in terms of large datasets, pandas are slow to operate but the PySpark makes 

it faster as it has an inbuilt API (Application programming interface). PySpark is easier to 

implement than pandas and easier to use the application programming interface. For the 

computation process, PySpark uses the in-memory (RAM). 

PySpark data frames are the tables that consist of rows and columns of data. It is a two-

dimensional structure in which every column of values contains a particular variable (Petersohn 

et al.2020). And in every row consists of a set of values from each column. Luu (2018) suggests 

that there are different frameworks created in multiple ways. the data can be loaded in through 

CSV (comma-separated value), JSON (javascript object notation), XML (extensible markup 

language), or a parquet file. There is a module in the PySpark which is used to manage the 

structured data and it supports the Python programming language. According to Tang et al. 

(2020), the application programming interface is provided by the PySpark supports the 

heterogeneous data sources to read and process the data with the spark framework. It is suitable 

for the high-volume dataset and is highly scalable. 
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PySpark is also a data analytics tool that is created by the Apache spark community in order to 

use python along with the spark. According to Luu(2018), it is used to work with the data 

frames in python and work with the RDD (Resilient distributed dataset). A resilient distributed 

dataset is the primary user-facing application programming interface and it collects the 

immutable distributed elements of data (Agathangelos et al.2018). The data is partitioned 

across the nodes in the cluster. It can be operated in parallel and has a low-level application 

programming interface that offers both transformations and actions. However, the PySpark 

data frame is written in the form of a CSV file that is a comma-separated value (Gupta and 

Choudhary,2020). There is a function in PySpark called the PySpark Coalesce which works 

with the PySpark data frame. This function is used to decrease the number of partitions in a 

data frame. 

2.3 Traditional Methods of Detecting Spam Mails 

There are two types of emails that is ham or spam. Email spam is also known as junk emails 

or unwanted emails. Spam email is also known as unsolicited email messages. Email spam is 

also known as junk emails.  Mohammad (2020) says that it is referred to as unsolicited email 

messages. These emails are sent in bulk and a large list of recipients is added. In simple words, 

spam mail is the unwanted junk sent out. According to Ajah and Nweke (2019), It is considered 

for commercial purposes but some people consider it unethical and many businesses use it as 

spam. It is a malicious attempt to gain computer access. Orakzai (2022) says that these spam 

emails can be difficult to stop as it is sent from the botnets. Botnets are the network which is 

the previously infected computers. Williams et al. (2018) suggest that if the messages are 

received from the spam in the email application, not clicking the links and attached files is the 

safest thing. Spammers sometimes try to trigger the web pages and downloads to confirm the 

email address is legitimate. According to Khan et al. (2020), spam emails are dangerous to 

handle because it includes malicious links that can infect the computer with malware. There 

are different types of spam, they are commercial advertisements, antivirus warnings, email 

spoofing, sweepstakes winners, and money scams. 

Commercial advertisements are the part of email marketing tool used by marketers for direct 

advertising. Wongkitrungrueng et al. (2020) say that commercial advertisements are the first 

type of direct marketing that sells a product directly to the consumer. Bala and Verma (2018) 

say that compared to the marketing techniques email marketing is the cheapest way of sending 

messages to a million people. Antivirus warnings are a common spam tactic. These emails give 

warnings about the virus attacks and offer a solution to those attacks which is an antivirus scan 
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(Goel and Jain,2018). To avoid a virus attack on the computer not click the random email links. 

Email spoofing is an email scam and a spoofing attack. The scammer uses the brand logo and 

formatting of a company. Williams et al. (2018) suggests that clicking these links may be a risk 

so these are a sender’s email address which is legitimate and verifies the company to verify 

whether the email is real or not. Nolte et al. (2021) say that sweepstake winner are the process 

in which spammers often send emails claiming that won sweepstakes or a prize. Money scams 

are also a common type of spam there are some cases like asking for bank account details to 

pay off a small processing fee. However, this may result in fraudulent behavior. 

Spam emails are detected by different methods by developing the detecting and preventing 

spam. According to Ahmed et al. (2022), filtering email is one of the most essential and 

prominent approaches, there are some other machine learning and deep learning techniques 

that have been used to detect emails. Dutta and Bandyopadhyay (2020), some of them are Naïve 

Bayes, Decision trees, Neural networks, and Random Forest. Machine learning with the best 

methods facilitates the processing of a variety of data. It requires more time and gives more 

accurate results by training its data for a high level of performance. Dike et al. (2018) proposed 

that there are three types of machines learning they are supervised learning, unsupervised 

learning, and reinforcement learning. By using the random forest algorithms, it classifies the 

spam emails and active learning to refine the classification.  

The email messages are divided into two types and into two sections. Firstly, the find term 

frequency and the inverse document frequency are to be found. And to label, the data set of 

emails is selected and then the clustering process is applied (Ali et al.2019). The cluster 

prototype mails are selected for training and the supervised machine learning algorithms are 

selected. Hazim (2018) suggests that some of the machine learning algorithms are random 

forest, naïve Bayes, support vector machine, and KNN. The fuzzy decision tree and the Naïve 

Bayes algorithm use the baking voting algorithm in order to extract the patterns of spam 

behavior. Ahmed et al. (2022) say that using the decision tree, it measures the probabilities of 

events that could occur with the combination to classify the emails as junk mail or ham. 

Initially, it marks all the emails as spam or legitimate and measures the emails totally by 

subsequently classified email terms.  

The most popular method to detect email spam is IoT-based blockchain technology. This model 

is composed of two modules. Jamil et al. (2021) suggest that the first one is the blockchain-

based network which is used for the security of servicing devices and an intelligent contract-
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enabled relationship. Ahmed et al. (2022) say that these uncover hidden insights and usable 

information from the IoT and user device data.  This improved contract gives the user allows 

real-time monitoring, more control, and quick access to several devices distributed across the 

various domains. Makkar and Kumar (2020) say that some of the deep learning techniques are 

also used for web spam detection in an IoT environment. Their system provides the ability of 

search engines the detection of webcams. This model removes the spam pages with the help of 

the search engine. Asadi et al. (2020) suggest that this process uses the extensive features of 

deep learning. Swarm optimization and the neural networks are combined and used to select 

the features, support vector machine is also used for the classifying and separating spam. This 

method is compared with the self-organizing map and K-means (Kour and Arora,2019). There 

are also different clusters used to detect spam emails. They are hierarchical clustering and 

partitional clustering. According to Jeantet et al. (2020), This hierarchical clustering identifies 

the clusters with the hierarchy achieved either by the significant clusters or by splitting a more 

massive cluster into smaller clusters. While the partitional cluster divides the single set of 

different objects into the nonoverlapping subsets. 

2.4 Phishing attacks through spam mails 

Phishing attacks are the practice of sending fraudulent communications that comes from 

reputable source.  Salahdine and Kaabouch (2019) suggest their goal is to steal sensitive data 

like credit cards and login information. A phishing attack is a social engineering attack that has 

a great range of targets depending on the attacker. According to Shin et al. (2022) Phishing 

targets an attack on a specific individual.  There are different strategies for spam emails. They 

are spam, phishing, spear phishing, spoofing, and pharming (Vayansky and Kumar, 2018). 

Spear phishing is one of the fraudulent methods that occurs when the obtained information is 

about the person’s personal information from the websites or social networking sites, and 

customize into a phishing scheme. According to Otalbi and Alsuwat (2020), spoofing describes 

a criminal who gathers personal information from the organization or the business information. 

Pharming is a malicious website and resembles a legitimate website that is used to gather the 

usernames and the passwords. The author opines that these phishing strategies cause a huge 

loss to the people from the attackers. 

Phishing is a way that cybercriminals steal confidential information such as online banking 

logins, credit cards, business login credentials, or passwords by sending fraudulent messages 

(Deora and Chudasama,2021). Phishing is a fraudulent email or other communication which is 

designed to lure a victim. This message looks like it comes from a trusted sender. The person 
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gets fooled and sends the confidential information which results in a fraud attack. According 

to Basit et al. (2021), there are more dangers that happen by phishing attacks. Sometimes 

attackers attack credit card information or other personal data for the purpose of financial gain. 

Alkhalil et al. (2021) say that phishing’s main aim is to obtain the employee login information 

and the other details for the use of advanced attacks against a particular company. There are 

some attacks such as advanced persistent threats (APTs) and ransomware. However, the author 

opines that these attacks result in a huge loss for banking, credit cards, and business login 

credentials. 

There are different ways to protect the information of a particular organization from phishing 

user education. According to Torani et al. (2019) education is most important for all people, 

high-level executives are the target of phishing. People must have the awareness to recognize 

the phishing email and what to do when they receive one. Pulin (2018) suggests that security 

technology is the single cybersecurity technology that can prevent phishing attacks. The 

organizations must take the layered approach to reduce the number of attacks that lessen the 

impact when they occurred.  Suresh et al. (2022) suggests that some of the network security 

technologies should be implemented which include email and web security, malware 

protection, user behaviour monitoring, and access control. 

 There are different types of phishing attacks. They are deceptive phishing, spear phishing, 

whaling, smishing and vishing, and angler phishing. According to Kathrine et al. (2019), 

deceptive phishing is the most common type of phishing. Attackers attack personal information 

to obtain confidential information and by using this information they steal money or launch the 

other attacks.  Airehrour et al. (2018) suggest that a deceptive phishing example is a fake email 

from the bank to open the link and verify the account details. In this case, there is a chance of 

attack and the fraud occurs. According to Mondal et al. (2022), spear-phishing targets specific 

individuals instead of a group of people. This mainly occurs on social media and other sites. 

This is the way their communication appears more authentic. Spear phishing is mainly used to 

penetrate the company’s defense and carries the targeted attack.  

Whaling is one of the attacks in the emails, which occurs in a large loss. It targets mainly large 

organizations. Aishamrani et al. (2019) say that these attackers often spend considerable time 

for the target and find the opportunities which mean of steal the login credentials. It is the 

particular concern about the high-level executives which is the main cause for the access to a 

great deal of company information. According to Gajera et al. (2019) pharming is similar to 
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phishing which sends the user to a fraudulent website that appears to be legitimate. In this case, 

attackers can attack either by the user’s computer or by using servers. It redirects to the fake 

site even if the correct URL (uniform resource locator) is typed in (Thangavel et al.2021). 

Smishing is the attack in which the bad attackers try to steal the data or money. data is stolen 

through the text message that attempts a trick which is followed by a link that shouldn’t or does 

not reveal the personal details or the login information which is kept private. Singh and Imphal 

(2018) suggest that phishing, smishing, and vishing are all the methods that identify the fraud 

that differs from how the scammers contact the people. either by email, text, or by phone. In 

order to steal personal details or financial account information. 

Angler phishing is a new type of phishing attack, it targets mainly social media users. Rauf 

(2021) suggests that this attack is done by the attacker, who acts as a customer service agent 

on social media in order to reach the disgruntled customer. Rauf (2021) suggests that it obtains 

personal information or account credentials. This type of attack mainly focuses on financial 

institutions. However, the author opines that the different types of phishing attacks result in 

huge losses in the banking or financial institutions. To avoid these attacks people must aware 

of the emails which are spam or ham. 

2.5 Related Work 

Something which violates the privacy of the user through any means can be considered 

inappropriate and termed as spam. This spam in the context of text can be simplied as building 

up the users space with impermissible content (Cormack, 2008). These mails are sent through 

bulk buildings that means bombarding the space through similar content. These can be 

classified through some advertisement which can nothing to do with the users life, mails from 

unknown addresses, mails in bulk, tricking mails which are used to steal information and some 

other misleading mails. These mails are illegal and can be reported as well. But the most hardest 

part for the computers here is that they don’t understand the context of spam mail or mail or 

texts to classify them in the forst place. Hence, these mails are gathered along in a format (csv 

(comma separated value format)) and fed to models which can deal with these classification 

problems. These models are Machine learning models which the subset of famous Artifical 

intelligence (AI). There are several model proposed through which these texts can be 

processed. The term which helps to evalute the performance of these models is accuracy. There 

are methods are implemented such that they are employed with text to text understanding of 

the mails and acknowledge them. This can be termed as Feature engineering in the similar 

context. This happens to be the essential part of studies like the present one where there are 
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many features (corpus of texts). Feature engineering helps improvise the model implemented 

for classification. Especially, when dela with text corpus like for these model consists of many 

features and too much data which may affect the performance time and techniques like 

dimensionality reduction are to be employed (Subasi et al. 2018).  

A review carried out by Nayak et al. 2021, suggested that there are a range of machine learning 

techniques like Knearest neighbour and Naïve bayes, Support vector machine, Random forest  

and nural networks as well. The detection process includes the identification of spam contents 

in the text and pre-processing is required. The author also suggests that there are many data 

sources through which the training and testing data can be collected like Kaggle. Most of the 

classification is based on the Niave bayes algorithm. There are also other techniques which are 

to considered discussed by the author are word tokenization, stop-word removal, extracting 

keywords, data analytics and model evaluation through metrics. These techniques can be 

employed for the present study as well. 

Recently, an implementation of spam mail detection using machine learning by Ahmed et al. 

2022. The author here also suggest along with other machine learning techniques Niave bayes 

is employed here along with performance metrics. The challenges related to the spam filtering 

models are also discussed here. However, most of the readily available data consists of labels. 

According to Madhavan et al. 2022, machine learning algorithms employed to consider the 

classification through supervised learning. They are K- nearest, Niave bayes, Support vector 

machine and Rough set classifiers. Naïve bayes is one of the statistical model which is based 

on independence of the classes and probability distribution as well. Training speed of the model 

increases. From the table 1 (Madhavan et al. 2022), Naïve bayes shows highest accuracy score 

among the other classifiers. Another study carried out by Kontsewaya et al. 2021, also shows 

that the author implemented K-neighbours, Naïve bayes, Decesion tree, Support vector 

machine, Random Forest, Logistic Regression. The hyperparameter tuning was also considered 

after that the Naïve bayes was seen with better accuracy. Hence, the present study is 

considering Niave bayes to overcome the classification problem here. To make more efforts 

and considering the computation time and data handling Pyspark is also implemented. 

The authors (AYDOĞAN and Karci, 2018) have described that the technology is finding its 

place towards the internet and utilising different Infrastructures to deal with the huge amount 

of data and big data is used to store and process the data in an efficient and structured 

manner.  The study utilised the big data related to that of spam classification and utilised 
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Apache Spark to implement naive Bayes classifier. The study claims that by utilising the 

Apache Spark the naive Bayes classifier is implemented on the data relating to that of spam 

classification and the highest accuracy is obtained when compared to that of other packages 

used for the similar study like Pandas. However from the present study it can also be told that 

the combination of both  Python and Apache Spark had been implemented in the study such 

that utilise all the advantages and significance on the data collected from the UCI machine 

learning repository based on the spam classification and utilise the techniques that natural 

language processing to deal with text present in the data and bring out in efficient 

implementation of naive Bayes classifier on the data such that it reaches higher accuracy 

however the model is also enhanced by utilising the techniques like theory vectorisation and 

evaluations are made. However, from the study done by the (Spark, 2018) it can be found that 

both Apache Spark and Pyspark are the combinations of each other however Apache spark can 

utilise the powerful packages available in the price on which is an open-source library to 

provide high level data manipulation and handling with high-level programming as well to be 

constituted as Pyspark.  Hence, it can be said that Pyspark is a powerful programming language 

which is based on python (Spark, 2018). It finds its bases related to that of Apache Spark. 

Hence, this study emphasises on the implementation of Pyspark as a new technology towards 

dealing with the heavy texts related to that of spam and also providing solutions on how to 

classify the spam mails using naive Bayes classifier which is one of the traditional techniques 

used which will be enhanced by utilising the efficient use of TFID vectors and its implication. 

Reviews conducted by the authors Yu, (2018), show that there is a need to apply machine 

learning techniques to apply Spark implications on the massive text data.  However, the text 

data emphasised in the review paper was based on the Chinese language. Also states that naive 

Bayes classifier is one of the Classic techniques which are widely used in the text classification 

and especially in the spam filtering where it also has been provided with an accuracy more than 

90%. Hence, the naive Bayes classification model can alone not provide such type of accuracy 

but by incorporating techniques like Pyspark and TFID vectorizer techniques and other text 

processing related heavy-duty packages like natural language processing the accuracy values 

and reliability of the spam classification can be improved. Author Yu, (2018) has also used TFI 

the algorithm along with the word two vectorisation models incorporated with the Spark 

architecture such that it provides better classification techniques.  hence the conclusions made 

from the review paper done by the  author shows that most of the techniques to generate a text 

classification using heavy duty tax utilises a database  dedicated systems like Spark however 

in the present study Pyspark is utilised which is the combination of both Apache Spark and 
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Python language which will provide both of the advantages from the Apache Spark and Python 

such that the powerful techniques and packages from the Python can be implemented by better 

handling of the data and classifier such that it can be incorporated in the real-time environment 

(Spark, 2018). 

The authors (Nguyen and Meesad, 2021) has presented a similar work toward utilising the 

Pyspark on the data set which consists of a set of questions from Kaggle which is known as the 

Quora data set and applied ensemble techniques. However, from the study it can be concluded 

that by Spark implications are seen towards text classification and using Pyspark is utilised to 

analyse the text data for spam classification using naive Bayes classifier. The authors Varol 

and Abdulhadi, (2018), have provided a text classification approach towards email messages 

made by considering the machine learning techniques by utilising the different algorithms.  The 

study is reviewed on the basis of text classification which is similar to that of the present study 

and found that the author has made a emphasis on Naive Bayes classifier as to be utilised 

towards text classification which is why in the present study it is used. which is the traditional 

method is used for text classification. However, different pre-processing techniques and text 

classification techniques were developed by the author to facilitate string matching algorithms 

in the context of the study conducted by Varol and Abdulhadi, (2018), but in the present study 

the text classification pre-processing is utilised to the context of email spam detection. Finally, 

the conclusions were made by the author that if the similar work was implemented on the spark 

structure it will improve the efficiency of the models implemented hence considering these 

reviews from the author it can be said that implications of pyspark towards finding out the 

spam mail classification using Naive Bayes can be an efficient approach towards the research 

area. 

The reviews conducted by Thangaraj and Sivakami, (2018), towards text classification 

techniques show that machine learning has found its bases towards text classification with the 

help of pre-processing techniques provided by natural language processing algorithms and 

packages towards the field of healthcare, customer satisfaction as well as email spam 

classification. Thangaraj and Sivakami, (2018), has defined the various classification of 

proteins which can be formulated by using machine learning techniques can be categorised as 

supervised, unsupervised and semi supervised learning out of which Naive Bayes classifier is 

the part of a parametric classification and under supervised learning techniques. From the 

review conducted it was found that most of the text classification type of prediction tasks were 

conducted by machine learning and utilising some of the traditional classifiers like Logistic 
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regression, decision tree, k-means as well as naive Bayes classifier (Thangaraj and Sivakami, 

(2018); Varol and Abdulhadi, (2018)). The author also explains that Naive Bayes classifier is 

one of the traditional machine learning techniques which is based on the probabilistic properties 

of the data set and the multinomial based Naive Bayes model is efficient to aid utilising the 

large data sets as seen in the present study, which is the email spam data set. However, it is 

very important to know about the target variable when utilising a naive Bayes classifier and 

the attributes which are related to that of the target variable is also important as said by the 

(Thangaraj and Sivakami, (2018); Varol and Abdulhadi, (2018)).  

The attribute which are related to that of the target class over here is the text which is process 

to using NLP techniques like lemmatization, stemming and then TFID vectorization is applied 

such that detects are then mapped to find and relate to words the labels provided in the data set. 

Author also points out that by utilising the naive Bayes classifier as the complexity of the 

execution time of the text classification increases which in the present study is enhanced and 

improved by utilising the pyspark technique such that the efficiency of the classification model 

presented here is improved by providing an accuracy of 97%. Thangaraj and Sivakami, (2018), 

points some of the important reviews towards a naive Bayes classifier such that it applications 

is found to earth email classification as well as sentiment analysis because the  probabilistic 

understanding of the classifier helps to find the relation and make assumptions on the feature 

in the data set mathematically such that the algorithm becomes faster and however the 

efficiency and complexity of the model decreases which is enhanced by utilising the pyspark 

implications in the present study.  

The study conducted by (Bhavitha and Thangaraj, 2022) have used some mail classification 

and considered Logistic regression analysis and compared its performance with that of the 

naive Bayes classifier such that the algorithm has achieved in accuracy of 95% but however in 

the present study is naive Bayes classifier was used along with TF vectorisation which have 

achieved 97% of accuracy but also with a better and 0 false positive rates. The authors 

(Bhavitha and Thangaraj, 2022), have also made a comparison between the applications of 

spark and Hadoop and found that Hadoop have been used as an architecture in the similar 

studies for however in this study a new technique of utilising and combining the powers of 

Apache Spark and Python is implicated such that to improve the complexity and cost reduction 

rates of naive Bayes classifier is using the Pyspark implication. The authors have also 

considered the matrix like Precision and recall to improve and evaluate their model. 
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2.6 Summary 

Hence from the following review it was found that  

• Naive Bayes classifier is one of the prominent techniques used in the field of email 

spam filtering.   

• However, it was seen that most of the authors have utilised the spark as 

enhancements techniques to improve the complexity factor of Naive Bayes 

classifier is when large data sets a used. 

• However, in the present study Pyspark is implemented because it is the combination 

of both Apache Spark and files on which helps to utilise all the powerful tools which 

are present in Python on the Apache Spark Framework such that the text processing 

and machine learning implications become easy.  

• • Hence it was also found that the naive Bayes classifier was implemented using 

Pyspark with an accuracy of 98% however when the theory vectorisation technique 

was applied to the data set and when the naive Bayes classifier was implemented 

the accuracy recorded was 97%. But however, the false positive rate was decreased 

and the recall rates of identifying a spam classifier was also improved along with 

the precision values.
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3 Methodology  

3.1 Naïve Bayes Classifier 

Naive Bayes classifier is one of the traditional and simplest form of classifier in the machine 

learning. This classifier finds its base on the simple conditional probability concept and Bayes 

theorem (Berrar, 2018). The Bayes theorem is also based on conditional probability. According 

to the theorem it states that the occurrences of an event is based on the likelihood of another 

event. The formula below shows the exact mathematical representation of the Bayes theorem 

(1). Where A and B are two events. 

𝑃 (
𝐴

𝐵
) =

𝑃(
𝐵

𝐴
)∗𝑃(𝐴)

𝑃(𝐵)
      (3.1) 

Hence, the classifier is based on the above formula incorporated with the machine language. 

However, as the study is based on classification of text type. It was found that multinomial 

naïve bayes classifier can be better used in the context (Kaur et al. 2022). The other reason why 

it can be used is that, the output labels is discrete here and, in such cases, Multinomial Naïve 

bayes is better to use as seen in study by (Gladence et al. 2015). In the same context, the features 

are not integer but texts, which has to converted to integers as these classifiers requires it. 

Hence, Tfid is used to convert the texts in the data in to vectors which can be used effectively 

and fits well with the algorithm. 

From the set of supervised learning models naïve bayes is one of the effective methods for 

binary classification. Hence, in the data, binary classification is seen and required. Hence, it 

can be seen that most of the data and coding seems to be fit if Naïve Bayes is utilised here 

(Peng et al. 2004).  One of the best things about the classifier is its naïve assumptions on the 

probabilistic values collected. The independence factor can be easily seen when Naïve Bayes 

is used. This algorithm is a benchmark among the other binary classifiers for text classification 

(El Hindi et al. 2020). Another reason why it seems to be used of for the context as well as 

data. This naïve assumption cannot be always true as somehow not every label is dependent on 

the features. But it was seen that this classifier has shown better performance when used for 

complex data like this one in the study.  

The working of the Naïve bayes classifier can easily be explained through the Fig. 3.1. 
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Figure 3.1 Downloading the dataset from the Kaggle website 

From the Fig. 1, if the mixture of data is given it classifies them as seen. The assumed figure 

is made by author with a simple example. The inner working of the formula or bayes classier 

or Naïve bayes (Jackins et al. 2021) is quite simple if someone is familiar with solving 

probability questions. Here A and B in the context of study is represented as Spam and Ham. 

The likelihood of the labels is made with an assumption that they are dependent on each other 

this likelihood is then calculated for a bunch of sample and chances are made, that is probability 

of happenings are shown as an output.  

The Multinomial Naïve Bayes technique is one of the probabilistic learning process and is used 

in (NLP) (Abbas et al. 2019). It helps in predicting the tag of the text like any piece of email.  

For a provided particular sample, the probability of each of the tags is calculated, and later 

provides the tag containing the highest probability is the outcome. The advantages of the naive 

Bayes algorithm: (Romli et al, 2021)   It is really easy to understand and also to implement as 

one can calculate the probability on their own. Since it is a collection of different algorithms, 

all the algorithms part one shared opinion ie., each feature is not at all related to a different 

feature. The naïve Bayes algorithm can be utilized both on discrete as well as continuous data. 

It is simple and hence can be utilized for the prediction of all the real-time data. It is highly 

measurable and it can easily maintain large datasets. The disadvantages of using this algorithm: 

The accuracy of the prediction rate of this algorithm is considered much lower when compared 

with the other probabilistic algorithm (Berahmand et al. 2021).  The Naïve Bayes algorithm is 

not found to be suitable for regression; and is found only to be utilized for the classification of 

a textual dataset. It cannot be utilized for the prediction of numerous values. 
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3.2 TFID vectors and Advantages  

The Term Frequency-Inverse Document Frequency (TF-IDF) is one of the measures 

(statistical) that estimate how appropriate a word is there to a document among a group of 

documents. It is obtained by the multiplication of two metrics. Similar to how many times that 

certain word is occurring in a document and among all related documents the inverse document 

occurrence of the word. It is used in automated text analysis and is helpful for counting words 

in machine learning (ML) techniques for natural language processing (NLP). Basically, the TF-

IDF was proposed for searching the document and also for retrieval of information (Zaware et 

al. 2021). The working procedure is it works by proportionally increasing to count of times 

occurring in a document. If considered a document in which the word Bug occurs most of the 

time and if in some other document if the word bug does not occur many times, then it implies 

that it is related to the document. For a certain word in a document, it is possible to estimate 

TF-IDF. This is done by the multiplication of two different metrics. There are numerous ways 

to estimate this frequency (He, J.H et al. 2021). One among them is a raw count of instances 

that a word occurs in the document. The possible ways to adjust the frequency according to the 

length of the document, and also based on the most occurrence of a word in a document by raw 

frequency. Another one is the inverse document frequency of the word throughout set of the 

documents. Which implies how common or rare a word is present in the complete set of 

documents. Here the strategy is, a more common a word is it will be nearer to 0 (Riley et al. 

2021). It is estimated by considering the total number of documents and dividing it by number 

of documents that includes a word, and later its logarithm is calculated. Suppose for a given 

word if it is common and occurs in many of the documents then this number will approach 0 

or else 1.  

Therefore, multiplying these two numbers helps to get the score of TF-IDF of a word in 

document. If the score is high, there are more chances of the word occurring in any document. 

ML is the most common, natural language usually prone to face one key issue that is its 

technique generally works with the natural language, (Ali et al. 2021). text and numbers as 

well. Therefore, it is necessary to transform the text into numbers else it will be called as 

vectorization of text. The basic or the initial step in ML process for the purpose of data analysis 

as well as numerous vectorization algorithms will measurably affect the final outcomes so it is 

crucial to select the one that will provide the end results that the user is expecting for. Once 

this transformation of the words in numbers occurs, the score of TF-IDF is applied to 

techniques called as support vector machine and naïve Bayes algorithm (Firmansyah et al. 
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2021) which drastically improve the final outcome of the initial methods like counting of 

words. This vector (word) generally displays the document which involves a series of numbers 

that too for the one for every possible word (corpus). This vectorizing method of a document 

will accept the text and create one of the vectors. Also, the number for each word somehow 

reflects the content that the text contains. This TF-IDF allows to provide a direction that directly 

associates with each and every word in a series of document (Mee et al. 2021) with a particular 

number that exhibit how familiar every word is that respective document. Finally, each of the 

documents with relevant words will contain relevant vectors. This is what the ML algorithm 

generally looks for.  

The applications involve the determination of how similar a word is when compared to that of 

the document (Donthu el at. 2021). TF-IDF is helpful for the extraction of information. The 

main purpose of creation of TF-IDF is searching for a document which generally yields the 

result that generally the user is looking for. This method generally portrays the result based on 

the order of their significance (Yenung. K and Bygrave. L, 2021). This is most likely that each 

search engine the user had ever encountered utilizes the scores of TF-IDF to that of its 

technique. This measure also helps in extraction of keywords that are most useful for the 

purpose of extraction of keywords from that of the text. The word that has high scores in a 

word in a specific document are most likely relevant to that of a particular document (Ma.x et 

al. 2021). And hence this measure will majorly concern keywords for that specific document 

in a straightforward manner.  

3.3 NLP and advantages  

Natural Language Processing (NLP) involves both the studies that are related to computer 

science, data science as well as linguistics to know the language. It is very much helpful as it 

layers down the human language by making it much simpler (Pramod et al. 2021) for that of a 

machine to automatically analyse by itself. With the feature called as “no-code” NLP motivated 

platforms, the NLP tools can easily be accessed. This helps the business obtain automatically 

large quantities of data text, reduces the cost by streamlining the operations and this will 

automatically enhance customer satisfaction. The main advantages of NLP are: It helps in the 

estimation of large-scale analyses (Vakulenko et al. 2021) in such a way that the data is 

analysed appropriately. This text involves the data from the documents, social media, internal 

system, email, reviews (online), and much more. This analysis of a large number of data 

consumes time in seconds. If the same is done manually it takes weeks. Moreover, the tools 

help scale the data immediately (up or down) in order to meet the user’s needs. The 
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computational power is required as little as possible. This NLP tool helps create more 

objectives and helps achieve accurate analysis, especially while conducting repetitive tasks 

(Raharjana et al. 2021). Generally, the user is prone to commit mistakes or might have inherent 

biases which indirectly may alter the outcomes. These NLP power tools are specifically trained 

to the criteria and language of the one that is needed for the business that too in just a few steps. 

Once the entire data is collected and starts to run on the platform, yields much more accurate 

results that can ever be done manually. Also, the user can continue the training process for the 

model simultaneously as the business progresses (Zhang et al. 2021). The streamlining process 

is conducted and further reduction of costs takes place. The tool of NLP, SaaS helps minimize 

the staff required during computation otherwise manual analysis of data requires more 

employees for computation. Also, the user will be able to analyse the acknowledgment or the 

feedback of the customer on the go. In this manner, the user can understand the customer’s 

problems right away with that of the product or service. The tagging of tickets automates and 

the NLP tools route in order to streamline the process and free the agent from performing 

repetitive tasks. Also, it remains on the top of the trends that emerge just as they arose. The 

NLP tools help enhance customer satisfaction as they allow you to analyse and sort the 

customer ticket service automatically (on the basis of its urgency, sentiment, intent, topic, etc.) 

and directly route them to a specific employee or department. The major help of NLP is to 

automatically route, manage and also respond to the customer support tickets in order to 

perform NLP analysis based on customer satisfaction surveys will help discover the customer 

feedback at each and every stage. It is extremely essential to understand the market better. The 

processing of natural languages will impact majorly on marketing. This NLP when put on to 

work in order to understand the language of the customer, the user needs to thoroughly 

understand the market segmentation process, and also can directly be very well equipped to the 

target outcomes of the customer. For NLP tool utilization, it is also necessary to empower the 

employees by processing automatically and the usage of data analysis has to be done with its 

full potential. The employees can directly focus on what generally matters the most and their 

actual work. Moreover, when user extracts tedious as well as repetitive work, the employees 

will face less fatigue and boredom, and also it improves focus and performance. The NLP helps 

get actual (real) as well as actionable insights. The data that is unstructured based on the 

responses that are obtained from the open-ended survey, online comments, and reviews need 

an extra stage of analysis and that has to be breakdown into the texts and can be easily 

understood by the machines as well. All the above processes can be made easier with the help 

of NLP tools. Here the guesswork is not required. The natural language processing tools help 
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the user to really dig deep into the unstructured texts that are data-driven into the insights that 

require immediate actions. On noting the advantage of using the NLP tools in business helps 

save time and money and also automate the process by making it more real-time, the decisions 

are generally based on driven data. The NLP SaaS tool features are generally easy to use as 

well as and is most efficient(Pais et al. 2022) for implementation; there is no longer a need for 

a background in data science to help NLP put to work. These NLP tools also help ensure the 

text data is much more reliable and also efficient.  

3.4 Text pre-processing techniques using NLP 

The essential text for pre-processing using NLP involves intersection with artificial intelligence 

(AI) linguistics that easily helps the computers to better understand, manipulate and interpret 

human language. There are two main sections of NLP that include data pre-processing and the 

development of algorithms (Pota et al. 2021). The most crucial part of data pre-processing is 

text pre-processing. This text pre-processing involves data pre-processing for any ML model 

as the most essential step (Abdul-Rehman et al. 2021). Here the raw data needs to be get 

cleaned and also requires pre-processing. This plays a huge role in the model's performance. 

The text pre-processing is the first step toward processing the data which involves lower casing, 

lemmatization, tokenization, removal of punctuation marks, removal of stop words, and 

stemming. The text pre-processing utilizes the lower casing words that generally take actions 

to convert text data into lower case (Naseem et al. 2021). When there is text input available 

there is a need to find words both in the upper and lower case. Moreover, similar words needed 

to be written in various cases that can be considered as entirely different entities. In order to 

resolve any issue, at first, the data must be converted into the lower case as in this manner the 

uniformity of the text can be reached accurately. 

It is necessary first to understand the concept of tokenization. It is the method of breaking up 

particular paragraphs into much smaller units like words or sentences. Each and every unit is 

further considered as a separate token. The basic principle of this concept of tokenization is to 

help and try to understand the exact meaning of a particular text (Berdyugina.D and 

Cavallucci.D, 2022) In order to analyze the text into smaller tokens or units which contains a 

paragraph. For tokenizing a sentence the paragraph should be taken as an input and later 

tokenize it in the manner of constituting a sentence. The final outcome is a sequence of a list 

that is stored in the variables called “sentences”. This constitutes each and every sentence in a 

paragraph and the length of the list provides the overall number of sentences (Choi et al. 2021). 

The word tokenize is also used to tokenize the complete paragraph into a set of words. The 
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outcome is a list that is called words, which contains the word for each paragraph. This length 

provides us with the complete number of words that are present in the paragraph. The removal 

of punctuation marks is considered the very next step. There is a need to eradicate punctuation 

marks that are found in the list of words by excluding the alphanumeric content present in the 

original set of words. The removal of stopwords can be observed in such a way that a few 

words silently pop up much more frequently in almost any language (Zheng. Z and sieber. R, 

2022). These types of words that are observed frequently are called stopwords. These are 

basically a collection or a set of words that appear most frequently in almost all languages and 

never add any meaning to the sentence. These are generally the most frequently appearing 

words that are generally a part of the grammar (any language). It is to be known that each and 

every language comprises its own list of stopwords. Once the stopwords are listed the user can 

display the list of stopwords that might belong to any language just by simply utilizing the 

command and providing the name of the language as the parameters. One can generally obtain 

the stopwords of various languages just by easily manipulating the parameters. As it is known 

these stopwords do not add any specific meaning to the sentence (Sarica. S and Luo. J, 2021). 

It becomes much more simpler to eradicate any of these words from the given content (text). 

The removal of stopwords also helps in the process of dimensionality reduction by omitting 

unnecessary data. Stemming is the process that works basically on the reduction of words from 

their root as well as the stem. The affixes from the word are omitted by leaving behind only 

the words that are from roots. Lemmatization: As stemming does not always yield results in 

words that are generally part of the language vocabulary. The results most often lead toward 

the words that have no specific meaning.  

The raw data of the text usually contains the unimportant or unnecessary data of the text that 

contains the results which may not yield appropriate accuracy also makes it difficult to analyse 

and understand so that the data pre-processing usually done using the raw data. In python, 

NLTK is one of the open-source library that gives has got modules like classification, 

stemming, tokenization, tagging and so on. The Gensim is the open-source library is based on 

statistical semantics (Savytska et al. 2021). The statistical semantics provides an estimate for 

the words meanings that utilizes the statistical methods, just by seeing patterns of words in 

large texts collection. There is a module known as genism.parsing.preprocessing that consists 

of various methods for parsing and also pre-processing of strings. Some of the modules are 

present in pre-processing tools (text) is provided  by sci-kit learn. The CountVectorizer() 

consists of pre-processing of text, tokenizing and also the filteration of stopwords. And the 
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various attributes in  module CountVectorizer() are preprocessor, stop_words and tokenizer. It 

converts text documents to token counts matrix (Gupta et al. 2021). 

Each and every text data requires various pre-processing steps. The initial step during pre-

processing of data involves encoding in an appropriate format and then convert every upper 

case letters into a lower case. The computer processes both upper case and lower case as two 

different words. It is necessary to eliminate the punctuations and tags in the text data (Zelasko 

et al. 2021) as they do not contain any specific meaning. It is also necessary to eliminate all the 

numbers if present during preparation of data for basic sentiment analysis where generally the 

numbers are of no signifance. Also it is necessary to get rid of numerous whitespaces in 

between words during pre-processing (Naseem et al. 2021). It is essential to eradicate 

stopwords as stopwords generally are the most frequently used words. It can be used to enhance 

the performance a lot. The outcome strings could be utilized for future pre-processing in order 

to convert into numeric vectors utilizing the techniques of count vectorization. 
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4 Results and Discussions 

4.1 Overview 

For the purpose of the project, the data was obtained from the publicly available resource UCI 

Machine Learning repository. The data is downloaded using “!wget” from the resource, the 

Wget is a free command-line tool that lets the users to retrieve files from the internet sources, 

since the data is in a zipped format, therefore, the contents were  unzipped using the “!unzip” 

method and later stored on to the cloud. For the project, the PySpark was used, because of its 

ability to handle larger DataFrames. PySpark is an open source, distributed computing 

framework with different set of libraries for real-time, large-scale. The standard libraries for 

any data science project such as the Pandas, NumPy, matplotlib and seaborn were also 

imported. The advantage of using PySpark DataFrame over Pandas DataFrame among others 

are discussed in this chapter. 

For the NLP part of the project, the NLTK tool was imported and used, it is a known fact that 

NLTK is a standard python library that contains a wide variety of algorithms which can be used 

for the purpose of Natural Language Processing. It is essential for tasks such as classification, 

stemming, and tagging, semantic reasoning, parsing and tokenization.  

It is a fact that every Natural Language Processing, and the tasks involved such as tokenization, 

text cleaning and other steps are unique to the data. And therefore, it is essential to gather 

sufficient data using the standard statistical procedures such that the biases in the data does not 

translate into algorithmic biases. Therefore, it is essential to maintain the statistical standards 

and ensure that the data does not contain any biases in any form, such that the bias in the data 

will not translate into the algorithmic bias. For the NLP project, the author utilised the 

following freely available resources. 

• Python computer programming language, free to use Jupyter Notebook provided by 

Google Collaboratory. 

• Data from UCI Machine Learning Repository. 

• Standard libraries such as Pandas and Numpy were imported for data loading and 

processing. 

• Libraries matplotlib, seaborn were imported to create the possible visualisation of the 

data. 
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• Libraries such as nltk for the purpose of stemming and other language processing 

related tasks were imported. 

• Graphic Processing Unit (GPU) provided by Google Collaboratory for free and an 

account with Google accessing the Google Collaboratory environment and the GPU. 

4.2 IMPLEMENTATION STEPS IN PYTHON 

Initially, the NLTK library is imported into the coding environment using the command 

“import nltk”. From which stopwords and wordnet were downloaded. The NLTK stands for 

Natura Language Toolkit is a python library which is used for working with Natural Language 

Processing in Python. The NLTK provides the user with various text processing tools using 

which a wide variety of tasks such as tokenizing, text cleaning and parsing, stop words removal, 

stemming tools, classification, and parts of speech tagging, etc for the purpose of Natural 

Language Processing. From the NLTK corpus, stop words are imported using the command 

“from nltk.corpus import stopwords”. Similarly, for the purpose of stemming the author 

imported WordNetLemmatizer and PorterStemmer using the commands “from nltk.stem 

import WordNetLemmatizer” and “from nltk.stem.porter import PorterStemmer”. The 

methods adopted to download NLTK is shown in the Fig. 4.1 

 

Figure 4.1 Downloading Natural Language Toolkit into the Python environment 

In the next step, PySpark libraries are imported into the python environment. PySpark is 

nothing but an API made with intent to collaborate Apache Spark with Python. Essentially, 

PySpark is similar to Pandas, where Pandas run operations on a single machine, PySpark run 

on multiple machines which makes PySpark to operate much faster than Pandas when it comes 

handling larger datasets. After importing PySpark , the author imported SparkSession using the 

command “from pyspark.sql import SparkSession”. The SparkSession is the entry point to the 

SparkSQL and can be used to program with dataset, using which dataframe can created. In the 

next step, the author imported SparkConf using the command “from pyspark.conf import 

SparkConf”, the SparkConf is used to set configurations and parameters in order to run a Spark 
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application. The author also imported the SparkContext from the PySpark using the command 

“from pyspark.conf import SparkContext”. This is useful to represent the Spark cluster and 

create accumulators and broadcast variables in the Spark cluster.  

The Spark session is configured using the SparkSession builder. This sets the Spark master 

URL to connect to, and appName sets the name for the application, and the “getorcreate” is 

useful when applications may wish to share the SparkContext object. And finally, it is stored 

in “sc” as shown in the Fig. 4.2. 

 

Figure 4.2 Importing PySpark libraries and initiating the SparkSession 

The author chose to implement Spark dataframe over the Pandas dataframe, because of the 

advantage of Spark over Pandas. The PySpark is a system for cluster computing, and it supports 

parallelization, whereas the Pandas DataFrame does not. Since the Spark DataFrame is 

distributed the Spark DataFrame is faster for a large datasets when compared with the Pandas 

DataFrame.  The dataset is loading using spark.read.csv( ) and loaded into the Spark dataframe 

“df_spark”. The Spark SQL has the function spar.read.csv ( ) for reading a CSV file into Spark 

DataFrame. While loading the dataset “SMSSpamCollection” data into the dataframe, “sep” is 

set to “\t”, inferSchema is set to “True”. After loading the spark dataframe, the description of 

the dataframe is obtained by using the command “df_spark.describe().show()”. From the Fig 

4.3 it can be observed that the count is 5574.  
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Figure 4.3 Checking the Spark data frame 

The first few rows of the spark dataframe is viewed using the command “df_spark.show( )”, 

and the first initial rows of the data obtained as a result is shown in the Fig. 4.4. The 

“printSchema( )” method is used to obtain the schema of the spark dataframe, which will return 

the tree-like structure where the column name along with their individual datatype will 

displayed. It is obtained using the command “df-spark.printSchema( )”. The results obtained is 

shown in the Fig. 4.4 contain the words “nullable” in the printSchema( ) results, which indicate 

whether the column can be null or not. And it has been observed that both the columns “label” 

and “messages” are in the string datatype and nullable is true which means that the field cannot 

be null. And the number of observations of the spark dataframe is obtained by using the 

command “df_spark.count()”, and it has been observed that there are 5574 observations in the 

dataframe. The Python code implemented on the Spark dataframe to extract the information 

about the dataset and the results thus obtained is shown in the Fig. 4.4. 
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Figure 4.4 Checking the total number of observations and obtaining other information 

about the Spark dataset 

After obtaining the information such as the datatypes and the number of observations about the 

spark dataframe, the number of spam or ham SMS need to be extracted to get a feel of the data. 

The bar chart is obtained using the seaborn library, the seaborn library consists of a wide variety 

of tools to prepare different charts, of which, for the purpose of extracting the count of the 

labels in the target column, the “.countplot( )” method is implemented. Since the dataframe is 

a spark dataframe the value of x-axis is given by converting the target column which is a spark 

dataframe to a Pandas dataframe by using “.toPandas( )” and the title of the plot is set by using 

plt.title( ). It has been observed that the number of “ham” indicating SMS that are considered 

as normal SMS is quite greater than the total number of “spam” which is considered as the 

malicious SMS in the dataset, the resultant count plot and the Python code to obtain the plot is 

shown in the Fig. 4.5. 
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Figure 4.5 Checking the total number Spam and Ham SMS in the dataset 

After checking the dataset, the lemmatization of the data is begun. The lemmatization in the 

Natural Language Processing is nothing but making a morphological analysis of words, and 

remove inflectional endings of the words only to return the dictionary form of the words. This 

dictionary form of word is called the lemma. Then the inflected forms of words which are thus 

obtained are grouped together such that they can be analysed as a single item. From the purpose 

of lemmatization, “WordNetLemmatizer( )” is used by the author in this project. The Wordnet 

is a publicly available database for the English language aiming to establish semantic 

relationships between the words. To utilize the WordNetLemmatizer, it needs to be 

downloaded first from the NLTK, after downloading, an instance for lemmatizer is created to 

call the lemmatize function using the “.lemmatize( )” function. The lemmatization process is 

done on the data using a for-loop. The lemma is then stored in the instance review which is 

then appended to the list “corpus” which is created initially before beginning the lemmatization 

process.  
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After appending the results of the lemmatizer into the list “corpus”, the “CountVectorizer” 

applied to the corpus. The Count Vectorizer of scikit-learn is used to convert the collection of 

text to a token count vector. This is step is called the tokenization of the text to build a 

vocabulary of known words and encode new documents using the vocabulary. Tokenization is 

nothing but the breaking down of the sentence or paragraph into words which also performs 

the pre-processing steps like removing the punctuation marks etc. The need for doing these 

steps is that the text cannot be passed directly into the models for training, therefore, the text 

needs to be converted into numbers. However, the Count Vectorizer creates a matrix with the 

documents and their bag of terms such that it is used for purpose of encoding the unseen text 

in the future. The Count Vectorizer outputs an encoded vector with the length of the vocabulary 

and the integer count of the number of times each word appeared in the document. The 

CountVectorizer is imported from the sklearn using the command “from 

sklearn.feature_extraction.text import CountVectorizer” , and the CountVectorizer is stored in 

the instance “cv”, which is then applied to the list “corpus” and converted to an array. This 

process is performed by using the command “X= cv.fit_transform(corpus).toarray()”.  

In the next step, the train test split of the data is performed on the data, by importing 

train_test_split from the sklearn model selection library. During the train test split of the data, 

the test size is kept at 20%, which translates into the train size being 80%.  

NAÏVE BAYES CLASSIFIER 

 The Naïve Bayes classifiers are the set of classifiers that work on Bayes theorem and 

all the classifiers work on the principle of Bayes theorem that every pair of features being 

classified is independent of each other. According to Kelly and Johnson (2021), the Naïve 

Bayes assume that each feature contributes equally and independently to the outcome. And it 

is essential to define the Bayes theorem in order to understand the workings of the Bayes 

classifier. The Bayes theorem states that the probability of an event occurring given that another 

event that has already occurred can be estimated given that the evidence is not zero. The Naïve 

assumption is that the features are independent, so the evidence is split into the independent 

parts.  

MULTINOMIAL NAÏVE BAYES CLASSIFIER 

 The Multinomial Naïve Bayes classifier is essentially a classification algorithm that is 

suitable for classification with discrete features. This Bayesian learning approach is extremely 

popular in Natural Language Processing tasks. The algorithm uses Bayes theorem to guess the 
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tag of the text and calculates the tag’s likelihood for the given document and outputs the tag 

with the highest chance.  The Naïve Bayes classifier generally refers to conditional impendence 

of each of the features, whereas the multinomial Naïve Bayes classifier is a specific instance 

of the classifier that uses a multinomial distribution for each features. The primary advantage 

of Naive Bayes algorithm is that it is useful to calculate the probability, and the calculation of 

probability of the text is essential in the Natural Language Processing. Another advantage of 

Naïve Bayes classifier is that the presence of a feature or the absence of a feature does not 

affect the absence or presence of other features. Also, the algorithm is capable of handling large 

datasets and is highly scalable.  

For training the model, the author implemented the Naïve bayes classifier. The 

“MultinomialNB” is imported from the sklearn library using the command “from 

sklearn.naive_bayes import MultinomialNB”, after which the classifier is stored in the instance 

“naïve_bayes”. For model training, the .fit ( ) method is used, the fit method takes the training 

data as the inputs, and it is to be noted that the fit method takes one array for unsupervised and 

two arrays for supervised learning. Since the project is supervised learning, the author chose 

the Multinomial Naïve Bayes classifier.  

 

the data X_train_cv aand y_train_cv which is obtained after train test split is given as the 

arguments for the naive bayes model. Upon training, the model is tested on the testing data 

using the “ .predict ( )” method and results of which are stored in the “y_pred_cv”. 

Finally, to check the performance of the model, the classification report is generated as shown 

in the Fig. 4.6. It has been observed the model is able to attain an accuracy of 98% on the 

testing data, other scores such as the precision, recall, and f1-score are also above 90% for both 

the labels “0” and “1” indicating “ham” and “spam” respectively. 
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Figure 4.6 Accuracy of the model on testing data (CountVectorizer).  

The results shown in the Fig. 4.6 are the results obtained when the CountVectorizer was used. 

However, it is also necessary to convert the data to numerical format using the TF-IDF 

Vectorizer. According to Raza et al. (2021), the TF-IDF vectorizer is comparatively a better 

performer than the Count Vectorizer. Therefore, the author decided to vectorize the text data 

using the TF-IDF vectorizer. The Term frequency-inverse document frequency is nothing but 

a combination of “term frequency” which indicates the number of occurrences of a specific 

term in the document and the Document frequency. During the implementation, the 

TfidfVectorizer is imported using the command “from sklearn.feature_extraction.text import 

Tfidfvectorizer”, after the vectorizer is stored in the instance “tfidf”. The data is then 

transfomed into vectors using the command “X = tfidf.fit_transform(corpus).toarray( )”.  

The data is again split using the train test split method. And the naive bayes classifier is fitted 

on to the training data “X_train_tfidf” and “y_train_tfidf”. The results obtained by the model 

on the testing data after performing “TF-IDF” vectorization is shown in the Fig. 4.7. From the 

results it has been observed that Naïve Bayes classifier model is able to attain an accuracy of 

97%, with recall score of label “1” being 1.00 which indicates that the model is performing 

well when the data is vectorized using the TF-IDF vectorizer.  



 

38 

 

Figure 4.7 Accuracy of the model on testing data (TF-IDFVectorizer). 
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5 Conclusions  

5.1 Conclusions 

 

PySpark is one of the best methods to handle large amounts of data since the Spark DataFrame 

is faster for a large amount of data, and also because of the ability of the PySpark to support 

parallelization. The author for the purpose of the project installed PySpark, and NLTK (Natural 

Language Toolkit). The NLTK is a Python package that can be used to analyze the unstructured 

yet human readable text data. The author for the purpose of the project, followed the standard 

procedure of a Natural language processing algorithm. The author initially downloaded the 

data from a publicly available resource and performed the tokenization and text cleaning such 

as stopwords, and punctuations removal, and text vectorization and finally implemented the 

machine learning algorithm (Naïve Bayes classifier, in this project) to identify whether the 

SMS is spam or ham. The author, as shown initially created the Spark dataframe and observed 

the of data (shown in Fig. 4.3). During the exploration of the dataframe, the author also 

observed that the number of observations for the “Spam” label are lower than the “Ham” label. 

During the project, the author performed the following steps and arrived at the conclusion as 

follows. 

• The author, in the project, chose to perform lemmatization of the text data over 

stemming because of the flexibility that lemmatization offers. The author opines that 

lemmatization is comparatively slower than the stemming, yet lemmatization is capable 

of providing better results since it works on the part-of-speech to output the dictionary 

form of the word which is more helpful to understand the context of the text data.  

• The author for the vectorization step initially used the “CountVectorizer” of the sklearn 

library. The CountVectorizer transforms the given text data into vectors based on count 

of each word that occurs in the document. The author also performed the TF-IDF 

vectorization of the data, the TF-IDF vectorizer on the other hand focuses not only on 

the frequency of the words but also finds the importance of the words in the corpus. 
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• The author Naïve Bayes classifier on the data and found that the model accuracy was 

98% when the text data was vectorized using the CountVectorizer. And the precision 

score of label “1” was 90% which has to be even more. However, when the author 

applied the TF-IDF vectorizer on the text data, the author was able to attain and 

accuracy of 97%, and the precision score of 100% for the label “1”. Which indicates 

that the model is able attain higher precision score when the data is vectorized using 

the TF-IDF vectorizer, as shown in the Fig 4.6 and 4.7 respectively. 

• The author opines that the reasons for the model not performing well the 

CountVectorizer is that the CountVectorizer takes into account the count of the number 

of times the word appears in the corpus and tend ignore or given less importance to less 

frequently occurring words, and ultimately, resulting in algorithmic bias. 

• The TF-IDF Vectorizer on the other hand, considered the overall weightage of the 

words by penalizing the most common words in the corpus and considering the 

importance of the words, which in turn is helpful in removing the less important words 

and make an efficient model which requires less computational time. 

• Thus, the author would like to conclude that the Naïve Bayes classifier model is 

performing well with accuracy of 97% and the precision score of 100% for the 

identification of the intended target label “1”, when the text data is vectorized using the 

“Term Frequency-Inverse Document Frequency” (TF-IDF).   

5.2 Recommendations 

However, the author would also like to add that the test size is set at 0.2, which represents 20% 

of the total data. It has been observed by the author that if the number of samples in the data 

set has information that is related to “Spam” label “1” and not “Ham” label “0”, then there as 

chances that the imbalance will affect how this algorithm classifies the data. And the splitting 

of the data into the ratio of 80:20 for training and testing respectively, will cause the model to 

have lesser number of instances to learn about the minority class. In other words, when there 

is less data that indicate “Spam” within the data, there are greater chances for the models to 

predict wrongly and misclassify the data as “Ham” in cases where the actual label is “Spam”. 

Therefore, the author opines that implementing methods such as allowing users to tag whether 

the SMS is Spam or Ham will enable to generate better data which could to further insights 

about the factors that cause a SMS to be labelled as Spam and not as Ham. 
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