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Abstract 

The size of text data is growing at an exponential rates day by day. Almost 

all type of institutions, organizations, and business industries are storing 

their 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. Health care sectors today 

produces large amount of text data relating to hospitals, diseases, 

diagnosis, patient records, medical cost, resources and portfolios, these 

large amount of data is important to be processed and scrutinized for 

knowledge extraction that empower supports for understanding the 

prevalent circumstances in the health sector. Text mining is a process of 

extracting interesting and nontrivial patterns from huge amount of text 

documents. There exist different techniques and tools to mine the text and 

discover valuable information for future prediction and decision making 

process. The aim of this research work is to provide a review on the 

foundation principles of mining clinical data repository, and present the 

findings and results of past researches on utilizing text mining techniques 

to mine health care data and patient records. The scope of this article is to 

present a brief report on preceding investigations made in the sphere of 

mining clinical data repository, the techniques applied and the conclusions 

recounted. Although extensive research has led to remarkable advancement 

in the field of clinical data mining and has paved way for advancement in 

medical practice, the most recent research findings that can further unveil 

the potential of text mining in the domain of health care sector and medicine 

are clearly presented in this review.  
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Introduction 

The size of data is increasing at 

exponential rates day by day. Almost 

all type of institutions, organizations, 

and business industries are storing 

their data electronically. A huge 

amount of text is flowing over the 

internet in the from of digital libraries, 

repositories, and other textual 

information such as blogs, social 

media network and e-mails (R. 

Sagayam, 2012).   It is challenging 

task to determine appropriate patterns 

and trends to extract valuable 

knowledge from this large volume of 

data (N. Padhy et al, 2012). 

Traditional data mining tools are 

incapable to handle textual data since 

it requires time and effort to extract 

information (Ramzan Talib et al, 

2016).  

Data mining can be used to discover 

patterns in large-scale data sets using 

methods at the intersection of artificial 

intelligence, machine learning, 

natural language processing (NLP), 

and database systems (N. Samsudin et 

al, 2013). 

Text mining is a specialized data 

mining method that extracts 

information (e.g., facts, biological 

processes, diseases) from text, such as 

scientific literature. Literature mining 

can generate new hypotheses by 

systematically scrutinizing large 

numbers of abstracts or full-text 

scientific articles. Biomedical text 

mining and its applications have been 

used to improve scientific discovery 

in various biomedical rubrics, 

particularly those relevant to cancer. 

Text mining strategies utilizing Big 

Data frameworks have the potential to 

analyze the gigantic amount of 

biomedical articles published in 

cancer research to provide operational 

information on cancer while 

providing real-time updates to 

incorporate newly published articles 

(Zhan Ye et al, 2016). 

Text mining is a process of extracting 

interesting and nontrivial patterns 

from huge amount of text documents. 

There exist different techniques and 

tools to mine the text and discover 

valuable information for future 

prediction and decision making 

process. 

The discovery of appropriate patterns 

and trends to analyze the text 

documents from massive volume of 

data is a big issue. The selection of 

right and appropriate text mining 

technique helps to enhance the speed 

and decreases the time and effort 

required to extract valuable 

information. 

Healthcare industries today produces 

large amount of data relating to 
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hospitals, resources and portfolios, diseases, diagnosis, patient records, medical 

cost, etc. these large amount of data is important to be processed and scrutinized 

for knowledge extraction that empower supports for understanding the 

prevalent circumstances in the health sector. Text mining is a multi-disciplinary 

field based on information retrieval, data mining, machine learning, statistics, 

and computational linguistics (Ramzan Talib et al, 2016).  

Several text mining techniques like summarization, classification, clustering 

etc., can be applied to extract knowledge. Text mining deals with natural 

language text which is stored in semi-structured and unstructured format. Text 

mining techniques are continuously applied in industry, academia, web 

applications, internet and other fields. Application areas like search engines, 

customer relationship management system, filter emails, product suggestion 

analysis, fraud detection, and social media analytics use text mining for opinion 

mining, feature extraction, sentiment, predictive, and trend analysis. It is a big 

challenge to filter out an appropriate and relevant text to take a decision from a 

large biological repository. The medical records contain varying in nature, 

complex, lengthy and technical vocabulary are used that make the knowledge 

discovery process very difficult (Ramzan Talib et al, 2016) relevant patterns for 

analysis and decision making. 

 
Figure 1.1: General overview of a text mining system; adopted from (Feldman 

R., et al, 2007) (Meystre, S. M et al, 2008). 
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Three general processes often describe the process of identifying documents 

relevant to a user's information need from a set of both relevant and irrelevant 

documents Information Extraction relates to extracting pre-defined types of 

information from documents (Meystre, S. M et al, 2008). 

 

Literature Review 

There have been a great number of surveys and studies in the area of text 

mining, the overall processes are divided into four main stages: data extraction 

and cleansing, text summarization, text clustering, and visualization and each 

of the phases in text mining play a major role in discovering significant clinical 

patterns from patient records and inferring previously unknown knowledge. 

The following sections present a brief survey on previous and recent reviews 

on mining clinical data. 

 

Text Mining 

According to (J. Dorre et al, 1999), text mining applies mostly the same 

techniques of data mining to the corpus of textual data after converting it to a 

structured format. Text mining techniques extract the knowledge from text 

documents. The Text mining process consists of two steps: text pre-processing 

and knowledge extraction. In short, text pre-processing step converts 

unstructured data into a document-term matrix, and knowledge extraction step 

involves data mining. The pre-processing step involves tokenization, stop 

words removal, stemming, etc. followed by the formulation of a document-term 

matrix, as proposed by (G. Salton, et al, 1986). 

Most of knowledge hidden in electronic media of an organization is 

encapsulated in documents. Acquiring this knowledge implies effective 

querying of the documents as well as the combination of information pieces 

from different textual sources (e.g. the World Wide Web). Discovering such 

hidden knowledge is an essential requirement for many corporations, due to its 

wide spectrum of applications. Mining texts in different languages is a major 

problem, since text mining tools should be able to work with many languages 

and multilingual documents. Integrating a domain knowledge base with a text 

mining engine would boost its efficiency, especially in the information retrieval 

and information extraction phases (J. Dorre et al, 2012). 

As the most natural form of storing information is text, text mining is believed 

to have a commercial potential higher than that of data mining. In fact, a recent 
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study indicated that 80% of a company’s information is contained in text 

documents. Text mining, however, is also a much more complex task (than data 

mining) as it involves dealing with text data that are inherently unstructured and 

fuzzy. Text mining is a multidisciplinary field, involving information retrieval, 

text analysis, information extraction, clustering, categorization, visualization, 

database technology, machine learning, and data mining (Ah-Hwee Tan, 1999). 

Most of knowledge hidden in electronic media of an organization is 

encapsulated in documents. Acquiring this knowledge implies effective 

querying of the documents as well as the combination of information pieces 

from different textual sources (e.g. the World Wide Web). Discovering such 

hidden knowledge is an essential requirement for many corporations, due to its 

wide spectrum of applications. Mining texts in different languages is a major 

problem, since text mining tools should be able to work with many languages 

and multilingual documents. Integrating a domain knowledge base with a text 

mining engine would boost its efficiency, especially in the information retrieval 

and information extraction phases (J. Dorre et al, 2012). 

 

Text Mining and Medicine 

Text mining has been applied in many disciplines within the biomedical 

domain. In the review of the impact of informatics (including text mining) by 

(Sarkar I. N, 2010) on transitional medicine (i.e. the process of translating 

biological discovery to clinical adoption and community medicine), sets out the 

Translational Medicine Continuum (see Figure 2.1) and discusses the 

synergistic relationship between major areas in translational medicine 

(innovation, validation and adoption of new treatments), and the main areas of 

biomedical informatics(bioinformatics, imaging informatics, clinical 

informatics and public health informatics) and the concepts they deal with from 

molecules to populations. 

Figure 2.1: Translational Medicine Continuum (Sarkar I. N, 2010). 
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Manual categorizations are used within both medical records and literature in 

order to satisfy information needs. Notes in a modern electronic health record 

are usually augmented by standardized codes attributed by physicians. 

Automated information extraction has been applied to extract diagnoses, 

medical problems, treatments and demographic information from medical 

notes, discharge summaries and radiography reports. 

In medicine, some of the pioneer works were carried out by Swanson, who 

established relationships between apparently unconnected phenomena, such as 

migraine and magnesium deficiency, from the titles of articles obtained from 

the MEDLINE database. These connections were validated years later in 

experimental studies. These types of search are now widely used in medicine 

and in biology for establishing associations between, for example, genes (or 

proteins) and diseases, or for evaluating interactions between various proteins. 

An interesting instrument for this purpose is DisGeNET, designed to relate 

information derived from the various “omics” with data generated on different 

diseases. As for respiratory diseases, as discussed below, these techniques and 

instruments are being used intensively in the study of various aspects of COPD, 

bronchial asthma and lung cancer (David Piedra, 2014). A huge amount 

of scientific and medical information is now available. However, there is an 

inherent problem in such a volume of data: selective recovery and interpretation 

are practically impossible for a professional using classical methods. In this 

setting, the use of bioinformatics tools such as text or data mining acquires 

fundamental relevance.  These tools, which already play a significant role in 

other areas of biomedical knowledge, have recently begun to be used in 

respiratory medicine. The most obvious areas for the medical application of text 

mining (both in research and in the clinic) are the integration and transfer of 

advances made in the most basic sciences, and a better understanding of the 

diagnostic processes, severity classifications and determination of disease 

prognosis. Text mining may also be useful for generating predictive outcomes 

models, creating intelligent alert systems and supporting the clinician in the 

decision-making process (David Piedra, 2014).  

(Vahid Rafe et al, 2013) examined data mining in medicine. And it was pointed 

out that building a framework for utilization of text mining in the area of 

medicine would be useful as a future work since a great part of medicine related 

data are saved in the form of texts. Evaluation of data mining tools and software 
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and the study of their characteristics and capabilities in medicine can greatly 

help the data miners.  

 

Clinical Text Mining Framework 

The general approach to mine clinical data comprises of the following phases 

namely data extraction and cleansing, text summarization, text clustering, and 

visualization. 

One can derive two kinds of relationships among a given set of documents. The 

first one measures similarity among documents in a database. Most research 

from the information retrieval (IR) community (Salton and McGill, 1983, 

Baeza-Yates and Ribeiro-Neto, 1999) concentrates on this area. Their purpose 

is to identify groups of documents in a database that can be retrieved faster and 

more accurately for a given type of user input query. The second relationship 

addresses similarity among terms in a set of documents. It receives much 

attention from bibliometric and scientometrics communities. However, some 

research from the IR community also focuses on this area, essentially for 

constructing thesauri automatically. This paper focuses on terms’ relationships 

to understand the cognitive structure of health sector.  

 

Basic Statistical Analyses  

 The text mining process starts by considering a matrix of documents by terms 

(X). This follows the idea of Vector Space Models introduced by Salton and 

McGill (1983). A vector, comprised of the terms contained within that 

document, can represent a document. To illustrate, consider a sample data set 

consisting of six documents that share five common keywords. Table 3.1 

presents an occurrence matrix of keywords across documents. 

 

Table 3.1: An Occurrence Matrix X of Keywords across Documents 

 Keyword 1 Keyword 2 Keyword 3 Keyword 4 Keyword 5 

D1 1 0 1 1 0 

D2 1 0 1 0 1 

D3 1 1 0 0 0 

D4 0 0 1 0 1 

D5 1 0 1 1 0 

D6 1 1 0 0 0 
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In this matrix, a “1” indicates the occurrence of a keyword in a given document 

(Di), and a “0” indicates its absence. If terms are occurring together more often 

in documents, these could reflect a strong relationship. Co-occurrence analyses 

can help reveal innovation relationships and prospects. The simplest 

relationship analysis can be conducted on the terms co-occurrence matrix (CO). 

A terms co-occurrence matrix is simply a dot product of the input documents 

by terms matrix. Hence,  

CO = XT.X          (3.1) 

COxy, the co-occurrences of the term x and term y, can be calculated by: 

   (3.2)  

 

In this formula “b” is a vector, a row of terms, which occur or do not occur in a 

given document. “COxy” reflects the co-occurrence between two terms, x and 

y. If x = y then COxx is the occurrence of term x. “m” is the number of 

documents. The resulting co-occurrence matrix of terms is noted below. 

 

Table 3.2: Terms’ Co-occurrence Matrix 

 Keyword 

1 

Keyword 

2 

Keyword 

3  

Keyword 

4 

Keyword 

5 

Keyword 

1 

5 2 3 2 1 

Keyword 

2 

2 2 0 0 0 

Keyword 

3 

3 0 4 2 2 

Keyword 

4 

2 0 2 2 0 

Keyword 

5 

1 0 2 0 2 

From the above example, each of the two times that Keyword 4 appears in a 

document, so does Keyword 3. This could be taken as evidence that Keyword 

4 and Keyword 3 may be related. This paper applies singular valued 

decomposition (SVD) as a ‘data reduction’ technique to perform co-word 
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analyses. SVD is based on a theorem of linear algebra: “any m x n matrix X 

whose number of rows m is greater than or equal to its number of columns n, 

can be written as the product of an m x n column-orthogonal matrix U, an n x 

n diagonal matrix W, and the transpose of an n x n orthogonal matrix V” (Press 

et al., 1986). In other words, X can be decomposed into the following form:  

 

X = U·W ·VT            (3.3) 

 

The U and V matrices are orthogonal and contain eigenvalues; UTU = I and 

VTV = I, where I is an identity matrix; the W matrix is diagonal, containing 

eigenvalues. If the original matrix X is a matrix of documents by terms; 

• U would be a matrix of documents by factors 

• W would be a matrix of factors by factors 

• V would be a matrix of terms by factors 

Note that the term “factors” will be used for the linear combinations of the 

original data or “eigenvectors” or “principal components.” Deerwester et al. 

(1990) and Cunningham (1996) used Latent Semantic Indexing (LSI) –SVD of 

documents by terms matrices to help uncover underlying structures in the data 

for the purpose of indexing documents. 

 

Principal Components Analysis 

Principal Components Analysis (PCA) is a classical statistical technique that 

linearly transforms an original set of variables into a substantially smaller set of 

uncorrelated variables (called “principal components”). These principal 

components represent most of the information in the original set of variables. 

The first principal component accounts for as much of the variability in the data 

as possible. Each succeeding component accounts for as much of the remaining 

variability as possible. The goal is to reduce the dimensionality of the original 

large set of variables. Hence, it is potentially useful for resolving the correlation 

structure of a set of scientific terms. 

This paper uses PCA for dimension reduction and grouping to discover 

relationships among correlated scientific terms. Keep in mind that although 

PCA is traditionally performed on the correlation matrix, it can be performed 

on some other similarity matrix such as cosine transformed data. The details of 

classical PCA are presented below. The documents by terms matrix X is first 
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transformed to the correlations of terms by terms matrix C. The transformation 

is as follows: 

 

     (4.1)

   (4.2) 

   (4.3) 

In the above formula, Cxy represents the Pearson’s correlation measure 

between term x and term y, µ is the mean of the term vector, and σ is the 

standard deviation. Table 4.1 presents the Pearson’s correlations matrix of the 

original data from Table 3.1 

 

Table 4.1 Term’s Correlation Matrix C 

 Keyword 

1 

Keyword 

2 

Keyword 

3  

Keyword 

4 

Keyword 

5 

Keyword 

1 

1 0.32 -0.32 0.32 -0.63 

Keyword 

2 

0.32 1 -1 -0.5 -0.5 

Keyword 

3 

-0.32 -1 1 0.5 0.5 

Keyword 

4 

0.32 -0.5 0.5 1 -0.5 

Keyword 

5 

-0.63 -0.5 0.5 -0.5 1 

 

Note that the correlation varies from one (maximally similar) to negative one 

(maximally dissimilar). SVD is then performed on this correlation matrix. Since 

the correlation matrix is dimensioned terms by terms, U would be a matrix of 

terms by factors, W would be factors by factors, and V would be terms by 
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factors. The following Tables (3.4-3.6) show the decomposition into U, V and 

W matrices of the Terms’ correlation matrix in Table 3.3 

 

Table 3.4: The U Matrix from a Singular Value Decomposition 

 Factor 1 Factor 2 Factor 3 Factor 4 factor 5 

Keyword 1 0.35 -0.44 0.83 0.01 0.00 

Keyword 2 0.58 0.22 -0.12 -0.32 -0.71 

Keyword 3 -0.58 -0.22 0.12 0.32 -0.71 

Keyword 4 -0.15 -0.70 -0.30 -0.64 0.00 

Keyword 5 -0.43 0.47 0.44 -0.63 0.00 

 

Table 3.5: The W Matrix from a Singular Value Decomposition 

 Factor 1 Factor 2 Factor 3  Factor 4 factor 5 

Keyword 1 2.69 0.00 0.00 0.00 0.00 

Keyword 2 0.00 1.86 0.00 0.00 0.00 

Keyword 3 0.00 0.00 0.45 0.00 0.00 

Keyword 4 0.00 0.00 0.00 0.00 0.00 

Keyword 5 0.00 0.00 0.00 0.00 0.00 

 

Table 3.6: The V Matrix from a Singular Value Decomposition 

 Factor 1 Factor 2 Factor 3 Factor 4 factor 5 

Keyword 1 0.35 -0.44 0.83 -0.01 0.00 

Keyword 2 0.58 0.22 -0.12 0.32 -0.71 

Keyword 3 -0.58 -0.22 0.12 -0.32 -0.71 

Keyword 4 -0.15 -0.70 -0.30 0.64 0.00 

Keyword 5 -0.43 0.47 0.44 0.63 0.00 

 

Since C (Pearson’s correlation matrix) is a symmetric matrix, U = V. From the 

above tables, the matrices U and V contain information about term similarities. 

The W matrix is simply a weighting matrix that shows that the first two factors 

are more important in representing the data than the last three factors. Hence, 

by omitting the last three columns of the decomposed data, the resulting matrix 

would approximate the original data. For instance, using only the first two 

variables, the approximation will explain fully 91 percent of the original data.  

Hence, the two factors can be used to approximate the original matrix. 
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By looking at the U matrix, one can determine which term(s) is/are highly 

associated with each factor. For instance, consider only the first two factors, the 

highest loading term in factor one is “Keyword 2.” “Keyword 3” is as highly 

associated with factor one, but in a negative rather than a positive way. The 

highest loading term in factor two is “Keyword 4." Sometime it is difficult to 

decide which term is a high loading term since the factor loading is somewhat 

in the middle range. This paper applies Varimax Rotation (Harman, 1976) in 

order to facilitate the interpretation of the results without fundamentally 

changing the factors. The Varimax Rotation makes the interpretation easier by 

maximizing the variance of the squared factor loadings. For a given factor, high 

loadings become higher (close to 1), low loadings become lower (close to 0), 

and intermediate loadings become either lower or higher. To identify relevant 

terms for each cluster, this paper applies a proprietary algorithm to 

automatically cut off high-loading terms from the resulting clusters (TPAC, 

1999). An advantage of using PCA to group similar terms together over 

traditional clustering techniques in text analysis is that PCA does not force each 

term into only one factor. Terms are allowed to occur in multiple factors, unlike 

hierarchical clustering or K-means clustering where each term is only permitted 

to appear in one cluster. However, one disadvantage of using PCA to group 

similar terms is that PCA is performed on the transformed data (i.e., Pearson’s 

correlation), not on the raw occurrence data. Moreover, since the correlation 

coefficient is calculated based on deviations about the mean, it seems to be very 

sensitive to the total number of records in the data set. Hence, estimates are 

likely to be unstable and are likely to remain sensitive to the introduction of 

new terms. Principal components analysis, because of its correlation 

transformation, may not be the most appropriate technique for the clustering of 

terms.  

 

Challenges in Clinical Text Mining  

Clinical text mining is certainly limited by the ease of access to medical 

findings, since required facts for text mining often exist in different settings, 

forms and systems, namely, administration, clinics, laboratories and registries 

and others. This calls for a strategy to gather and integrate data before data 

mining can be done (Milley, A,2000) and Kolar, H.R. (2001). While several 
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authors and researchers have suggested the need for a data warehouse prior to 

mining clinical data, the expenses involved challenge their utility. 

However, Intermountain Health Care have successfully implemented a 

warehouse from five different sources which are, a clinical data repository, 

acute care case-mix system, laboratory information system, ambulatory case-

mix system, and health plans database and imparted better evidence-based 

clinical solutions ( Hian Chye Koh et al,2016). Research by (Oakley S. 1999) 

suggested a distributed network topology instead of a data warehouse for more 

efficient data mining. Another imposing hurdle in medical data collection 

include missing, distorted, conflicting, and non-homogenous data, such as bits 

of information recorded in different formats in diverse data sources.  

Precisely, the lack of a standardized clinical vocabulary is a serious hindrance 

to text mining. (Cios and Moore, 2002), have posed a dispute that data problems 

in healthcare are the result of the dimensionality, intricacy and assorted nature 

of medical data and their low mathematical characterization and non-

conformance to a certain protocol. Moreover, ethical, legal and social issues 

encountered in CDR also have to be appropriately handled. The issue of 

obtaining patterns of diverse nature on exhaustive mining of data needs to be 

deliberated upon. Extensive research may reveal many interesting patterns and 

relationships not necessarily valuable. 

Conclusion  

Clinical data mining is a practice based research strategy by which practitioners 

and researchers retrieve, analyze and interpret available qualitative and 

quantitative information from available medical records. CDR is a highly 

motivated area of research due to the extensive influence exerted by this multi-

domain research area that brings together interests of medical practitioners, 

computer science researchers and health care professionals. Mining of clinical 

facts is highly essential due to the availability of exhaustive and enormous 

volume of medical records. This paper presented a review of clinical text 

mining concepts and techniques for mining clinical data repository in practice.  

Development of text mining framework for clinical data repository using 

clustering algorithms have been reviewed to provide researchers an initiative to 

formulate new techniques for clinical record analysis and exploration, besides 

reforming the flaws in the existing systems. This research study is expected to 
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provide a significant contribution to researchers and practitioners in the text 

mining and health industry.  
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