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ABSTRACT  

Text mining is a process to extract interesting and significant patterns to explore knowledge from 

textual data sources. Approximately, 90% of world’s data is held in unstructured format. In the 21st 

century, unstructured data is growing exponentially. Computational text analysis has become an exciting 

research field with many applications in communication research. It can be a difficult method to apply, 

because it requires knowledge of various techniques, and the software required to perform most of these 

techniques is not readily available in common statistical software packages. This report takes a quick 

look at how to organize and analyze huge volume of unstructured text data using R programing 

language. The Coronavirus Corpus data set was used for the evaluation. Different features obtained from 

the data management part of tokenization, removal of punctuations, stemming and construction of the 

document-term matrix (DTM) were further used for the analysis. Visualization, finding associations, 

networks and groups among the extracted features are included in the analysis. Overall, this paper 

provides a practical demonstration of text mining using a real data set.  
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1.  INTRODUCTION 

 

In the 21st Century, the size of unstructured text data is increasing at exponential rates day 

by day. Almost all type of institutions, organizations, and business industries are storing their 
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data electronically. A huge amount of text is flowing over the internet in the form of digital 

libraries, repositories, and other textual information such as blogs, social media network and e-

mails [1-3]. It is challenging task to determine appropriate patterns and trends to extract 

valuable knowledge from this large volume of data [4-5]. Traditional data mining tools are 

incapable to handle textual data since it requires time and effort to extract information [5]. 

Keywords from unstructured text can be powerful predictors in data mining [6]. When 

text mining is used to extract these key terms, the substantial gains in model performance can 

be easily observed. Unstructured text is often more descriptive than the results from a one-size-

fits-all questionnaire. Text mining is the practical application of many techniques of analytical 

processing in text analytics (Figure 1). 

 

Figure 1. Venn diagram of text mining showing its interactions with other relevant fields. 

 

 

It is a process to extract interesting and significant patterns to explore knowledge from 

textual data sources. Text mining is a multi-disciplinary field based on information retrieval, 

data mining, machine learning, statistics, and computational linguistics [4]. Figure 1 shows the 

Venn diagram of text mining and its interaction with other fields. Several text mining 

https://www.sciencedirect.com/topics/mathematics/data-mining
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techniques like summarization, classification, clustering etc., can be applied to extract 

knowledge.  

Generic process of text mining performs the following steps (Figure 2) 

i) Collecting unstructured data from different sources available in different file formats 

such as plain text, web pages, pdf files etc. 

ii) Pre-processing and cleansing operations are performed to detect and remove 

anomalies. Cleansing processes make sure to capture the real essence of text available 

and is performed to remove stop words stemming (process of identifying the root of 

certain word) and indexing the data [7-9]. 

iii) Extract the documents and document Index. 

iv) Create the corpus and transformation of the unstructured text data. 

v) Extract the feature from the unstructured text. 

vi) Create Document Term Matrix (DTM). 

vii) Reduce dimensioning. 

viii) Standard data mining (Regression, Classification or Clustering etc.) 

 

 

 

Figure 2. Text mining process 

 

 

The main goal of this paper is to provide an overview of text mining task, used for 

unstructured text data, which in turns shows how to preprocess, organize and perform statistical 

analysis in the context of massive amount of textual data. 
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2.  TEXT MINING METHODOLOGIES 

2. 1. Some Existing Methods  

Traditionally, there are so many techniques developed to solve the problem of text mining 

that is nothing but the relevant information retrieval according to user’s requirement. According 

to the information retrieval, basically there are four methods [10-11]. 

i) Term based method (TBM) 

ii) Phrase based method (PBM)  

iii) Concept based method (CBM) 

iv) Pattern taxonomy method (PTM) 

 

2. 1. 1. Term based method (TBM) 

Term in document is word having semantic meaning. In TBM, document is analyzed 

based on term and has advantages of efficient computational performance as well as mature 

theories for term weighting. These techniques are emerged over the last couple of decades from 

the information retrieval and machine learning communities. TBMs suffer from the problems 

of polysemy and synonymy [12].  

Polysemy means a word has multiple meanings and synonymy is multiple words having 

the same meaning. The semantic meaning of many discovered terms is uncertain for answering 

what users want. Information retrieval provided many term-based methods to solve this 

challenge [10]. 

 

2. 1. 2. Phrase based method (PBM) 

Phrase carries more semantics like information and is less ambiguous. The document is 

analyzed on phrase basis in the PBM, as phrases are less ambiguous and more discriminative 

than individual terms [13]. 

The likely reasons for the daunting performance include:  

i) Phrases have inferior statistical properties to terms, 

ii) They have low frequency of occurrence, and  

iii) Large numbers of redundant and noisy phrases are present among them. 

 

2. 1. 3. Concept based method (CBM) 

This method evaluates the terms based on sentence and document level. Text Mining 

methods are mainly based on overall analysis of term. The overall analysis of the term 

frequency acquires the significance of the word without document. In this method, two terms 

can have same frequency in same document. But, here the significance is that one term gives 

more accurately than the significance given by the other term [14]. The terms that acquire the 

semantics of the text must be given more significance. So, a new concept-based text mining is 

introduced in this method. This model includes:  

i) Analyzation of the semantic structure of sentences. 

ii) Construction of a conceptual ontological graph to define the semantic structures. 
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2. 1. 4. Pattern taxonomy method (PTM) 

In PTM, documents are analyzed on pattern basis. Patterns can be structured into 

taxonomy by using is-a relation. Pattern mining has been extensively studied in data mining 

communities for many years. Patterns can be discovered by data mining techniques like 

association rule mining, frequent item set mining, sequential pattern mining and closed pattern 

mining. Use of discovered knowledge (patterns) in the field of text mining is difficult and 

ineffective, because some useful long patterns with high specificity lack in support (the low-

frequency problem). Not all frequent short patterns are useful, hence known as 

misinterpretations of patterns, and it leads to the ineffective performance [10]. 

In research work, an effective pattern discovery technique has been proposed to overcome 

the low-frequency and misinterpretation problems for text mining [15-16]. The pattern-based 

technique uses two processes pattern deploying and pattern evolving [14]. This technique 

refines the discovered patterns in text documents. The experimental results show that pattern-

based model performs better than not only other pure data mining-based methods and the 

concept-based model, but also term-based models. 

 

2. 2. Existing Computer-Based Technologies  

Natural language processing (NLP) provides the technologies to teach computers how to 

analyze, understand and generate text. The role of these technologies like information retrieval, 

information extraction, categorization, clustering summarization, and information visualization 

are discussed below.  

 

2. 2. 1. Information retrieval 

The most well-known information retrieval systems are Google search engines, which 

recognize those documents on the World Wide Web that are associated to a set of given words. 

It is measured as an extension to document retrieval, where the documents that are returned are 

processed to extract the useful information crucial for the user. Thus, document retrieval is 

followed by a text summarization stage that focuses on the query posed by the user, or an 

information extraction stage. Information retrieval in the broader sense that deals with the whole 

range of information processing, from information retrieval to knowledge retrieval. It is a 

relatively old research area, where first attempts for automatic indexing were made in 1975. It 

gained increased attention with the growing of the World Wide Web, and the need for classy 

search engines [17]. 

 

2. 2. 2. Information extraction 

This information extraction method identifies key words and relationships within the text 

(Figure 3). It does this by looking for predefined sequences in the text, a process called pattern 

matching. The software infers the relationships between all the identified places, people, and 

time to give the user with meaningful information. This technology is very useful when dealing 

with large volumes of text. Traditional data mining assumes that the information being “mined” 

is already in the form of a relational database. Unfortunately, for many applications, electronic 

information is only available in the form of free natural language documents rather than 

structured databases [18]. 
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Figure 3. Information Extraction 

 

 

2. 2. 3. Categorization 

This is a supervised technique in which text is assigned topics based on content. NLP is 

therefore a method of collecting, processing, evaluating text data. Co-referencing is commonly 

used to extract synonyms and acronyms from the text. Today, NLP is used in customized market 

distribution, filtering of spam and categorization of web pages for many other purposes [19]. 

 

2. 2. 4. Clustering 

Clustering can be considered the most important unsupervised learning problem that deals 

with finding a structure in a collection of unlabeled data [2] [20]. It provides the process of 

organizing objects into groups whose members are similar in some way. 

 

2. 2. 5. Information visualization 

In text mining, visualization methods can improve and simplify the discovery of relevant 

information. To represent individual documents or groups of documents, text flags are used to 

show document category using density color. Visual text mining puts large textual sources in a 

visual hierarchy. The user can interact with the document by zooming and scaling. Information 

visualization is applicable to identify terrorist networks or to find information about crimes. 

Figure 4 shows steps involved in such visualization process [21]. 
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Figure 4. Visualization of information 

 

 

The goal of this visualization divided into three steps: 

i) Data preparation step includes deciding and obtaining original data of visualization 

and form original data space.  

ii) The process of analyzing and extracting visualization data needed from original data 

and to form visualization data space is known as data analysis and extraction. 

iii) Visualization mapping step employ certain mapping algorithm to map visualization 

data space to visualization target. 

 

2. 2. 6. Summarization 

 

 
 

Figure 5. Summarization 
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This process has main goal of precise text from large number of text documents (Figure 

5). Automatic data summarization is the process of reducing a text document with a computer 

program in order to create a summary that retains the most important points of the original 

document. It is a part of machine learning and data mining [22]. 

 

 

3.  MANAGEMENT OF A REAL DATA SET 

 

Preparing texts for analysis requires making choices that can affect the accuracy, validity, 

and findings of a text analysis study if the preprocessing or management has not been handled 

efficiently [23-25].  

The most common preprocessing techniques used in text mining are String operations, 

tokenization, remove punctuations, normalization, removing stop-words, document term matrix 

(DTM), stemming and lemmatization etc. 

 

3. 1. Real Data Set 

The data management techniques of text mining were applied to the Coronavirus Corpus 

data set (https://www.corpusdata.org/corpora.asp). This data is designed to be the definitive 

record of the social, cultural, and economic impact of the coronavirus (COVID-19) in 2020 and 

beyond.  

The corpus (which was first released in May 2020) is currently about 1,431 million words 

in size, and it continues to grow by 3-4 million words each day. This practical demonstration 

uses a subset of 10 million words due to the limitations of logistic supports (large scale server 

facilities). All the computations were carried out in R programming language (version 4.0.2). 

 

3. 2. String Operations 

One of the core requirements of a framework for computational text analysis is the ability 

to manipulate digital texts. Digital text is represented as a sequence of characters, called a string. 

In R programming language, strings are represented as objects called “character” types, which 

are vectors of strings.  

The group of string operations refers to the low-level operations for working with textual 

data. The most common string operations are joining, splitting, and extracting parts of strings 

(collectively referred to as parsing), and the use of regular expressions to find or replace patterns 

[9]. 

Although R has numerous built-in functions for working with character objects, but the 

“stringi” package is more useful. Most importantly, because “stringi” uses the International 

Components for Unicode (ICU) library for proper Unicode support, such as implementing 

Unicode character categories (such as punctuation or spacing) and Unicode-defined rules for 

case conversion that work correctly in all languages. An alternative is the “stringr” package, 

which uses “stringi” as a backend, but has a simpler syntax that many end users will find 

sufficient for their needs. 

 

3. 3. Tokenization 

Tokenization is the process of splitting a text into tokens. This is crucial for computational 

text analysis, because full texts are too specific to perform any meaningful computations with. 

https://www.english-corpora.org/corona/
https://www.corpusdata.org/corpora.asp
https://www.english-corpora.org/corona/help/texts.asp
https://www.english-corpora.org/corona/help/texts.asp
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Most often tokens are words, because these are the most common semantically 

meaningful components of texts. For many languages, splitting texts by words can mostly be 

done with low-level string processing due to clear indicators of word boundaries, such as white 

spaces, dots and commas.  

A good tokenizer, however, must also be able to handle certain exceptions, such as the 

period in the title “Dr.”, which can be confused for a sentence boundary. Furthermore, 

tokenization is more difficult for languages, where words are not clearly separated by white 

spaces, such as Chinese and Japanese. To deal with these cases, some tokenizers include 

dictionaries of patterns for splitting texts.  

In R, the “stringi” package is often used for sentence and word disambiguation, for which 

it leverages dictionaries from the ICU library. There is also a dedicated package for text 

tokenization, called “tokenizers”. Here, the given document is considered as a string and 

identifies single word in document [25]. The given document string is divided into one unit or 

token.  

For example, the tokenization of the Coronavirus Corpus data is presented in the 

following R output (OUTPUT 1). 

 

OUTPUT 1 

 
 

 

3. 4. Remove punctuations 

One of the other text processing techniques is removing punctuations. There are total 32 

main punctuations that need to be taken care of. Directly use of the string module with a regular 

expression is another option to replace any punctuation in text with an empty string. 32 

punctuations which string module provide us is listed below. 

 

'!"#$%&'()*+,-./:;<=>?@[\]^_`{|}~' 

 

A sub-method that takes 3 main parameters was used here in this research. The first is a 

pattern to search, the second is by which to be replaced with, and the third is string or text which 

have to be changed.  

So, all the punctuation have passed for our data set and finds if anyone present then 

replaces with an empty string. The OUTPUT 2 presents an example of punctuations removal 

for our coronavirus data. 
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OUTPUT 2 

 
 

 

3. 5. Normalization: lowercasing and stemming 

The process of normalization broadly refers to the transformation of words into a more 

uniform form. This can be important if for a certain analysis a computer has to recognize when 

two words have (roughly) the same meaning, even if they are written slightly differently. 

Another advantage is that it reduces the size of the vocabulary (the full range of features used 

in the analysis). If this transformation is not performed, then a computer will not recognize that 

two words are identical if one of them was capitalized because it occurred at the start of a 

sentence.  

Another argument for normalization is that a base word might have different 

morphological variations, such as the suffixes from conjugating a verb, or making a noun plural. 

For purposes of analysis, one might wish to consider these variations as equivalent, because of 

their close semantic relation, or because reducing the feature space is generally desirable when 

multiple features are in fact closely related.  

A technique for achieving this is stemming, which is essentially a rule-based algorithm 

that converts inflected forms of words into their base forms (stems). A more advanced technique 

is lemmatization, which uses a dictionary to replace words with their morphological root form. 

However, lemmatization in R requires external software modules, and for weakly 

inflected languages such as modern English, stemming is often sufficient. In R, the 

“SnowballC” package is used in many text analysis packages (such as “quanteda” and “tm”) to 

implement stemming, and currently supports 15 different languages. Lowercasing and 

stemming of character, tokens, or feature vectors can be performed in “quanteda” with the 

*_tolower and *_wordstem functions.  

For example, char_tolower to convert character objects to lower case, or 

tokens_wordstem to stem tokens. 

 

OUTPUT 3 

 
 

 

In OUTPUT 3, the difference between ‘Coronavirus’ and ‘coronavirus’ is eliminated 

due to lowercasing. The effect of this operation is observed in the frequency counting presented 

in OUTPUT 4, where these two words are treated as the same. The words “example” and 

“techniques” are reduced to ‘exampl’ and ‘techniqu’, such that any distinction between singular 

and plural forms is removed. 

 



World Scientific News 174 (2022) 68-84 

 

 

-78- 

3. 6. Removing stopwords 

Common words such as “the” in the English language are rarely informative about the 

content of a text. Filtering these words out has the benefit of reducing the size of the data, 

reducing computational load, and in some cases also improving accuracy. To remove these 

words beforehand, they are matched to predefined lists of “stop words” and deleted. Several 

text analysis packages provide stopword lists for various languages that can be used to manually 

filter out stopwords. 

 

3. 7 Document-Term Matrix (DTM) 

The DTM is one of the most common formats for representing a text corpus (i.e.  

a collection of texts) in a bag-of-words format. A DTM is a matrix in which rows are documents, 

columns are terms, and cells indicate how often each term occurred in each document. The 

advantage of this representation is that it allows the data to be analyzed with vector and matrix 

algebra, effectively moving from text to numbers. Furthermore, with the use of special matrix 

formats for sparse matrices, text data in a DTM format is very memory efficient and can be 

analyzed with highly optimized operations [9]. 

The OUTPUT 4 presents the DTM obtained from the Coronavirus Corpus data. This can 

also be created from a quanteda corpus object, which stores text and associated meta-data, 

including document-level variables. When a corpus is tokenized or converted into a DTM, these 

document-level variables are saved in the object, which can be very useful later when the 

documents in the DTM need to be used as covariates in supervised machine learning. 

The stored document variables also make it possible to aggregate quanteda objects by 

groups, which is extremely useful when texts are stored in small units—like Tweets—but need 

to be aggregated in a DTM by grouping variables such as users, dates, or combinations of these.  

 

OUTPUT 4 
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4.  TEXT DATA ANALYSIS 

 

Text analysis aims to extract machine-readable information from unstructured text in 

order to enable data-driven approaches towards managing content. To overcome the ambiguity 

of human language and achieve high accuracy for a specific domain, text analysis requires the 

development of customized text mining pipelines. 

 

4. 1. Term or Word Frequency Analysis 

Frequent-terms analysis counts term occurrences in a set of documents and determines 

the frequency for each term. It gives an overall idea about the more frequent words. Figure 6 is 

showing the visualization of the frequencies of the frequently occurred words obtained from 

the data management in DTM (OUTPUT 4).   

 

 
 

Figure 6. Visualization of term frequencies for the Coronavirus data 

 

 

Another exciting way to explore the contents of our corpus is to create a Wordcloud. A 

word cloud is an image composed of words used in a particular text or corpus, in which the size 

of each word indicates its frequency. This can be done with the use of the “wordcloud” package 

in R. This approach uses a simple frequency calculation. Figure 7 shows word clouds containing 

word terms that appear at least 500 times in the corpus of the used dataset. 
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Figure 7. Word-cloud visualization of the terms for Coronavirus data 

 

 

4. 2. Word Association 

Word association is a form of analyzing the content of text data in search of relations 

between terms, where, the association of words is observed using the consecutive words.  

Statistical correlation can be used effectively as a measure to analyze which words occur 

most often in association with the most frequently occurring words in the survey responses. 

This information helps to have an insight about the context around these words. 

 

OUTPUT 5 

 
 

 

For example, the OUTPUT 5 indicates that the two words “death” and “people” occur 

44% of the time with the word “coronavirus” and hence can be interpreted as the context around 

the most frequently occurring word “coronavirus”. Similarly, the word “outbreak” and 

“infected occur 49% with the word coronavirus. Hence, the words “coronavirus” and 

“outbreak” are associated with each other. 

 

4. 3. Simple Word Clusters: Hierarchical Dendrogram 

In word clustering, 20 words, which are most frequent term in the coronavirus corpus 

dataset were used. Here, 3 clusters are divided based on the frequency. The most frequent words 

“coronavirus”, “covid” and “people” are in Cluster 1. The second most frequent words “can”, 

“new” and “health” are in Cluster 2. The third most frequent words “confirmed”, “pandemic”, 

“positive”, “virus”, “state” etc. are belonging to in Cluster 3 (Figure 8). 
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Figure 8 Cluster dendrogram 

 

 

4. 4. The chi-square (𝛘𝟐) test 

𝜒2-tests are used for testing the associations about categorical variables. The data can be 

displayed in a contingency table, where each row represents a category for one variable and 

each column represents for the other variables. A simple procedure for detecting the statistical 

significance of the association of two qualitative variables is the test of a 2 × 2 contingency 

table. Table 1 is a contingency table obtained from the word association of the text data used in 

this analysis. 

 

Table 1. A 2 × 2 contingency table for the two categorical variables (affected status vs 

survival status of COVID)  

 

 

Survival status 

Total 

Died Survived 

Affected 

status 

Affected  97 66 163 

Not affected 44 119 163 

 Total 141 185 326 

 

 

To test the null hypothesis of no association between the affected status and the survival 

status of coronavirus infected people, the test statistic is: 

Cluster 3 
Cluster 2 Cluster 1 



World Scientific News 174 (2022) 68-84 

 

 

-82- 

𝜒2 =∑
(𝑂𝑖 − 𝐸𝑖)

2

𝐸𝑖

𝑛

𝑖=1

 

 

The above test statistic follows 𝜒2-distribution with 1 d.f., where, 𝑛 presents the number 

of cells in the table (Table 1). The 𝑂𝑖 and 𝐸𝑖 presents the observed and expected cell counts, 

respectively.  

For testing association between the two variables as summarized in Table 1 using the  

𝜒2-test, the 𝑝-value is, 3.123 × 1009, which is smaller than the common level of significance, 

α = 0.05. Hence, the null hypothesis of no association may be rejected, and may conclude that 

the affected status of coronavirus and the survival status have significant association at 5% level 

of significance for the used coronavirus data.  

 

 

5.  CONCLUSIONS 

 

This paper provides a demonstration of some primary text mining methodologies, 

techniques and text analysis process using a real text data. It provides a simple way for mining 

a text data that includes the steps from data management to the analysis part. Some relevant 

graphical presentation also provided here. In the big data era, this types of analysis is the crucial 

for any sector. All of these management and analysis were conducted using different packages 

of R programming language. As R language is an open source and very simple but efficient 

tool, so this outline is expected to be helpful for the big data researchers in many ways. Though 

this paper uses a subset of big data because of the limitations of the logistic support (server 

facility, space etc.), but still the steps used in this paper will be employed for finding interesting 

patterns from large databases if the proper logistic supports are available.  
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