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Abstract

Background: Nowadays, due to the increased publication of articles in various scientific fields, identifying the publishing trends and 
emerging keywords in the texts of these articles is essential.
Objectives:
Thus, the present study identified and analyzed the keywords used in the published articles on medical librarianship and information.
Methods: In the present investigation, an exploratory and descriptive approach was used to analyze librarianship and information articles 
published in specialized journals in this field from 1964 to 2019 by applying text mining techniques. The TF-IDF weighting algorithm was 
applied to identify the most important keywords used in the articles. The Python programming language was used to implement text 
mining algorithms.
Results: The results obtained from the TF-IDF algorithm indicated that the words “Library”, “Patient”, and “Inform” with the weights 
of 95.087, 65.796, and 63.386, respectively, were the most important keywords in the published articles on medical librarianship and 
information. Also, the words “Catalog”, “Book”, and “Journal” were the most important keywords used in the articles published between the 
years 1960 and 1970, and the words “Patient”, “Bookstore”, and “Intervent” were the most important keywords used in articles on medical 
librarianship and information published from 2015 to 2020. The words “Blockchain”, “Telerehabilit”, “Instagram”, “WeChat”, and “Comic” 
were new keywords observed in articles on medical librarianship and information between 2015 and 2020.
Conclusions: The results of the present study revealed that the keywords used in articles on medical librarianship and information were 
not consistent over time and have undergone a change at different periods so that nowadays, this field of science has also changed following 
the needs of society with the advent and growth of information technologies.
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1. Background
Today, many scientific documents are being pro-

duced by researchers, professors, and students from 
different universities worldwide, which often contain 
important and useful materials and are published in 
textual formats. Because of the increasing number 
of scientific articles and the massive volume of pub-
lished papers, the evaluation and review of all articles 
and manual extraction of information and knowledge 
from this huge volume of texts is challenges and even 
impossible. However, identifying patterns and extract-
ing potential knowledge in large volumes of textual 
data is an important issue in various scientific fields 

(1). Therefore, providing tools and techniques that can 
analyze texts by automatic assessment has led to the 
development of text mining, which is also known as in-
telligent text analysis, text data mining, or knowledge 
discovery from the text, and generally refers to the pro-
cess of extracting desired and important knowledge 
and information from a non-structured text collection 
(2-4). Also, identifying patterns and extracting poten-
tial knowledge in large volumes of data from scientific 
texts, news, and studies is an important issue in vari-
ous scientific fields (5-7).

The keyword extraction is one of the text mining algo-
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rithms and techniques to discover knowledge from many 
documents (8). The keyword extraction is an important 
technique for retrieving documents and web pages, cat-
egorizing documents, summarizing and extracting the 
texts, etc. Keywords are considered to be the main ele-
ments of the representation of knowledge concepts and 
are normally applied to indicate the knowledge structure 
of research fields (9).

In previous studies, researchers have mainly focused 
on identifying research topics (e.g., categorizing a re-
search topic and discovering a network community) 
and interpreting their results (10-14). Moreover, less at-
tention has been paid to the process of selecting the 
appropriate keywords for the analysis. Also, in many 
studies, important and extensively used keywords have 
been analyzed, including the identification of the evo-
lution of library and information research based on 
keyword analysis, bibliography, and citations in which 
important and widely used words were obtained based 
on the highest frequency (15), keyword analysis based 
on the highest frequency in articles related to the ap-
plication of Web 2.0 in medicine (16), and identifying 
the trend of public library research in India, in which 
the most used words were obtained based on the high-
est frequency (17). Salloum et al. (18) in 2018 also identi-
fied the most used words in mobile learning articles in 
part of their study.

The most used and general words may be useful in 
giving an overview of a scientific discipline; however, 
they are less successful in demonstrating the exact top-
ics of a research area. For instance, “library”, “informa-
tion resources”, and “services” are the frequently used 
keywords in the field of digital library (DL); however, in 
reality, they are probably universal concepts present in 
many other research areas of the library and informa-
tion science (LIS). Therefore, they are not an excellent 
representation of research topics in the field of DL (19). 
The Term Frequency-inverse document frequency (TF-
IDF) algorithm is one of the most useful approaches to 
identify important keywords in texts, which is also a 
method to measure the importance of a term in a docu-

ment. Specifically, TF-IDF is a numerical statistic that 
indicates the importance level of a word relative to a 
document in a set of documents. The value of TF-IDF is 
balanced by the number of documents in the collection 
that contain the word, and it increases in proportion 
to the number of word repetitions in the document. It 
means that if a word appears in many texts, it is prob-
ably a common word and is not so valuable in evaluat-
ing the text (13, 20). The TF-IDF algorithm combines two 
aspects of a word: the importance of a word for a docu-
ment and its discriminative power within the whole 
collection. However, the TF-IDF scale automatically as-
sumes that words are completely independent. Extract-
ing keywords from a text is closely related to ranking 
words in the text by their relevance (21).

2. Objectives
Due to the increasing trend of science and published 

scientific articles, reviewing and analyzing the published 
scientific texts is of particular importance for organiza-
tions, researchers, and scientific policymakers. Therefore, 
the use of text mining techniques and keyword extrac-
tion can be considered a solution to extract knowledge 
from a large volume of scientific texts. Accordingly, in the 
present study, the TF-IDF algorithm has been applied to 
extract and analyze important keywords from published 
articles on librarianship and information.

3. Methods
Text mining is the method of the present study carried 

out with an exploratory approach. Text mining is a data-
based exploratory method applied to find patterns and 
trends in large data sets (22).

The statistical population included all articles pub-
lished in specialized journals of medical librarianship 
and information indexed in PubMed and Scopus. All the 
published articles were then extracted by searching the 
titles of these journals in the PubMed and Scopus data-
bases using an appropriate search strategy (Table 1) on 
2020-01-20.

Table 1. The Search Strategy Used in This Study

Database Search Strategies

PubMed (((((((((((((“Journal of eScience librarianship”[Journal]) OR (“Journal of the European Association for Health 
Information and Libraries”[Journal])) OR “Biomedical digital libraries”[Journal]) OR “The journal of the Cana-
dian Health Libraries Association”[Journal]) OR “Journal of the Medical Library Association: JMLA”[Journal]) 
OR (“Health information and libraries journal”[Journal])) OR “Journal of hospital librarianship”[Journal]) 
OR “Hospital libraries”[Journal]) OR “Health libraries review”[Journal]) OR “Bulletin of the Medical Library 
Association”[Journal]) OR (“Medical library and the historical journal”[Journal])) OR “Bulletin of the Association of 
Medical Librarians”[Journal]) OR “Medical libraries”[Journal]) OR “Journal of Medical Internet research”[Journal]

Scopus (ISSN (1542-4073) OR ISSN (1540-9597))

Next, the titles and abstracts of the articles published 
in these journals from 1964 to the end of the year 2019 
were extracted from the mentioned 12,819 databases. 
Items such as editor tips, book reviews, content analy-

sis, and letters to the editor were excluded from all ar-
ticles because the purpose of the present study was to 
identify the emerging keywords in articles based on 
the titles and abstracts of the selected articles. It is also 
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noteworthy that these cases were not among research 
articles and had no abstracts (23). After excluding these 
items, the sample data was reduced to the number of 
7,599 articles.

The text mining operations applied in the present study 
included three stages of text preprocessing, text mining 
operations, and post-processing (24). Text preprocess-
ing included the following operations: Data selection, 
categorization, feature extraction, normalization, and 
removing stop words. The second stage of text mining in 
this study was the use of the root-finding algorithm, TF-
IDF word weighting, and data visualization. The knowl-
edge was interpreted, analyzed, and visualized through-
out the third stage.

The Porter root-finding algorithm was used to find the 
root of words before implementing the TF-IDF algorithm. 
This algorithm prunes the words’ suffixes from the same 
root and finally converts different forms of words and 
those from the same root into a single form (25-27). For 
example, it converts the words Models, Modeling, and 
Modeled into the word Model.

Besides, for visualizing data in images, word cloud vi-
sualization was used, which is one of the most common 
methods applied for the graphical display of textual data, 
which is also useful to analyze various forms of textual 
data, including articles, short answers, and comments 
given to surveys and questionnaires (28). Word clouds 
provide a unique way to summarize the content of text 
documents (29). They are produced by words in textual 
data. The size of a word in the cloud is proportional to the 
number or importance (word weight) that the word is 
employed in the whole dataset.

The Python programming language and related librar-
ies were used to implement text mining algorithms. This 
language is compact and multifunctional, possesses a 
simple syntax, develops easily, and provides the user with 
various libraries to work with texts (30).

4. Results

4.1. Most Important Keywords Used in Articles on 
Medical Librarianship and Information

Table 2 shows the 10 most important keywords of pub-
lished articles on medical librarianship and information. 
It is noteworthy that these words had been rooted before 
extraction using Porter’s root-finding algorithm. More-
over, Figure 1 indicates word clouds, the important words 
used in the published articles on medical librarianship 
and information. In a word cloud, words with larger sizes 
are of more importance than others, and the distinct col-
ors of each word are used to better separate and display 
the words. Table 2 and Figure 1 demonstrate that the words 
librari, patient, and inform with the weights of 95.087, 
65.796, and 63.386, respectively, were the most important 
keywords in the articles on medical librarianship and in-
formation.

Table 2. The Most Important Keywords in Articles on Medical 
Librarianship and Information Extracted by Term Frequency-
Inverse Document Frequency (TF-IDF) Algorithm

Word Weight

1 Librari 95.08718

2 Patient 65.79694

3 Inform 63.38658

4 Journal 61.94757

5 Librarian 59.67304

6 Health 59.46848

7 Servic 58.98901

8 Medic 56.89672

9 Scienc 52.78193

10 Intervent 50.42498

Figure 1. The word cloud of the most important keywords in articles on 
medical librarianship and information extracted by the term frequency-
inverse document frequency (TF-IDF) algorithm

4.2. Most Important Keywords Used in Articles Pub-
lished in Journals Over Time

Table 3 indicates the most important keywords applied 
in articles on medical librarianship and information 
at time intervals along with the TF-IDF weight of each 
word and the shape of their word clouds. One hundred 
important words used in the published articles on medi-
cal librarianship and information are shown in the word 
cloud of each time interval, in which the larger size of 
each word indicates the importance of that word. For 
instance, the word Catalog with a weight of 3.065228 
showed the most application in the period of 1960 to 
1970, and the word Patient with a weight of 26.27959 was 
mostly used from 2015 to 2020.



Dastani M et al.

Health Tech Asmnt Act. 2020; 4(2).4

Table 3. The Most Important Words Used in Articles on Medical Librarianship and Information

Time Interval Important Words and Their Weights Word Cloud

1960 - 1970 Catalog (3.065228), Book (2.783263), Journal (2.650253), 
Program (2.423432), Index (2.419415), School (2.22298), 
Librarian (2.166732), Hospit (2.143546), System (2.117583), 
Service (2.090164)

1970 - 1980 Health (4.719595), Journal (4.675623), Program 
(4.600416), Hospit (4.303611), Servic (4.129437), Scienc 
(4.029083), Inform (3.754878), Catalog (3.548526), Book 
(3.457273), System (3.403855), 

1980 - 1990 Search (6.482571), Health (5.719464), Inform (5.647016), 
Journal (5.622288), Servic (5.485842), System (5.335136), 
User (5.059666), Hospit (4.752236), Scienc (4.738947), 
Program (4.517922)

1990 - 1995 Health (3.61544), Inform (3.507101), Servic (3.310887), 
Hospit (3.116725), Journal (3.048085), Scienc (2.934448), 
Search (2.826412), Medlin (2.770377), Database 
(2.740737), Project (2.700959)

1995 - 2000 Journal (4.278872), Service (4.069066), Inform 
(3.891921), Hospit (3.811218), Health (3.771665), Scienc 
(3.444673), Internet (3.40049), Librarian (3.340603), 
Project (3.269429), Database (2.994452)

2000 - 2005 Librari (4.67608), Journal (4.550028), Internet 
(4.290113), Health (4.198433), Patient (4.020226), Inform 
(3.801063), Servic (3.799982), Search (3.6252), Librarian 
(3.610443), Web (3.485677)
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2005 - 2010 Journal (10.21317), Librari (7.977049), Health (7.975302), 
Servic (7.570823), Databas (7.355417), Librarian 
(7.348913), Inform (7.0769), Nurs (6.931903), Patient 
(6.779057), Resourc (6.7236)

2010 - 2015 Librari (16.32852), Patient (13.87543), Librarian 
(12.86131), Intervent (12.63358), Inform (12.55797), Health 
(11.10892), Student (10.45042), Resourc (10.07356), Servic 
(10.04966), Scienc (9.996341)

2015 - 2020 Patient (26.17959), Librari (23.06214), Intervent 
(21.53988), Librarian (18.10314), Inform (18.06783), Re-
view (17.99554), Social (16.94196), Care (16.8512), Student 
(16.08856), Onlin (15.50837)

4.3. Keywords Change and Emerging Keywords in 
Articles on Medical Librarianship and Information

Table 4 shows 15 emerging keywords in the published ar-
ticles in journals of medical librarianship and information 

from 2005 to 2010. The data in Table 4 indicates that lexisnexi, 
WorldCat, and PowerPoint with the weights of 0.718, 0.389, 
and 0.374, respectively, were the most important emerging 
keywords in the published articles in journals of medical li-
brarianship and information in the period of 2005 to 2010.

Table 4. The Emerging Keywords in Published Articles on Medical Librarianship and Information From 2005 to 2010

Words Weight TF-IDF

2000 - 2005 2005 - 2010 2010 - 2015 2015 - 2020

1 Lexisnexi 0 0.71873 0.022082 0

2 Worldcat 0 0.389139 0.060453 0

3 Powerpoint 0 0.374144 0.022693 0.364555

4 Potenc 0 0.35837 0.069578 0

5 Drupal 0 0.340452 0.092191 0.063615

6 Openurl 0 0.241743 0.094555 0

7 Pixel 0 0.23463 0.06358 0

8 Webcast 0 0.230936 0.089942 0

9 Misinform 0 0.186343 0.037438 0.840931

10 Chronicl 0 0.155543 0.125004 0.060702

11 Usernam 0 0.144302 0.030603 0.089078

12 Weblog 0 0.093275 0.089942 0.06622

13 Crack 0 0.088429 0.10315 0.094666

14 Wordpress 0 0.087295 0.02962 0.083215

15 Headphon 0 0.069127 0.047582 0.101706
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Table 5 indicates 15 emerging keywords in the published 
articles in journals of medical librarianship and informa-
tion from 2010 to 2015. The data in Table 5 shows that the 
words tweet, iPad, and mhealth with the weights of 3.676, 

2.430, and 2.273, respectively, were the most important 
emerging keywords in the published articles in journals 
of medical librarianship and information in the period 
of 2010 to 2015.

Table 5. The Emerging Keywords in Published Articles on Medical Librarianship and Information From 2010 to 2015

Words
Weight TF-IDF

2000 - 2005 2005 - 2010 2010 - 2015 2015 - 2020

1 Tweet 0 0 3.676234 7.330024

2 Ipad 0 0 2.430934 1.133248

3 Mhealth 0 0 2.273765 5.122682

4 Crowdsourc 0 0 1.644879 1.983541

5 App 0 0 1.542563 4.20206

6 Mooc 0 0 1.405142 1.116956

7 Clinicalkey 0 0 1.216506 0.450108

8 Youtub 0 0 1.154643 1.895998

9 Avatar 0 0 1.132791 1.090212

10 Altmetr 0 0 1.01116 0.868911

11 Quantum 0 0 0.970428 0

12 Isabel 0 0 0.950463 0

13 Rfid 0 0 0.900783 0

14 Webpag 0 0 0.776538 0.899917

15 Wikipedia 0 0 0.693369 3.127697

Table 6 presents 15 emerging keywords in the published 
articles in journals of medical librarianship and informa-
tion from 2015 to 2020. The data in Table 6 indicates that 
the words blockchain, telerehabilit, and Instagram with 

the weights of 4.136, 1.608, and 1.376, respectively, were 
the most important emerging keywords in the published 
articles in journals of medical librarianship and informa-
tion in the period of 2015 to 2020.

Table 6. The Emerging Keywords in Published Articles on Medical Librarianship and Information From 2015 to 2020

Words Weight TF-IDF

2000 - 2005 2005 - 2010 2010 - 2015 2015 - 2020

1 Blockchain 0 0 0 4.136238

2 Telerehabilit 0 0 0 1.608465

3 Instagram 0 0 0 1.376558

4 Wechat 0 0 0 1.289766

5 Comic 0 0 0 1.219835

6 Chatbot 0 0 0 1.120755

7 Orcid 0 0 0 1.049601

8 Exergam 0 0 0 0.95089

9 Anatomag 0 0 0 0.946656

10 Pokemon 0 0 0 0.909836

11 Jove 0 0 0 0.75018

12 Mobilepdr 0 0 0 0.739713

13 Infograph 0 0 0 0.734067

14 Hospitalist 0 0 0 0.732413

15 Cybersecur 0 0 0 0.638965
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5. Discussion
The results of evaluating the most important keywords 

indicated that the words library, patient, inform, journal, 
librarian, health, service, medic, scienc, and intervent are 
10 essential keywords with the highest TF-IDF weights. 
The analysis of these keywords provides an overview of 
the main topics of published articles on medical librari-
anship and information. Funk has also indicated that the 
words library, information, medical, health, libraries, li-
brarians, services, research, hospital, and time were the 
most frequently used words in the articles published in 
the Bulletin of the Medical Library Association and Jour-
nal of the Medical Library Association from 1960 to 2010. 
Funk also claimed that the words used in these articles 
were in the categories of environment, management, 
technology, and research (31). Sahoo and Bhui (17) showed 
that the words library, public, study, development, dis-
trict, and services were the most frequently used words 
in the Indian public library.

An evaluation of the most important keywords em-
ployed in the published articles on medical librarianship 
and information indicated that they have had changes in 
different periods, and the use of words in the articles did 
not follow the same trend. For instance, Catalog, Book, 
and Journal were the most important keywords used in 
the published articles between 1960 and 1970. Also, the 
keywords Patient, Librarian, Intervent, Librarian, Inform, 
Review, Social, Care, Student, and Onlin were the most 
important keywords used in the published articles in the 
period of 2015 to 2020. Therefore, it can be seen that the 
importance of the keywords used in the published ar-
ticles changes in different periods, and other words are 
considered as the most extensively applied and the most 
important keywords.

Chang et al. showed that the words Search, and Online 
Data Retrieval were the most frequently used keywords 
from 1995 to 1999. They also indicated that the World 
Wide Web and online data retrieval were the most re-
petitive keywords from 2000 to 2004. It was also shown 
that the Word Citation Analysis was the most frequently 
used keyword from 2005 to 2009, and the word Scientific 
Publication was the most repetitive keyword from 2010 
to 2014 in the studies on medical librarianship and infor-
mation (15).

The results of the present study also indicated that the 
words Patient and Care were important keywords since 
2000 among other important and specialized words used 
in the articles on medical librarianship and information. 
These two important keywords, along with the word In-
formation, present the significance of health information 
for patients in the field of health care. There is no doubt 
that patients need to have access to high-quality informa-
tion, and the ability to understand and interpret this type 
of information, which is the task of medical librarianship 
and informants, has become more prominent in recent 
years (32, 33). Medical libraries are always health care pro-

viders and support the information needs of consumers. 
Library science is naturally a socially friendly field, which 
is always adapted to the changing needs and behaviors 
of its user community. Medical librarians also know how 
to handling, organizing, searching, finding, locating, and 
delivering accurate, reliable, and relevant information. 
They know how and when they can provide information 
to physicians and patients and how to discover the cor-
rect information from the vast amount of data (34). In 
general, the growth of health information-related issues 
has been influenced by the advent of the Internet (12).

The results revealed some changes in the used keywords 
over time. The trend of keywords used in the articles on 
medical librarianship and information demonstrates 
that although these articles have retained the main for-
mat and subject of the scientific field, evaluating the 
emerging keywords in this area shows the movement to-
ward information technology.

The results of the present research conducted on emerg-
ing keywords in the published articles in the journals of 
medical librarianship and information revealed that the 
keywords Blockchain, telerehabilit, Instagram, WeChat, 
comic, chatbot, orcid, exergam, anatomag, and pokemon 
were introduced to the articles and studies published in 
journals on medical librarianship and information from 
2015 to 2020, which represents a movement toward the 
information and communication technologies and new 
topics in information and digital technology. The words 
related to Web 2.0 technology and social networks are 
among the emerging keywords in recent years. In this re-
gard, the words weblog and webcast from 2005 onwards, 
the words tweet and Wikipedia from 2010 onwards, and 
the words related to instant messengers such as Ins-
tagram and WeChat from 2015 onwards have been ob-
served in the medical librarianship and information lit-
erature. Accordingly, Boudry (16) has also indicated that 
the articles related to Web 2.0 were published in medical 
sciences from 2002 to 2012, and the word weblog was the 
most frequently used keyword in the published articles 
on Web 2.0 in medical sciences.

In general, it can be noted that the advent of new infor-
mation technologies has changed the process of storing, 
retrieving, managing, and distributing health informa-
tion. Consequently, the conventional tasks and services 
of medical librarianship and information have been 
evolved. In other words, nowadays, the activities of medi-
cal librarianship and information are beyond the librar-
ies, and they possess the capability to work and provide 
services in various health areas such as hospitals, librar-
ies, research centers, publishing centers, scientometric 
centers, specialized journals, growth centers, and knowl-
edge-based enterprises (35).

5.1. Conclusions
The published topics in science are evolving, new topics 

are emerging, and old topics are becoming obsolete over 
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time. The scientific field of medical librarianship and in-
formation is no exception. According to the results of the 
present study on lexical and thematic changes, lexical 
changes and the emergence of new keywords and topics 
are noticeable in this scientific field. The trend of changes 
in the use of different keywords in the articles on medical 
librarianship and information, as well as the identifica-
tion of emerging keywords in these articles, indicated 
that this field has changed according to the needs of soci-
ety, as well as the emergence and growth of information 
and communication technologies.
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