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Abstract. In today’s world, the ability to think computationally is essential. The skillset expected 
of a computer scientist is no longer solely based on the old stereotype but also a crucial skill for 
adapting to the future. This perspective presents a new educational challenge for society. Everyone 
must have a positive attitude toward understanding and using these skills daily. One thousand two 
hundred seven documents about computational thinking (CT) may be found while searching the 
Scopus database from 1987 to 2023. Data from Scopus were analyzed using VOSviewer software. 
This study educates academics by delving into the fundamentals of what is known about the CT of 
visual and quantitative research skills. This approach allows for a more in-depth look at the litera-
ture and a better understanding of the research gap in CT. This bibliometrics analysis demonstrates 
that (1) research on CT is common to all sciences and will develop in the future; (2) the majority 
of articles on CT are published in journals in the fields of education, engineering, science and tech-
nology, computing and the social sciences; (3) the United States is the most dominant country in 
CT publications with a variety of collaborations; (4) keywords that often appear are CT, engineer-
ing, education, and mathematics, and (5) research on CT has developed significantly since 2013. 
Our investigation reveals the beginnings and progression of the academic field of research into CT. 
Furthermore, it offers a road map indicating how this study area will expand in the coming years.

Keywords: computational thinking, Scopus, VOSviewer, bibliometrics analysis.

1. Introduction

Since there is no agreed-upon definition of CT in the literature (E. Lockwood et al., 
2016), the concept is fraught with debate. Because so many CT investigations and 
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theoretical discussions occur in a programming setting, describing CT concepts and 
programming methods in the literature can be challenging (T.Y. Lee et al., 2014). It 
may mislead readers into thinking that CT is the same as computer programming or, at 
the very least, that they need to be proficient in a programming language to practice. 
CT primarily aims to improve one’s thinking ability and is currently accessible in fields 
other than computer science and computer engineering. The use of programming is not 
required for CT, and experts in the area do not recommend it as the setting for learning 
CT skills. Knowing the background of studies on programming and thinking abilities 
will help you understand why CT has selected this alternate way to enhance thinking 
skills. Whoever forgets the past is doomed to live in a perpetual present, as George 
Santayana once put it (Voogt et al., 2015). Although CT, as we know it now, began 
in the 1950s, the concept has been around for much longer (Lodi and Martini, 2021). 
Ideas central to CT include abstraction, data representation, and the logical structure of 
data; these principles are shared by many other schools of thought, including scientific, 
engineering, systems, design, model-based, and more (Chan et al., 2021). CT is not a 
brand new concept or set of ideas; terms like algorithms, procedural thinking, algorith-
mic thinking, and computational literacy have existed for some time (Braun and Huwer, 
2022; Jacob and Warschauer, 2018).

It is essential to differentiate between computational science and other related fields, 
such as computer science and CT (Denning, 2019). It is because applying the compu-
tational science method to different scientific areas was the impetus for developing 
computational science (Piatti et al., 2022). The result is that computational physics, 
bioinformatics, and digital humanities are now included among the subfields of every 
scientific subject specializing in computing (Denning, 2013). Computing, in particular, 
lends a hand to other scientific fields by assisting with the simulation and interpreta-
tion of natural information and numerical approaches (Sentance and Csizmadia, 2017). 
These subfields are kept separate from computer science because computer scientists 
typically lack the specialized training to work in those domains. Aside from that, cal-
culations are utilized for a variety of purposes, including but not limited to the follow-
ing: exploiting computing tools; using modeling and simulation to explore phenomena; 
putting hypotheses to the test; and making predictions, which are all tasks that are 
performed by computer scientists who study said tools (John Lemay et al., 2021).

Using CT in the classroom can significantly improve students’ ability to solve com-
plex problems. However, research on incorporating CT into classrooms is still in its 
infancy. Preparing the next generation of educators to teach CT is crucial to success-
fully integrating it into the curriculum. Educators’ professional development around 
CT was essential to successfully integrating it into the classroom, providing support-
ing evidence for this claim (Barr and Stephenson, 2011). Using CT in the classroom 
may not always lead to a mutually beneficial understanding between students and 
lecturers. The lack of a concrete plan for fostering its growth in its upcoming lessons 
is to blame. The professional audience must develop better educational skills to think 
computationally and quickly. To use this knowledge effectively, one must also be fa-
miliar with the curriculum, lesson plans, and strategies for implementing them (Bower 
and Falkner, 2015).
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Since (Papert, 1988) initial presentation of CT, other researchers have debated its 
meaning, scope, and effectiveness in the classroom(Grover and Pea, 2013). According 
to (Wing, 2008), CT is more than just a programming talent computer scientists utilize. 
It is one of the standard life abilities that everyone requires. Therefore, the effective 
execution of message-processing agents necessitates operational thinking, which fur-
ther describes it as a method of issue-solving (Grover and Pea, 2013). Here are the two 
ways the computer can aid with the solution: First, you need to think about what needs 
to be done to fix the issue, and then you may use your technical know-how to guide the 
computer to a solution. To solve problems with a computer, one must know mathemati-
cal formulas, be able to express the issue clearly, and employ rudimentary procedures 
or recipes. Also, before beginning to develop computer animations, designers must plot 
a tale and decide on a shooting style, all while doing duties with the help of computer 
software and hardware. CT is the mental preparation for using computers and machines 
in these two scenarios.

Computing entails thinking that explains how machines and software are run. The 
emphasis is not on computer hardware or trying to mimic computer thought processes 
(Wing, 2008) but on how people use computers to research and find solutions to is-
sues. Moreover, CT is essential for finding solutions to problems and creating and 
recognizing new ones (Wing, 2008). It’s evocative of earlier advancements in STEM 
and other fields (Cheung, 2013) in that it aids computers in problem-solving but also 
aids humans in comprehending the nature of the problems themselves and the possible 
solutions. Thus, humans can develop CT processes by controlling computers, but on 
the other hand, machines are not always needed for CT in some instances. Students not 
planning to go into computer science can no longer afford to ignore the importance of 
CT. These days, classroom educators are tasked with fostering the development of CT 
in their students. As (Heintz et al., 2016) demonstrate, training students’ CT has been 
used in computer classes and other courses across the globe. Differences in country 
education systems and cultural norms make it hard to replicate or copy strategies for 
developing CT. As a result, many nations have encouraged citizens to build CT and 
programming skills.

During programming, students learn about CT (Wing, 2006). Abstraction, debug-
ging, remixing, and iteration are all computer science principles used in this process 
(Ioannidou et al., 2011; Resnick et al., 2009). Because it necessitates “thinking in 
numerous abstractions”, this thinking might be considered fundamental for students. 
There is a close relationship between CT and 21st-century talents, such as creative 
problem-solving, critical thinking, and analytical reasoning (Ananiadou and Claro, 
2009; Binkley et al., 2012). Unsurprisingly, many educators place a premium on teach-
ing kids how to code today (Resnick et al., 2009). The recent resurgence of interest in 
setting-specific programming highlights the importance of thinking about how such 
initiatives might be made more directly relevant to the types of learning outcomes they 
aim to generate. Researchers have hypothesized several possible benefits, including 
improved analytical reasoning and mathematical and scientific proficiency (Kafai and 
Burke, 2013; Sengupta et al., 2013). However, articles addressing CT through pro-
gramming in context are scarce in the current literature (Grover and Pea, 2013). It 
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is due to the increased frequency with which students taking CS courses in college 
must demonstrate their mastery of programming concepts on standardized tests (Brack-
mann et al., 2017; Katai and Toth, 2010; Román-González, Moreno-León et al., 2017; 
Román-González, Pérez-González, et al., 2017). Consequently, this study aims to scour 
the literature for previously published empirical studies promoting student participation 
in higher education’s curriculum-based programming.

Instead of being seen as something only computer scientists need to know, CT is 
now recognized as a core life skill (Li et al., 2020). Everyone needs to take a more pos-
itive approach when grasping and using these abilities in typical situations. Whether 
problems are processed in people’s minds or by computers, CT’s powers and limita-
tions depend on computational processing. As part of their early education, students 
should be taught the three R’s (reading, writing, and arithmetic), CT, and the art of 
logical analysis (Wing, 2006, 2008). Simplifying, embedding, transposing, and simu-
lating are the four operational skills of CT. It employs computer science fundamentals 
to formulate, analyze, and solve problems; it also serves to design and implement 
systems in a way that is accessible to humans. CT simultaneously enables a mindset 
comparable to that of computer scientists while confronting difficulties (Grover and 
Pea, 2013)

According to a more thorough definition, CT is a concept, not the act of writing code. 
It necessitates high degrees of abstract thought and analysis on the part of students. 
CT includes many ideas, including using computers in education. It is more valued to 
engage in reasoning than in mechanical activity. That’s why learning how to think like 
a computer is crucial. They may be more flexible since they feel like humans rather 
than computers. CT is not an attempt to mimic the thought processes of computers but 
rather a means of problem-solving that acknowledges humans’ superior intelligence and 
creativity (Wing, 2008). Methods from both mathematics and engineering are combined 
with strengthening mathematics’ underpinnings: skills and abilities, problem-solving, 
behavior management, communication, and interpersonal relationship.

Several studies explore CT’s educational benefits. CT is thought to help kids solve 
problems, analyze everyday concerns, explore, create, and invent (Denner et al., 2011a), 
and grasp technology. Problem-solving, examining data patterns, and questioning evi-
dence (Charlton and Luckin, 2012); collecting, analyzing, and representing data; de-
composing problems; using algorithms and procedures; making simulations (Gretter and 
Yadav, 2016); using computer models to simulate scenarios (Exchange, 2015); dealing 
with open-ended problems and persisting in complex case studies (Armoni and Gal-
Ezer, 2014). CT maps solution processes like iteration, selection, and sequencing onto 
computer capabilities since humans are articulating issues and constructing solutions for 
computers to execute (I. Lee and Malyn-Smith, 2020). CT entails decomposing a prob-
lem, identifying algorithms, writing instructions, and analyzing one’s answer (Labusch 
et al., 2019): abstractions, problem decomposition, and automation link CT to Computer 
Science. Jan Lepeltak emphasizes that CT involves how computers work and how we 
talk about and communicate with them (Voogt et al., 2015).

The literature is recursively revealing a core set of notions and skills. Jeannette 
Wing’s papers provide a clear CT description. CT defines the intellectual processes re-
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quired to formulate a computer problem, including abstraction, algorithmic reasoning, 
automation, decomposition, debugging, and generalization. The definitions of CT core 
skills are shown in Table 1. 

According to the International Society for Technology in Education (ISTE) and Na-
tional Research Council (NRC), students can still show CT even if they aren’t using 
technology to make something. By contrast, with programming, students build artifacts 
to demonstrate their computational reasoning (Kafai and Burke, 2013; Resnick et al., 
2009). As a result, the ISTE and NRC’s broad concept of CT might not work well with 
code. Therefore, we employ Brennan and Resnick’s Scratch framework in our overview 
of CT through programming (2012). Scratch is a widely adopted language for teaching 
computer science in elementary and secondary schools (Tangney et al., 2010; Theodor-
ou and Kordaki, 2010). There are three levels of CT concerning Scratch: computational 
concepts, computational actions, and computational views. The key points about these 
three factors are summarized in Table 2. Documentation of the data collection consisting 
of figures and tables that were collected and analyzed for this study can be seen on the 
open research platform provided by Zenodo (Rafiq et al., 2023).

Because of their unity with familiarity with Mayer’s proposed Logo programming 
language, these characteristics help analyze K12 students’ approaches to programming. 
Knowledge of syntax, semantics, computer schematics, and strategy (computing prac-
tices) is included. Scratch has many of the same capabilities as modern student visual 
programming languages (e.g., Alice). These languages are simple for students to pick up 
since they give them immediate feedback on their code in the form of moving images 
(e.g., animations and games). As a result, this structure is suitable for contemplating CT 
inside computer programming.

Table 1
Core competencies and definitions for CT

CT Core Competencies Definition

Abstraction Abstraction reduces detail to simplify an artifact. Conception involves hiding the 
correct point to simplify the task without sacrificing anything significant. Selecting 
an appropriate system representation is crucial. Models simplify different tasks 
(Csizmadia et al., 2015).

Algorithmic thinking Algorithmic thinking uses defined steps to solve problems (Csizmadia et al., 2015).

Automation Automation saves time by instructing a computer to perform repetitive tasks faster 
than a human. Hence, computer programs are “automation of abstractions” (Denner 
et al., 2011b).

Decomposition Artifacts are decomposed into their pieces. Understanding, solving, developing, and 
evaluating each part is possible. It simplifies complex challenges, unique conditions, 
and huge system design (Csizmadia et al., 2015).

Debugging Debugging involves testing, tracing, and logical thinking to forecast and verify results 
(Csizmadia et al., 2015).

Generalization Exploiting patterns, similarities, and linkages is a generalization. Based on past 
solutions and experience, it solves new problems fast. Specific algorithms can tackle 
similar problems (Csizmadia et al., 2015).
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Table 2 summarizes some critical components of CT. Computing-based methods 
have been utilized in many fields over the past decade. Educators have experimented 
with various teaching methods to find the best ones. In Table 3, the authors of this 
study compiled a list of the different pedagogical approaches used in the past to teach 
students and enhance ICT skills. These include but are not limited to problem-based 
learning, collaborative learning, project-based learning, game-based learning, scaf-
folding, computational learning theory, aesthetic experience, concept-based learning, 
learning embodiment-based, human-computer interaction teaching, and universal 
learning design.

In this study, bibliometric research is conducted for a variety of reasons, including 
but not limited to identifying patterns of article and journal performance; identifying 
research constituencies; identifying patterns of collaboration; and determining the intel-
lectual structure of a domain as revealed by the current body of literature (Verma and 
Gustafsson, 2020). The data that is the focus of a bibliometric analysis is typically ex-
tensive in quantity and objective (e.g., the number of citations and author’s publications, 
the occurrence of keywords and topics). Still, their interpretation often depends on ob-
jective (e.g., performance analysis) and subjective evaluations (e.g., thematic analysis) 
established through informed techniques and procedures. Moreover, bibliometric analy-
sis is helpful for rigorously comprehending vast volumes of unstructured data, which 
allows for the deciphering and mapping of the accumulated scientific knowledge and 
evolutionary nuances of a well-established area. Accordingly, a thorough bibliometric 
analysis can lay the groundwork for significant advances in an area. It enables and en-
courages researchers to (1) get a bird’s-eye view of the study landscape, (2) spot gaps in 
our understanding, (3) find novel tools and approaches with which to probe previously 
unexplored areas, and (4) place the research’s contribution in context.

3. Methodology

3.1. Bibliometric Analysis

VOSviewer version 1.6.17 was used to conduct bibliometric Analysis (Ariyani et al., 
2022; Masduki et al., 2022; Muhammad et al., 2022; Qin et al., 2022; Suprapto et al., 
2021). The information collected was used to make charts and tables. Bibliometric indi-. The information collected was used to make charts and tables. Bibliometric indi-The information collected was used to make charts and tables. Bibliometric indi-
cators were determined to be most pertinent to this work and are discussed in this article. 
Together-occurring categories include (i) document type, (ii) author, (iii) institution, 
(iv) country, (v) referenced document, (vi) journal source, and (vii) authors’ keywords 
(Christ-Ribeiro et al., 2021; Rodríguez-Rojas et al., 2021; Zyoud and Zyoud, 2021). The 
VOSviewer may generate a network of co-occurrence terms by reading exported Excel 
data and considering phrases from the index keyword. The simultaneous occurrence of 
events necessitates the identification of multidisciplinary techniques and the direction of 
future research (Christ-ribeiro et al., 2021; Gall et al., 2007; Guo et al., 2019; Lulewicz-
Sas, 2017; Nassaji, 2015; Zyoud and Zyoud, 2021). VOSviewer, Tableau Public, and 
Microsoft Excel were used to represent the data visually.
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Since the early 20th century, bibliometric analysis has been used to examine the 
world’s published literature (Sakata et al., 2013; Zhang et al., 2021; Zhou et al., 2021). 
Information about books, writers, libraries, academic journals, and other sources can be 
compiled using bibliometrics, a branch of statistics (de Melo et al., 2022). The prolif-
eration of published works on any given topic necessitates the application of multiple 
quantitative criteria for evaluating the most critical advances in the field (Marvuglia 
et al., 2020). Results from this Analysis can be trusted because they have been through 
a review process that can be repeated and is subject to public inspection. The dangers of 
conducting a subjective literature review are reduced when one uses objective judgments 
generated by computer programming (Bretas and Alon, 2021). Neither the passage of 
time nor the number of data samples may limit bibliometric study (Yu et al., 2020). In 
a recent study, well-known pieces of bibliometric software such as VOS-viewer (Walt-
man et al., 2010a), Bibliometrics (Aria and Cuccurullo, 2017), Hist-Cite (Bornmann and 
Marx, 2012; Garfield et al., 2006; Lucio-Arias and Leydesdorff, 2008), CiteSpace (Cha-
omei Chen et al., 2010; Chaomel Chen, 2006), CiteNetExplorer (van Eck and Waltman, 
2014), SciMAT (Cobo et al., 2012), and others have been utilized.

Bibliometric Analysis has several uses outside of academia. One of these is in the 
food science and technology industry (Christ-Ribeiro et al., 2021; Musa et al., 2021; 
Yeung et al., 2018), engineering (Hincapie et al., 2021; Huang and Xin, 2020), computer 
science (Zyoud and Zyoud, 2021), medical (Brimo Alsaman et al., 2021; Santisteban-
Espejo et al., 2020), education (Goksu, 2021), economics (Donthu et al., 2021; Saleem 
et al., 2021), and social science (Palácios et al., 2021). This study shows how research 
subjects, difficulties, and new developments have evolved (Flórez-Martínez et al., 2022). 
Therefore, we require the data provided by this analysis to comprehend the current state 
of publication patterns and their prospective practicality.

3.2. Data Mining

We might perform a subject search in the Scopus database to obtain the scientific publi-
cations published between 1987 and 2023. Scopus was used as a bibliometric resource 
in our research because it is widely acknowledged as the most comprehensive citation 
database and collection of abstracts of scholarly literature. It occurred because Scopus 
is a far more comprehensive database than Web of Science or PubMed (Christ-Ribeiro 
et al., 2021; Falagas et al., 2008; Mongeon and Paul-Hus, 2016). Previous bibliometric 
studies made analytical use of data retrieved from Scopus. Bibliographic details, key-
word combinations, and cited references were only some of the valuable information 
gleaned from Scopus. Fig. 1 shows the overall research methodology employed in this 
bibliometric analysis.

Data retrieval and analysis began on December 20, 2022. The search was con-
ducted in a single day to avoid the introduction of bias caused by incremental changes 
in the database because of daily citation updates. As a result, we could find everything 
we needed in a single day (Ellegaard and Wallin, 2015; Musa et al., 2021). Finding 
relevant articles in the literature required using the search term “computational think-
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ing.” According to the research process diagram, the database yielded 4.505 docu-
ments. Only documents that were entirely authored and published in English were 
considered. Specifically, 1,207 papers were located that discussed the topic of CT in 
some way. The information utilized in this analysis came solely from scholarly journal 
articles. 

This bibliometric study excludes conference proceedings, review articles, book re-
views, book chapters, and other publications not included in the Scopus database. There 
are several benefits to publishing in academic journals: (1) they are often subjected to a 
review by experts in the field (i.e., papers will be carefully evaluated for errors and may 
be rewritten several times); (2) It has a more extensive influence than the proceedings; 
(3) Well-researched, meticulously written papers; and (4) Constructive comments from 
reviewers. 

3.3. Data Cleanup

Some data is duplicated in the primary dataset. First, duplicates were removed using 
Open Refine software. It’s a free, open-source desktop program that can transform 
and clean data (Groves, 2016; Tillman, 2016). We classified nouns as singular or plu-
ral to transform them into the correct form. The terms “e-learning” and “E-learning” 
have been shortened to “E-Learning”, for instance. It wasn’t just words merged into 
a single terminology but also observations with the same meaning (Heikkinen and 
Marko, 2019). This cleaning procedure was subjected to multiple required manual 
checks and assessments. The information was sorted and scrubbed by hand using the 
VOSviewer’s thesaurus. 

3.4. Findings 

A search on the Scopus database using keywords associated with CT between 1987 and 
2023 yielded 1207 papers. In addition, this bibliometric study covers the same time 
frame as the results of a search on Scopus for the term “computational thinking” from 
1987 to 2023. No journal articles were published between 1988–1993 and 1996–2007. 
Several important events must be considered during this time. As far as we can tell, no 
one has ever explained why no articles were produced during those times. According to 

Fig. 1. Research methodology flowchart.
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several scholarly sources, CT didn’t appear in print until 2006. The number of articles 
published annually increased from 2008 to 2013, from an average of 3 to an average 
of 11 papers. Most reports were published between 2014 and 2022, as shown in Fig. 2, 
which shows that annual publication rates are rising, with a peak of 303 articles ex-
pected in 2022. We may attribute the fall to 2023 because few articles were written at 
the beginning of that year. 

4. Result and Discussion

4.1. Co-Authorship Analysis

The interaction in a social setting between two or more scientists that promotes the 
sharing of meaning and the execution of tasks involving a mutually shared aim is char-
acterized as author cooperation. The possibility of uncovering new knowledge, rising 
specialization within science, the complexity of the infrastructure necessary, and the ne-
cessity to combine varied expertise and abilities to handle complicated health problems 
urge authors to collaborate. The author’s cooperation can also help widen the scope of a 
research study and stimulate innovation by providing access to new fields. The examina-
tion of co-authorship offers a picture of collaboration patterns between individuals and 
organizations (Fonseca et al., 2016).

The author analysis data reveals 2792 authors who have written works on CT and 
made their work public. Fifty-two authors have five or more documents connected to 
their identities. These authors are associated with a total of 52 different documents. Ac-
cording to the number of documents shown in Fig. 3, there are a total of twenty authors 
who are among the most productive. The author with the most publications is Yadaw A, 
who has 12, followed by Hsu T.C. and Lee Y, who each have 11; Bers M.U. and Roman-
Gonzalez M, who each have 10; Kong S.C., Kalogiannakis M., and Dagiene V., who 
each have 8, and Sun L., who is the last author on the list.

Brief references that identify a specific piece of literature are called citations (e.g., 
book, article, chapter, website). We can find these in article and book databases and 

Fig. 2. Documents per year.
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places like bibliographies and reference lists. The information required to identify and 
locate a publication is included in a citation comprised of standard elements. There are 
several good reasons to credit the resources used in research appropriately. There are 
four main reasons to properly cite your sources: (1) to demonstrate to the reader that 
you have conducted thorough research; (2) to demonstrate that you are a responsible 
scholar by giving credit to other researchers and acknowledging their ideas; (3) to pre-
vent plagiarism by properly attributing the use of another author’s words or ideas; and 
(4) to enable the reader to locate the sources you have used through the use of footnotes, 
a bibliography, or a reference list. As seen in Fig. 4, Yadav A (980) has been cited more 
times than anyone else. There were 934 works by Bers M.U., 800 works by Wilensky 
U., 772 results by Roman-Gonzales M., and 681 works by Weintrop D. Each of these 
articles has received numerous citations, indicating that researchers are still interested in 
the subject matter presented.

Citations are produced when one author acknowledges the work of another author 
who has previously published on a subject comparable to the one discussed in the cur-
rent position. When we quote an earlier study, regardless of whether it was positive or 
negative, you demonstrate that you are familiar with it and that it has influenced the 
work that you are conducting at present. Citations are undeniably significant in the 
realms of both communication and scientific evaluation. It is because they constitute a 

Fig. 3. Top author documents.

Fig. 4. Top 10 citations.
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considerable fraction of most bibliometric indicators. To give one illustration, metrics 
like the Impact Factor, the H Index, and the Crown Indicator rely on citations to derive 
their values. In addition, Google Scholar and other academic search engines rank re-
sults according to the times that results have been mentioned (Rovira et al., 2018). Cita-
tion is one of the essential metrics for measuring the influence of research. It enables a 
more comprehensive study of the work produced by authors, journals, and institutions. 
As a result of this, a citation is one of the most critical metrics. Most databases used for 
evaluating and researching science (such as Web of Science, Scopus, or Dimensions) 
construct their impact, repercussion, and similarity indicators from records of the pri-
mary descriptive elements of a publication (such as its title, authors, subject matter, 
etc.). Besides that, it comes from references to studies that have been indexed. It allows 
the databases to accurately measure the scientific community’s reactions to new infor-
mation. These data stores do not preserve the complete texts of the documents; instead, 
they save the information required to locate the records and generate the indicators 
(Repiso et al., 2020). 

The strength of the connections between writers, represented in Fig. 5, is also shown. 
As stated in the VOSviewer documentation, the power of each link is represented by a 
positive numeric value, with a more excellent value indicating a more robust connection. 
Total link strength, meanwhile, reveals how often two authors have been included in the 
same magazine. Fig. 5 shows that Garaizar P. and Guenaga M. have the highest total link 
strength, at 17, meaning they are connected to most other researchers through their work. 
It is followed by Eguiliz A. Jacka L., Yakov Herskovitz, and Yaakov Israel-Fishelon, 
each with 16. These results show that further opportunities to work with these writers on 
CT exist. According to these findings, the overall citation number and the total strength 
of links are not always proportionate to the vast number of papers. Figures 3, 4, and 5 
reveal that although Garaizar P and Guenaga M have the highest total link strength, they 
do not have the most papers or citations.

Fig. 6 displays the densely packed bubbles of the leading institutions with the most 
documents on CT. This study successfully identified 2279 research institutions or uni-
versities engaged in the study of CT. There are 26 companies here that have released 
three or more albums. The sizes and colors of the data points represent different quanti-
tative dimensions. U.S. educational institutions take up a third of the top 10 spots.

Regarding citations, the College of Education at Michigan State University in the 
United States and the Center for Learning, Teaching, and Technology at the University 
of Hong Kong in Hong Kong are tied first with 169 and 169, respectively. Next comes 
the University of Cyprus, which has four documents cited by 334 sources, making it the 
most-cited institution. Based on these numbers, there is much room for improvement in 
CT research in academic institutions.

The geographically dispersed document semantic network is depicted in Fig. 7. With 
365 articles, 10546 citations, and a total link strength of 78, the United States domi-
nates the field of CT publishing. Second place was taken by China, which contributed 
80 documents, 783 citations, and 36 total link strengths. Next is Spain, with 79 papers, 
1640 citations, and a total link strength of 26. The research on CT has flourished swiftly 
and played a significant role in universities worldwide. Countries like the United States, 
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the United Kingdom, Turkey, Spain, and China produce a disproportionate share of the 
world’s articles, as evidenced by the overall link strength figure between these coun-
tries. Technology also plays a significant part in generating research on CT. Therefore, 
technological expertise is an important consideration. For countries that don’t tradi-
tionally produce publications in CT, this is a fantastic chance to join forces and build 
research networks.

In Fig. 8, we see a more in-depth visual representation of the country’s significantly 
contributing to this field of study. Graphs of each country’s output in CT, along with the 
number of documents produced by that country, its position within the area, and the total 
strength of its links, are presented in the first, second, and third bars, respectively.

Table 4 displays the top 10 CT publications. The top ten papers were published 
between 1987 and 2018. This information illustrates how this topic of study writing 
connected to CT is evolving. The problem raised by this study is mainly related to the 
concept of CT. 

The article with the most citations (857) describe the critical role of CT in problem-
solving. CT is a type of analytical thinking. It is usually based on mathematical thinking 
used for problem-solving. Furthermore, CT is also related to engineering thinking in a 
general way to design and evaluate broad and complex systems that operate with certain 
limitations in the real world. It is relevant to scientific thinking, widely used to under-
stand computation, intelligence, human mindsets, and human behavior habits. CT will 
affect every individual activity in all fields. It poses a challenge for its role in the educa-
tion sector, particularly in higher education. Harmony between science, technology, and 
society is needed in developing CT in education. Apart from that, the increasingly rapid 
technological advances and the demands of the digital era require individuals with the 
competence to think computationally well (Wing, 2008). In general, this article provides 
a fundamental foundation for applying CT.

A significant amount of research over the past three decades focused on questions 
about teaching and learning skills, concepts, and practices relevant to CT. Mathematics 

Fig. 7. Publication network between countries.
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and the natural sciences are two aspects of the world that are inextricably linked. This 
reality is mirrored in the rise of CT in education, from the basic to the tertiary level. 
The ability to think computationally is an essential component of scientific practice 
and should be taught to children at a young age. Given the difficulty of characterizing 
computational calculations, having this information is beneficial to have in the context 
of mathematics and the natural sciences. In addition, this article provides a theoreti-
cal framework and numerous strategies for approaching the problem-solving process 
within education and schooling. It’s essential to ensure that data, modelling, simulation, 
problem-solving, and systems work together effectively. The core framework meets 
the requirements for the maturation of CT (Weintrop et al., 2016). The fundamental 
explanation offered in this article presents several challenges and directions that can be 
followed to advance research on CT, which is one of the reasons this article receives a 
lot of traffic.

The journals with the most significant number of documents, citations, and total link 
strength from publications connected to CT are displayed in Fig. 9. The journal with 
the most important number of documents is Education and Information Technologies, 
which has 47. It is followed by Informatics in Education, Computers, and Education, 
and the Journal of Education Computing Research, all of which have the same number 
of documents (40). However, the journal with the highest number of citations overall 
is Computer and Education, which has 2551. It is followed by the Journal of Science 
Education and Technology, which has 1347 citations; Computer in Human Behavior, 
which has 1142 citations; and Education and Information Technology, which has 1056 
citations. Based on these findings, the journals that publish the most documents do not 
necessarily also have the most citations.

Fig. 8. Visualization of the top CT research countries.



A.A. Rafiq et al.704

In addition, Computers and Education possess the total link strength (TLS) that is 
greatest in the journal source, with 784 TLS. The Journal of Education Computing Re-
search comes in a close second with 455 TLS, then Education and Information Tech-
nologies with 435 TLS, and finally, the Journal of Science Education and Technology 
with 385 TLS. This information demonstrates that having many documents and citations 
does not necessarily result in a high TLS.

4.2. Co-Occurrence Analysis

Index and author search terms are available to researchers in the Scopus database. Ar-
ticle authors often choose keywords for search engines that best characterize their work. 
The article’s metadata can be improved with the author’s addition of relevant keywords. 
As opposed to this, index terms in Scopus are selected for inclusion in the database using 
a predetermined set of criteria. This method considers the index and the text of the title, 
abstract, and authors’ chosen keywords. VOSviewer provides three distinct methods for 
examining keywords: index-based, author-based, and a combination. As the author has 
the most intimate familiarity with the subject matter of this piece, the author keyword is 
used exclusively throughout. Keywords used in the index can cover more ground than 
those used in the author’s bibliography (Xiao et al., 2022).

Fig. 10 displays the author’s keyword network used in the study of CT. A total of 
2628 keywords were relevant to the author’s analysis. A graph like this is revealed when 
only the keywords that have appeared at least once are considered. In a typeface, the 
size of a keyword indicates how frequently it is used. Because of its importance as a 
keyword for sorting papers in the Scopus database, “computational thinking” is often 
written in bold. The study of CT yields a set of keywords that may be visualized into 
five distinct clusters and then used to describe networks between the terms. Different 
lines of research on the same topic have been grouped. The study shows a pattern that 
sometimes arises that is more common among a subset of the population. Every new 
cluster conforms to this pattern. We’ve assigned each color to help distinguish between 
different keyword sets.

VOSviewer will default group network nodes into logical structures called “clus-
ters.” Groups of nodes that are very similar to one another form a cluster. In a network, 

Fig. 9. The top ten journals with the number of documents, citations, and total link strength.



Mapping the Evolution of Computational Thinking in Education: ... 705

every node belongs to exactly one cluster. The resolution option controls the total num-
ber of clusters. Greater values for this parameter result in a more significant number of 
clusters. VOSviewer’s bibliometric network visualization feature employs color to sig-
nify a node’s membership in a .specific cluster (Waltman et al., 2010b). An optimization 
algorithm is needed for the method. An intelligent local movement algorithm is used in 
VOSviewer for this purpose (Waltman and Van Eck, 2013).

According to Fig. 10, seven clusters of keywords were found by co-occurrence anal-
ysis with author keywords. These groups created network visualizations among terms 
derived from CT subjects. The resulting groups characterize different lines of inquiry 
grounded in CT. There are trends in CT, and new keywords that are more particular to 
each cluster are emerging.

There is a red cluster up front. The most used term is “computational thinking.” 
Integration with “programming”, “scratch”, “educational robotics”, “education”, 
“problem-solving”, “K-12 education”, and “algorithm” has garnered attention. Since 
these concepts are most frequently mentioned in publications using terms from the 
red cluster, it’s safe to assume that these works focus on the relationship between CT 
and some of these keywords. CT emphasizes teaching students how to think algorith-
mically, build computational solutions to issues, and code. It highlights the abilities 
children can acquire through programming and algorithmic practice, such as thinking 
abstractly, solving problems, seeing patterns, and reasoning logically (Angeli and Gian-
nakos, 2020). Learning to code is a skill that must be fostered and nurtured. Tools like 
Scratch and App Inventor can make a big difference in helping students acquire this 

Fig. 10. Cluster visualization based on the topic of CT.
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skill (Molina-Ayuso et al., 2022; Pérez-Jorge and Martínez-Murciano, 2022). The use 
of educational robotics can shed light on where students are having trouble learning 
and where they are making progress in CT because of the robots’ strong psychometric 
qualities (G. Chen et al., 2017). By examining the terms that frequently appear in the 
abstracts of the red clusters, we can see that various research has merged CT into pro-
gramming, educational robotics, education, problem-solving, K-12, and other domains. 
It shows that researchers are getting more serious about studying the educational impli-
cations of CT. However, the scope of the current investigation can only cover so much 
ground, demonstrating the need for additional research into CT across all disciplines. 
New research in this area, utilizing all available methods and tools, will undoubtedly 
advance the field considerably.

Typical domains where CT is used include “engineering”, “informatics education”, 
“modeling and simulation”, “virtual reality”, and “problem-solving”, which make up the 
second green cluster. CT is a collection of abilities today’s students need to effectively 
utilize and develop tools and comprehend the implications of their capabilities and limi-
tations. Understanding the system, designing a solution, and coming up with innova-
tive ideas are all processes that benefit from manipulating and generating computational 
artifacts in the context of problem-solving (Emara et al., 2021) and engineering design 
(Lyon and J. Magana, 2020). There has been an increase in engineering specializations 
that rely on computational modeling, simulation, and software. (Lyon and J. Magana, 
2020; Magana and Silva Coutinho, 2017). Alongside these developments, efforts have 
been made to incorporate CT with virtual reality technologies (Nguyen et al., 2019; 
Nguyen and Dang, 2017).

Cluster 3 in blue is a group of dominant keywords in education. Keywords that of-
ten appear in this cluster include: “assessment”, “teaching/learning strategies”, “instruc-
tional design”, “STEM education”, and “teacher education”. Researchers working in 
education have been increasingly interested in the concept of CT. Many researchers find 
it challenging to measure CT skills because there is an increasing demand for and inter-
est in investigating how to assess the ability of CT skills in education. It has made it a 
challenge for researchers to measure them.(Shute et al., 2017; Tang et al., 2020). Using 
CT in the classroom is the same as any other educational practice. Improving students’ 
CT skills requires tactics that aid their understanding when teaching and learning. One 
approach uses educational robots to supplement classroom instruction (Chevalier et al., 
2022) and employs virtual professional development techniques (Jocius et al., 2022). 
ScratchJr (Chou, 2020), Scratch4SL and Second Life (Pellas and Peroutseas, 2017), 
SplashCode (Wangenheim et al., 2019), and computer programming (Sun et al., 2021) 
are some examples of instructional design in learning CT in STEM education. All these 
aspects are efforts to develop CT in education.

Cluster 4 in yellow shows how keywords associated with CT relate to those associ-
ated with mathematics. Scholars haven’t spent much time exploring the intersection of 
these two terms. It is a promising sign that researchers can finally use to fill the void in 
this area. As the field of computing continues to advance at a rapid pace, governments 
around the world are placing greater emphasis on the importance of computer science 
education. That is to say that teachers at all educational levels have begun incorporating 
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lessons in programming and CT into their IT classes. Research on CT often focuses on 
how students acquire and hone their CT abilities. Much research has neglected to ex-
amine how to foster students’ CT best regarding mathematical thinking. Because of its 
centrality to educational research, the teaching field has traditionally focused on factors 
that have been shown to have a constructive impact on students’ academic and personal 
development. Mathematical knowledge intervention research looks crucial for gauging 
students’ academic progress with subpar intelligence. Unfortunately, studies bridging 
the computational and mathematical thinking gap are relatively scarce. Though it’s 
critical to study how understanding mathematical thinking and students’ pedagogical 
abilities concerning CT might improve student and teacher performance, this research 
has limitations (Liu et al., 2019).

Only one interaction involving “computational thinking” and “pre-service teacher 
education” relates to the fifth cluster. This cluster suggests that the keywords pre-service 
teacher education and CT are not frequently used in the study linked to CT. It has not yet 
been possible to conduct research on a broad scale concerning the development of CT 
in primary education and higher education settings. According to one school of thought, 
CT abilities at a younger age resulting in better outcomes. As a result of teachers’ signifi-
cant role in ensuring that students are exposed to CT during the learning process, teach-
ers need to prepare effectively. This introduction can be offered to all science subfields, 
beginning with the fundamentals and progressing to incorporating CT into educational 
practice (Butler and Leahy, 2021; Gabriele et al., 2019; Umutlu, 2021). In this context, 
many gaps can still be employed in developing CT in pre-service teacher education. As 
a result, academics can explicitly join that area to create it if they choose to do so.

Only two words – “computational thinking” and “computing curriculum” – interact 
inside this black cluster. Based on research in this area, computers are barely touched 
upon in formal education settings. When dug more profound, the term “computer cur-
riculum” reveals a wealth of nuanced topics for study by curriculum designers at all edu-
cational levels, from primary to graduate. One factor that determines whether students 
successfully learn CT is the curriculum they follow. A program’s success in teaching CT 
depends on the individual teacher. The teacher’s engagement concerns his pedagogical 
skills and his actual classroom practice. In addition, students’ knowledge and CT skills 
might benefit from using technology in the classroom. There is an interplay between 
the instructors’ knowledge, beliefs, habits, and culture when employing technology in 
the classroom. Educators have a significant obstacle when developing lessons for CT. 
Adopting technology into the curriculum is not straightforward. If changes occur by ap-
plying CT, instructors will encounter internal and extrinsic problems because of imple-
menting such changes (Larke, 2019; Sentance and Csizmadia, 2017). The cluster of re-
sources here addresses a significant knowledge vacuum in this area by providing studies 
and analyses on how to incorporate CT into educational programs best

CT and design science research are the two corresponding keywords that comprise 
the seventh cluster. Studying the paradigm that results from these two terms is crucial. 
Research in design science related to CT has roots primarily in engineering and artificial 
science, a way of problem-solving by producing novel objects designed with knowledge 
and innovation. CT and design science research aim to further human understanding. 
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Research in design science examines issues that are pertinent to the real world. The need 
for research in this area is due to an alternative solution that needs to be empirically 
tested using technology. Needs analysis is frequently required for the early identification 
of needs when implementing design science research combined with CT. As a result, de-
sign science research evaluates the academic knowledge base to characterize how much 
design knowledge is available to solve challenges. However, there are also cases where 
development needs are based on research and data already collected. The plan is for 
students to use this framework to learn how to solve problems using data science theory 
and broaden their perspectives on data science issues (Song and Zhu, 2017). Based on the 
cluster analysis results, future studies in this area would likely advocate for greater incor-
poration of design science research into higher education technology curricula (Apiola 
and Sutinen, 2021). The low level of research around CT with design science research can 
also be identified through this cluster’s analysis, allowing future studies to fill this gap.

4.3. The Web of Science Database Provides Fundamental Analysis  
for the Comparison.

This section will compare the fundamental analysis of the Web of Science (WoS) data-
base using co-authorship and co-occurrence analysis. The results of these two primary 
analyses will demonstrate that each database utilizes a unique algorithm to present the 
data they contain.

In the WoS database, 17837 authors write on CT. There are 663 writers with mul-
tiple contributions. The WoS database reveals that five author chains have written the 

Fig. 11. Overlay visualization for authors’ keywords in CT.
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most documents together (Fig. 12). Dagiene, V., has 22 papers. The writers with the 
most papers in the WoS dataset are Biswas, G., Wilensky, U., and Robles, G. Each of 
these authors has produced 18 unique documents, and Repenning, A. has produced 
17 unique documents. Meanwhile, there are four authors with a combined total of 15 
papers. These authors include Repenning, A., Barnes, T., Roman-Gonzales, M., and 
Magana, A.J.

The writers with the most citations are displayed in Fig. 13, which may be seen 
here. The number also considers the total number of papers in the authors’ possession. 
According to this investigation, the number of citations does not appear to follow a 
linear relationship with the number of documents the authors own. Jonas, P. has a total 
of three papers that include a total of 1616 citations. The following in line is Wilensky, 
U., who has 1013 citations and 18 documents. In the meantime, Grover, S. has com-
piled 12 texts that have a total of 1001 references. The following person on the list is 
Tanenbaum., J. B., who has four documents and 976 citations. Both Castro, MA., and 
Cebral, Jr. have accumulated 968 citations. Finally, Michael Frank, Noah Goodman, 
Randall O’Reilly, and Thomas Griffiths each have 963, 930, and 905, 884 references 
to their names, respectively. Only Wilensky, Uri., included in Fig. 12’s largest group of 
authors, was among the top 10 authors regarding the number of times other researchers 
cited their work.

In total, 4324 World of Science database organizations covers CT. Just 204 institu-
tions are missing fewer than ten documents. In Fig. 14, we present a list of the organiza-
tions that have published the most numbers. The University of California, Los Angeles, 
is now in first place on this list with 98 documents created. After that comes Carnegie 
Mellon University with 98 documents, then on to Colorado University with 50 docu-
ments, and so on until we reach the end; notably, all ten organizations in this list with 
the most documents originate from the United States. 

The Massachusetts Institute of Technology (MIT) is the institution that has been 
cited the most times (7143), as seen in Fig. 15. It makes MIT the organization that holds 
the record for the most significant number of citations. Next in line is Princeton Univer-

Fig. 13. The CT authors with the most citations in the WoS database.
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sity, with 9964 citations, even though it only possesses 36 papers. It was next, followed 
by Carnegie Mellon University, which had 7143 citations. The University of California, 
Berkeley comes in last place with 4686 citations, falling behind Stanford University, 
which has 5146 citations.

In the WoS database, 107 countries have contributed to research on CT. However, 
only eight countries have produced at least 200 documents. The United States of Amer-
ica is the nation that has made the most significant contributions to the field of study 
on CT. Table 5 shows the number of documents created in the United States was 2369, 
30.53% of the total documents created. The number of citations that were obtained was 
81393 in total. Also, this was the highest number among the countries that contributed. 
In addition to these, China has 753 papers (6464 citations). Next is England, which has 
481 documents (13440 citations). The following country on the list is Germany, which 
has 331 papers and 14023 citations. Even though there are fewer documents in German, 
the number of citations in German is more significant than in English.

The WoS database’s co-occurrence analysis divides the data into three clusters from 
the VOSviewer’s perspective (Fig. 16). The initial grouping is represented by green. The 
size of the bubbles that these phrases create shows how frequently they appear in this 

Fig. 14. The organization with the most documents about CT on the WoS database.

Fig. 15. The organization with the most citations in CT on the Web of Science.
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cluster. The concept of CT seems more often than any other. Next are fields like physics, 
mathematics, computer science education, problem-solving technology, K-12 education, 
design, robots, coding, frameworks, students, and pedagogy. This group is exceptionally 
dedicated to the use of computers in academic settings. It is evidenced by the frequency 
with which terms from education, technologically oriented learning, computer science, 
and mathematics appear among the top searched terms.

Red was used for the second cluster. The word “model” will be the focus of this 
huddle. In addition, computational models, computer systems, artificial intelligence, 
decision-making, vision, cognition, computer networks, and language. If we keep closer 
attention, we’ll notice that the keywords frequently in this cluster suggest that a signifi-
cant portion of the conversation focuses on applying CT.

The next cluster is represented by blue. This group contains several instances when 
the most important keywords are repeated multiple times. This line is used more fre-
quently than any other, as “dynamics” has the giant bubble of all the keywords. The 

Table 5
Countries with the most documents and citations in CT on the WoS database

Countries Documents Citations

USA 2369 81393
China   753   6464
England   481 13440
Germany   331 14023
Spain   263   6344
Italy   262   4160
Canada   242   4925
Japan   235   3946

Fig. 16. Visualization of the co-occurrence analysis of CT on the WoS database.
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words “simulation”, “evolution”, “algorithm”, “machine learning”, “optimization”, 
“prediction”, “system thinking”, and “computational fluid dynamics” are among the 
most common that appear in connection with this cluster.

Using the WoS database, a simple analysis was performed on CT, and the results re-
vealed three critical differences between the Scopus and Web of Science databases. The 
first distinction between the databases is crucial since they both utilize citation counts 
to determine how frequently an article is referenced. The database size affects the total 
number of citations, with more extensive databases yielding more references (Osiński, 
2018). There may be differences in citation patterns between document kinds, such 
as patents and journal articles, that impact the context in which publication norms are 
established (Cabeza et al., 2020). Therefore, the range of documents included may also 
be significant. Second, when determining precise citation counts, another area where 
databases diverge is the precision with which internal matching of citation items is 
performed (Singh et al., 2021; Stahlschmidt and Stephen, 2020).

On the other hand, incompleteness in the network was discovered. As for the third 
point, neither Scopus nor WoS is perfect. They have issues with missing references 
and incorrect connections. Inaccurate matching of quoted and quoted papers, miss-
ing references, and erroneous metadata in references are all issues plaguing WoS 
(Anker et al., 2019). Even though both documents were indexed and had sufficient 
data to link, Scopus experienced problems with missing citation relationships be-
tween them.

5. Suggestions and Recommendations for Future Research

According to Fig. 11, there are a variety of recommendations for additional research on 
topics associated with the development of research on CT. According to the findings of 
the overlay visualization provided by VOSviewer, a few potential study patterns can 
be derived from the discovered themes. These innovative issues in this area of study 
have the potential to be investigated further. The upcoming research topics for this 
area are illustrated in Fig. 17. Many potential avenues for further study development 
are displayed in the visualization overlay because of the authors’ keyword, as depicted 
by the yellow node in Fig. 17. CT is linked to studies in data science in Fig. 17(a). 
The association between the two appears yellow, indicating that few CT themes have 
been explored in design science. Seven publications were found in the Scopus database 
between 2019 and 2023 when searching for “computational thinking” and “design sci-
ence research”, indicating that further investigation is warranted. Fig. 17(a) suggests 
future design science research subjects as applicable frameworks for CT, software en-
gineering, and STEM (science, technology, engineering, and mathematics) integration 
in higher education. Research conducted can be multidisciplinary if the goal is to dis-
cover how to prevent problems by creating effective remedies. Researchers hope their 
findings prove that data science research is the best method for teaching people how to 
handle critical situations. Moreover, design science research can be used to integrate 
the research approaches of many disciplines into technological endeavors. As a result, 
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this has implications for many educational skills, such as innovative thought, practical 
discourse, sound reasoning, and fruitful teamwork. 

The network words that include CT and students are displayed in Fig. 17(b). Search-
ing for “computational thinking” and “students” returns 2913 results. However, we 
adapted our Scopus search to include both terms, CT, and vocational education, as the 
intended readers are students pursuing degrees in these fields. After searching Scopus, 

(a) CT – design science research (b) CT - students

(c) CT – data science education (d) CT – virtual reality 

(e) CT – bibliometric analysis – educational 
technology

(f) CT – instructional design

(g) CT – computational empowerment - education (h) CT – computational science

Fig. 17. The future research potential topic in CT.
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four papers were located. The possibilities for furthering the study of CT for vocational 
students are enormous, but the method has not yet been implemented in many facets of 
vocational education. Learning with living books (mobile learning, augmented reality, 
virtual reality, and mixed reality) within the framework of micro-learning methodologies 
is proposed to promote CT among vocational students, which could help advance the 
field of CT. The best way to determine a difference is to conduct the test with the experi-
mental and control groups. More than that, we must create research tools that quantify 
these factors (e.g., lesson plans, assessment methods, etc.). The study’s findings may 
indicate that students whose education centered on microlearning tactics utilizing live 
books were more likely to develop CT skills than their counterparts centered on more 
traditional learning approaches (Leela et al., 2019).

Future research may use the keyword network depicted in Fig. 17(d). Interesting 
research directions include exploring the intersection of CT and virtual reality. The 78 
papers covering 2008-2023 that may be found in Scopus are evidence of this. Scopus 
data also shows that only 16 publications are from peer-reviewed journals; the remainder 
is from conferences or other events. Therefore, there is much room for further devel-
opment of this study area. The urgency with which the requirement for technological 
mastery must be met arises from the fact that modern technology is advancing at an 
unprecedented rate; this is directly related to the necessity of resolving tough and intri-
cate challenges. The education sector must consider the current situation associated with 
integrating AI and IoT, which has become a popular new generation of technology. The 
purpose is to help pupils become better problem solvers so they may do better in school. 
Teaching kids to think computationally gives them the tools to analyze complex situa-
tions and develop workable solutions. It is recommended to use CT education applied in 
education that integrates virtual reality technology. The goal is to provide a more lifelike 
experience through VR. On the other hand, virtual reality (VR) can help students learn 
about a topic by allowing them to immerse themselves in a simulated environment and 
solve problems in a way that is like what they would encounter in the real world. Future 
research findings can reveal that students’ enthusiasm to learn and their capacity to think 
computationally can be increased by utilizing virtual reality, in addition to the preset 
techniques focused on explaining the core of the problem and brainstorming potential 
problem-solving (Lai et al., 2021).

Fig. 17(e) illustrates the possibilities for CT concerning bibliometric keywords and 
instructional technologies. Three articles in the Scopus search discussed the connec-
tions between the input terms (CT, bibliometric analysis, and educational technology). 
All three pieces appeared in the 2021–2022 Education and Information Technologies 
issue. Many scholars across many disciplines are now increasingly interested in CT. A 
bibliometric method is still handy in CT research since it allows researchers to track how 
the field has changed to benefit current and future scientific advancements. The follow-
ing requirement is to know the outcomes of cross-national and cross-national research 
collaborations. Additionally, since there are still a lot of issues that can be studied, com-
putational development in STEM is still necessary. In terms of educational technology, 
there is currently a great deal of interest in continuing to innovate and improve to ensure 
the sector’s viability. It’s a significant problem for researchers to address these needs in 
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the period of the fourth industrial revolution, which calls for digitization in the sphere 
of education. These recommendations and ideas are generally based on current trends 
to offer guidance regarding the topic’s relevance to research needs and directions for 
future research. With the use of bibliometric study and a CT method, it is intended that 
this concept would advance the field’s research, inform future research, and advance the 
advancement of educational technology.

Fig. 17(f) shows a term network connecting “computational thinking” and “instruc-
tional design.” Among the 41 documents returned by a search on Scopus for these two 
terms, 20 were journal articles, while the rest were either proceedings or reviews. It is 
clear from the search results that there is much room for growth around research dedi-
cated to instructional design. Creating learning experiences that use instructional media 
is crucial in vocational education. To maximize the effectiveness of learning strategies, 
they should be combined with modern learning tools. Several challenges in different 
spheres of human existence can be overcome with technology in education. Since com-
petence is a skill that can be honed through practice, developing strategies for confront-
ing issues in the realm of technology presents an opportunity to be developed in educa-
tion. It is advocated that instructional designers apply CT to their work to understand 
better and address the issues they face. Design-based research approaches, such as the 
ADDIE model, are commonly used in studies examining the creation of educational 
media. Media-based activities with an eye on assessing their effect on computational 
thinking abilities are recommended as part of a curriculum redesign.

A keyword network involving the terms “computational thinking”, “computational 
empowerment”, and “education” is shown in Fig. 17(g). We may do some severe digging 
by focusing on these three terms. There were seven results for these three keywords in 
Scopus: four proceedings and three journal articles. A strategy or model for advancing 
CT in education is the notion that needs to be carried out for future research. With the 
hope of fostering critical technology use in the classroom, computational empowerment 
can be utilized to extend CT. A current issue, however, is the inability to correctly iden-
tify the traits of advances in computer-based empowerment. The first step in achieving 
CT and computational enablement aims to get an understanding of and be able to com-
municate developments in computational enablement. Considering this analysis, some 
potential areas for improvement have been proposed. One is that gaining a sense of 
computing empowerment is simply becoming knowledgeable about computing con-
cepts, computing practices, and technology’s role in the educational system. As a result, 
the model may be used by educators and researchers to identify, define, and compare 
learning objectives in the context of empowering computers, ensuring that the goals of 
instruction are consistent and mutually reinforcing.

As seen in Fig. 17(h), computational science is a rapidly developing topic with much 
room for future study. Because “computational thinking” is a synonym for “computa-
tional science”, it is impossible to split the two into distinct networks. There were 46 
documents retrieved from Scopus, 16 of which were actual articles, and the rest were 
either proceedings or reviews. The need to learn CT is emphasized throughout the 16 
papers, yet it is unclear where the scientific knowledge gap lies. There is still much room 
for growth in computational science, as scientists increasingly rely on computational 
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modeling and data analysis to delve deeper into the natural world’s mysteries and un-
cover solutions to long-standing scientific conundrums. The advancement and growth of 
research in the twenty-first century are inextricably linked to computational modeling, 
which has many applications in science and will continue to be crucial for science and 
engineering. Research along these lines seeks to equip the next generation of interdisci-
plinary scientists with the understanding, competence, and ethics to effectively address 
the myriad scientific, technical, and societal concerns facing the world today.

Some recommendations and suggestions may be utilized as starting points for more 
bibliometric investigation if one so chooses. Because of several restrictions imposed on 
the research, this bibliometric study does not go into detail regarding all the relevant 
topics and concerns.

6. Limitations 

The process of data selection in a bibliometric study might provide several challenges. 
Not the least of these is how tricky estimating a field’s ideal maturity and growth can be. 
Some limitations of this bibliometric approach can be seen in this setting. The primary 
restriction is that only papers included in the Scopus database have been used for this 
study. Peer-reviewed social sciences and education literature can be found in the Scopus 
database (Hallinger and Kovačević, 2019). However, it does not constitute a complete or 
exhaustive list of all relevant sources (Mongeon and Paul-Hus, 2016). So, if more data-
bases are used to compile additional publications, the analysis will probably produce dif-
ferent results. Second, this bibliometric study relies solely on scholarly journal articles 
as its data source. This review does not include articles published as conference papers, 
book chapters, reviews, editorials, notes, erratum, or correspondence. By doing so, we 
can refine the bibliometrics’ utility and quality while decreasing the number of spurious 
results. In the future, investigations can use whichever forms of high-quality and filtered 
publications best suit the analysis’s demands. Thirdly, we can’t find everything related 
to CT by searching Scopus with only that term. Variations in monitoring data will allow 
for more nuanced conclusions in future research.

7. Conclusion

This research work uses a methodology known as bibliometric analysis to evaluate, 
analyze, and discuss academic journal articles on CT published between 1987 and 2023. 
Researchers from many countries praise CT and its benefits, increasing the number 
of studies on the topic. The increasing number of studies on this subject (Bower and 
Falkner, 2015; European Schoolnet, 2015; Falkner et al., 2015; Heintz and Mannila, 
2018; J. Lockwood and Mooney, 2018) indicates that it will be essential in helping aca-
demic achievement target. According to investigative findings, the types of classes that 
most often include CT activities focus on education. The ideas of CT have been applied 
to various fields of life, and various activities related to them have been incorporated 
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into multiple areas of study in universities. CT is more than a tool for programmers; it is 
an essential life skill everyone should promote and value. As a result, CT is an area that 
requires additional research, as is the effect of CT on student achievement.

In addition, applications and methodologies for teaching CT are investigated. Most 
research has concentrated on the following four instructional strategies: problem-based 
learning, project-based learning, collaborative learning, and game-based education. 
Over the last ten years, several scholars have highlighted CT’s benefits to students’ edu-
cational experiences. This result suggests that future research should concentrate on 
developing and implementing various learning strategies to assist students in develop-
ing their subject knowledge and mastering complex skills such as critical thinking and 
problem-solving. Developing and implementing these learning strategies should be a 
primary focus of future research.

In sum, CT will face many problems in the future. Still, with further growth and adap-
tation, it will continue to be a powerful problem-solving technique that can assist in han-
dling various issues in various sectors. CT will have to overcome many obstacles in the 
years ahead as technology advances. Among the many difficulties that must be overcome, 
a few stand out as particularly daunting: (1) keeping up with technology advances; (2) ad-
dressing ethical problems; (3) encouraging diversity and inclusion; (4) incorporating CT 
into other professions; and (5) managing complexity. The role of CT in education can be 
defined as a method of problem-solving that emphasizes the use of algorithms and logical 
reasoning to deconstruct and then solve even the most intractable of challenges.

Acknowledgments

We thank the Indonesia Endowment Fund for Education (LPDP) from the Ministry of 
Finance Republic Indonesia for granting the scholarship and supporting this research.

References

Ananiadou, K., Claro, M. (2009). 21st century skills and competences for new millennium learners in OECD 
countries. OECD Education Working Papers, 41, 33. http://dx.doi.org/10.1787/218525261154

Angeli, C., Giannakos, M. (2020). Computational thinking education: Issues and challenges. Computers in Hu-
man Behavior, 105, 106185. https://doi.org/10.1016/j.chb.2019.106185

Anker, M. S., Hadzibegovic, S., Lena, A., Haverkamp, W. (2019). The difference in referencing in Web of Sci-
ence, Scopus, and Google Scholar. ESC Heart Failure, 6(6), 1291–1312. 
https://doi.org/10.1002/ehf2.12583

Apiola, M., Sutinen, E. (2021). Design science research for learning software engineering and computational 
thinking: Four cases. Computer Applications in Engineering Education, 29(1), 83–101. 
https://doi.org/10.1002/cae.22291

Aria, M., Cuccurullo, C. (2017). bibliometrix: An R-tool for comprehensive science mapping analysis. Journal 
of Informetrics, 11(4), 959–975. https://doi.org/10.1016/j.joi.2017.08.007

Ariyani, Y. D., Wilujeng, I., Dwiningrum, S. I. A. (2022). Bibliometric analysis of SCAMPER strategy over the 
past 20 years. International Journal of Evaluation and Research in Education, 11(4), 1930–1938. https://
doi.org/10.11591/ijere.v11i4.22316

Armoni, M., Gal-Ezer, J. (2014). Early computing education-why? What? When? Who? ACM Inroads, 5(4), 
54–59. https://doi.org/10.1145/2684721.2684734



A.A. Rafiq et al.718

Barr, V., Stephenson, C. (2011). Bringing-CT-K12-Role-of-CS-Education. Acm Inroads, 2(1), 48–54.
Binkley, M., Erstad, O., Herman, J., Raizen, S. (2012). Defining Twenty-First Century Skills. In Assessment and 

teaching of 21st century skills (Vol. 9789400723). 
https://doi.org/10.1007/978-94-007-2324-5

Bornmann, L., Marx, W. (2012). HistCite analysis of papers constituting the h index research front. Journal of 
Informetrics, 6(2), 285–288. https://doi.org/10.1016/j.joi.2011.11.001

Bower, M., Falkner, K. (2015). Computational thinking, the notional machine, pre-service teachers, and re-
search opportunities. Conferences in Research and Practice in Information Technology Series, 160(January), 
37–46.

Brackmann, C. P., Moreno-León, J., Román-González, M., Casali, A., Robles, G., Barone, D. (2017). Develop-
ment of computational thinking skills through unplugged activities in primary school. ACM International 
Conference Proceeding Series, January 2018, 65–72. https://doi.org/10.1145/3137065.3137069

Braun, D., Huwer, J. (2022). Computational literacy in science education–A systematic review. Frontiers in 
Education, 7(August), 1–15. https://doi.org/10.3389/feduc.2022.937048

Bretas, V. P. G., Alon, I. (2021). Franchising research on emerging markets: Bibliometric and content analyses. 
Journal of Business Research, 133(May), 51–65. 
https://doi.org/10.1016/j.jbusres.2021.04.067

Brimo Alsaman, M. Z., Sallah, H., Badawi, R., Ghawi, A., Shashaa, M. N., Kassem, L. H., Ghazal, A. (2021). 
Syrian medical, dental and pharmaceutical publication in the last decade: A bibliometric analysis. Annals of 
Medicine and Surgery, 66(April), 102441. https://doi.org/10.1016/j.amsu.2021.102441

Butler, D., Leahy, M. (2021). Developing preservice teachers’ understanding of computational thinking: A con-
structionist approach. British Journal of Educational Technology, 52(3), 1060–1077. 
https://doi.org/10.1111/bjet.13090

Cabeza, L. F., Chàfer, M., Mata, É. (2020). Comparative analysis of web of science and scopus on the energy 
efficiency and climate impact of buildings. Energies, 13(2). https://doi.org/10.3390/en13020409

Chan, S. W., Looi, C. K., Ho, W. K., Huang, W., Seow, P., Wu, L. (2021). Learning number patterns through 
computational thinking activities: A Rasch model analysis. Heliyon, 7(9), e07922. 
https://doi.org/10.1016/j.heliyon.2021.e07922

Charlton, P., Luckin, R. (2012). Time to reload? Computational Thinking and Computer Science in Schools. 
Conference Paper.

Chen, Chaomei, Ibekwe-SanJuan, F., Hou, J. (2010). The Structure and Dynamic of Cocitation Cluster: A 
Multiple-Perspective Cocitationn Analysis. Journal of the American Society for Information Science and 
Technology, 61(7), 1386–1409. https://doi.org/10.1002/asi.21309

Chen, Chaomel. (2006). CiteSpace II: Detecting and Visualizing Emerging Trends and Transient Patterns in 
Scientific Literature. Journal of American Society for Information Science and Technology, 57(3), 358–377. 
https://doi.org/10.1002/asi.20317

Chen, G., Shen, J., Barth-Cohen, L., Jiang, S., Huang, X., Eltoukhy, M. (2017). Assessing elementary students’ 
computational thinking in everyday reasoning and robotics programming. Computers and Education, 109, 
162–175. https://doi.org/10.1016/j.compedu.2017.03.001

Cheung, R. H. P. (2013). Exploring the use of the pedagogical framework for creative practice in preschool set-
tings: A phenomenological approach. Thinking Skills and Creativity, 10, 133–142. 
https://doi.org/10.1016/j.tsc.2013.08.004

Chevalier, M., Giang, C., El-Hamamsy, L., Bonnet, E., Papaspyros, V., Pellet, J. P., Audrin, C., Romero, M., 
Baumberger, B., Mondada, F. (2022). The role of feedback and guidance as intervention methods to foster 
computational thinking in educational robotics learning activities for primary school. Computers and Edu-
cation, 180(January), 104431. https://doi.org/10.1016/j.compedu.2022.104431

Chou, P. N. (2020). Using ScratchJr to Foster Young Children’s Computational Thinking Competence: A Case 
Study in a Third-Grade Computer Class. Journal of Educational Computing Research, 58(3), 570–595. 
https://doi.org/10.1177/0735633119872908

Christ-Ribeiro, A., Chiattoni, L. M., Mafaldo, C. R. F., Badiale-Furlong, E., Souza-Soares, L. A. de. (2021). 
Fermented rice-bran by Saccharomyces cerevisiae: Nutritious ingredient in the formulation of gluten-free 
cookies. Food Bioscience, 40(June 2020), 100859. https://doi.org/10.1016/j.fbio.2020.100859

Christ-ribeiro, A., Moreira, L., Roseli, C., Mafaldo, F., Badiale-furlong, E., Souza-soares, L. A. De. (2021). 
Food Bioscience Fermented rice-bran by Saccharomyces cerevisiae : Nutritious ingredient in the formula-
tion of gluten-free cookies. Food Bioscience, 40(June 2020), 100859. 
https://doi.org/10.1016/j.fbio.2020.100859

Cobo, M. J., Lõpez-Herrera, A. G., Herrera-Viedma, E., Herrera, F. (2012). SciMAT: A new science mapping 
analysis software tool. Journal of the American Society for Information Science and Technology, 63(8), 



Mapping the Evolution of Computational Thinking in Education: ... 719

1609–1630. https://doi.org/10.1002/asi.22688
Csizmadia, A., Curzon, P., Dorling, M., Humphreys, S., Ng, T., Selby, C., Woollard, J. (2015). Computational 

Thinking: A Guide for Teachers. Computing At School, October 2018, 18.
de Melo, S. N., Silva, A. C., Barbosa, D. S., Pena, H. P., Duarte, S. C., Teixeira-Neto, R. G., da Silva, E. S., 

Belo, V. S. (2022). Worldwide and Brazilian scientific publications on Leishmaniasis in the first 19 years of 
21st century: a bibliometric study. Journal of Infection in Developing Countries, 16(4), 675–682. https://
doi.org/10.3855/jidc.13064

Denner, J., Coulter, B., Allan, W., Werner, J. M. L., Nouri, J., Zhang, L., Mannila, L., Norén, E. (2011a). P32-
Lee. Education Inquiry, 2(1), 32–37. https://doi.org/10.1080/20004508.2019.1627844

Denner, J., Coulter, B., Allan, W., Werner, J. M. L., Nouri, J., Zhang, L., Mannila, L., Norén, E. (2011b). P32-
Lee. Education Inquiry, 2(1), 32–37.

Denning, P. J. (2013). Viewpoint the science in computer science. Communications of the ACM, 56(5), 35–38. 
https://doi.org/10.1145/2447976.2447988

Denning, P. J. (2019). Computational Thinking (The MIT Press Essential Knowledge series) (Essential). The 
MIT Press. https://www.xarg.org/ref/a/0262536560/

Donthu, N., Kumar, S., Mukherjee, D., Pandey, N., Marc, W. (2021). How to conduct a bibliometric analysis : 
An overview and guidelines. Journal of Business Research, 133(March), 285–296. 
https://doi.org/10.1016/j.jbusres.2021.04.070

Ellegaard, O., Wallin, J. A. (2015). The bibliometric analysis of scholarly production: How great is the impact? 
Scientometrics, 105(3), 1809–1831. https://doi.org/10.1007/s11192-015-1645-z

Emara, M., Hutchins, N. M., Grover, S., Snyder, C., Biswas, G. (2021). Examining student regulation of collab-
orative, computational, problem-solving processes in openended learning environments. Journal of Learn-
ing Analytics, 8(1), 49–74. https://doi.org/10.18608/JLA.2021.7230

European Schoolnet. (2015). Computing our future. Computer Programming and Coding: Priorities, School 
Curricula and Initiatives across Europe. European Schoolnet., 87.

Exchange, C. L. (2015). Using system dynamics and systems thinking (SD/ST) tools and learning strategies to 
build science, technology, engineering, and math excellence. In Deutschschweizer Erziehungsdirektoren-
Konferenz, 9797.

Falagas, M. E., Pitsouni, E. I., Malietzis, G. A., Pappas, G. (2008). Comparison of PubMed, Scopus, Web of 
Science, and Google Scholar: strengths and weaknesses. The FASEB Journal, 22(2), 338–342. 
https://doi.org/10.1096/fj.07-9492lsf

Falkner, K., Vivian, R., Falkner, N. (2015). Teaching computational thinking in K-6: The CSER digital tech-
nologies MOOC. Conferences in Research and Practice in Information Technology Series, 160(January), 
63–72.

Flórez-Martínez, D. H., Contreras-Pedraza, C. A., Escobar-Parra, S., Rodríguez-Cortina, J. (2022). Key Drivers 
for Non-Centrifugal Sugar Cane Research, Technological Development, and Market Linkage: A Technologi-
cal Roadmap Approach for Colombia. Sugar Tech. 
https://doi.org/10.1007/s12355-022-01200-9

Fonseca, E., Pennucci, T. T., Ellis, J. A., Stairs, I. H., Nice, D. J., Ransom, S. M., Demorest, P. B., Arzoumanian, 
Z., Crowter, K., Dolch, T., Ferdman, R. D., Gonzalez, M. E., Jones, G., Jones, M. L., Lam, M. T., Levin, 
L., McLaughlin, M. A., Stovall, K., Swiggum, J. K., Zhu, W. (2016). the Nanograv Nine-Year Data Set: 
Mass and Geometric Measurements of Binary Millisecond Pulsars. The Astrophysical Journal, 832(2), 167. 
https://doi.org/10.3847/0004-637x/832/2/167

Gabriele, L., Bertacchini, F., Tavernise, A., Vaca-Cárdenas, L., Pantano, P., Bilotta, E. (2019). Lesson planning 
by computational thinking skills in Italian pre-service teachers. Informatics in Education, 18(1), 69–104. 
https://doi.org/10.15388/infedu.2019.04

Gall, Gall, Borg. (2007). Situated Ethics in Educational Research Society for Educational Studies. British Jour-
nal of Educational Studies, 49(3), 362–365.

Garfield, E., Paris, S. W., Stock, W. G. (2006). Software Tool for lnformetric Analysis of Citation Linkage. 
Information-Wissenschaft Und Praxis, 57(8), 391–400.

Goksu, I. (2021). Bibliometric mapping of mobile learning. Telematics and Informatics, 56(March), 101491. 
https://doi.org/10.1016/j.tele.2020.101491

Gretter, S., Yadav, A. (2016). Computational Thinking and Media & Information Literacy: An Integrated Ap-
proach to Teaching Twenty-First Century Skills. TechTrends, 60(5), 510–516. 
https://doi.org/10.1007/s11528-016-0098-4

Grover, S., Pea, R. (2013). Computational Thinking in K-12: A Review of the State of the Field. Educational 
Researcher, 42(1), 38–43. https://doi.org/10.3102/0013189X12463051

Groves, A. (2016). Beyond Excel: how to start cleaning data with OpenRefine. Multimedia Information and 



A.A. Rafiq et al.720

Technology, 42(2), 18–22.
Guo, Y., Huang, Z., Guo, J., Li, H., Guo, X. (2019). Bibliometric Analysis on Smart Cities Research.
Hallinger, P., Kovačević, J. (2019). A Bibliometric Review of Research on Educational Administration: Science 

Mapping the Literature, 1960 to 2018. Review of Educational Research, 89(3), 335–369. 
https://doi.org/10.3102/0034654319830380

Heikkinen, S., Marko, J. (2019). Quality of Information and Communications Technology. In 12th International 
Conference, QUATIC 2019, Ciudad Real, Spain, September 11–13, 2019, Proceedings (Vol. 1010).

Heintz, F., Mannila, L. (2018). Computational thinking for all: An experience report on scaling up teaching 
computational thinking to all students in a major city in Sweden. ACM Inroads, 9(2), 65–71. 
https://doi.org/10.1145/3159450.3159586

Heintz, F., Mannila, L., Farnqvist, T. (2016). A review of models for introducing computational thinking, com-
puter science and computing in K-12 education. Proceedings - Frontiers in Education Conference, FIE, 
2016-Novem, 1–9. https://doi.org/10.1109/FIE.2016.7757410

Hincapie, M., Diaz, C., Valencia, A., Contero, M., Güemes-Castorena, D. (2021). Educational applications 
of augmented reality: A bibliometric study. Computers and Electrical Engineering, 93(June), 107289. 
https://doi.org/10.1016/j.compeleceng.2021.107289

Huang, Q., Xin, X. (2020). A bibliometric analysis of translation criticism studies and its implications. Perspec-
tives: Studies in Translation Theory and Practice, 28(5), 737–755. 
https://doi.org/10.1080/0907676X.2020.1740750

Ioannidou, A., Bennett, V., Repenning, A., Koh, K. H., Basawapatna, A. (2011). Computational Thinking Pat-
terns. Online Submission, 2, 1–15. 
http://www.eric.ed.gov/ERICWebPortal/recordDetail?accno=ED520742

Jacob, S. R., Warschauer, M. (2018). Computational Thinking and Literacy. Journal of Computer Science Inte-
gration, 1(1). https://doi.org/10.26716/jcsi.2018.01.1.1

Jocius, R., O’Byrne, W. I., Albert, J., Joshi, D., Blanton, M., Robinson, R., Andrews, A., Barnes, T., Catete, V. 
(2022). Building a Virtual Community of Practice: Teacher Learning for Computational Thinking Infusion. 
TechTrends, 66(3), 547–559. https://doi.org/10.1007/s11528-022-00729-6

John Lemay, D., Basnet, R. B., Doleck, T., Bazelais, P., Saxena, A. (2021). Instructional interventions for com-
putational thinking: Examining the link between computational thinking and academic performance. Com-
puters and Education Open, 2, 100056. https://doi.org/10.1016/j.caeo.2021.100056

Kafai, Y. B., Burke, Q. (2013). Computer Programming Goes Back to School. Phi Delta Kappan, 95(1), 61–65. 
https://doi.org/10.1177/003172171309500111

Katai, Z., Toth, L. (2010). Technologically and artistically enhanced multi-sensory computer-programming edu-
cation. Teaching and Teacher Education, 26(2), 244–251. 
https://doi.org/10.1016/j.tate.2009.04.012

Labusch, A., Eickelmann, B., Vennemann, M. (2019). Computational Thinking Processes and Their Congru-
ence with Problem-Solving and Information Processing. In Computational Thinking Education. 
https://doi.org/10.1007/978-981-13-6528-7_5

Lai, Y. H., Chen, S. Y., Lai, C. F., Chang, Y. C., Su, Y. S. (2021). Study on enhancing AIoT computational think-
ing skills by plot image-based VR. Interactive Learning Environments, 29(3), 482–495. 
https://doi.org/10.1080/10494820.2019.1580750

Larke, L. R. (2019). Agentic neglect: Teachers as gatekeepers of England’s national computing curriculum. Brit-
ish Journal of Educational Technology, 50(3), 1137–1150. https://doi.org/10.1111/bjet.12744

Lee, I., Malyn-Smith, J. (2020). Computational Thinking Integration Patterns Along the Framework Defining 
Computational Thinking from a Disciplinary Perspective. Journal of Science Education and Technology, 
29(1), 9–18. https://doi.org/10.1007/s10956-019-09802-x

Lee, T. Y., Mauriello, M. L., Ahn, J., Bederson, B. B. (2014). CTArcade: Computational thinking with games in 
school age children. International Journal of Child-Computer Interaction, 2(1), 26–33. 
https://doi.org/10.1016/j.ijcci.2014.06.003

Leela, S., Chookaew, S., Nilsook, P. (2019). An effective microlearning approach using living book to promote 
vocational students’ computational thinking. ACM International Conference Proceeding Series, 25–29. 
https://doi.org/10.1145/3369199.3369200

Li, Y., Schoenfeld, A. H., diSessa, A. A., Graesser, A. C., Benson, L. C., English, L. D., Duschl, R. A. (2020). 
Computational Thinking Is More about Thinking than Computing. Journal for STEM Education Research, 
3(1), 1–18. https://doi.org/10.1007/s41979-020-00030-2

Liu, Y., Ma, Z., Qian, Y. (2019). Developing Chinese Elementary School Students’ Computational Thinking: A 
Convergent Cognition Perspective. CompEd 2019 - Proceedings of the ACM Conference on Global Comput-
ing Education, 42(2013), 238. https://doi.org/10.1145/3300115.3312514



Mapping the Evolution of Computational Thinking in Education: ... 721

Lockwood, E., Asay, A., DeJarnette, A. F., Thomas, M. (2016). Algorithmic thinking: An initial characteriza-
tion of computational thinking in mathematics. 38th Annual Meeting of the North American Chapter of the 
International Group for the Psychology of Mathematics Education, 1588–1595.

Lockwood, J., Mooney, A. (2018). Computational Thinking in Secondary Education: Where does it fit? A 
systematic literary review. International Journal of Computer Science Education in Schools, 2(1), 41–60. 
https://doi.org/10.21585/ijcses.v2i1.26

Lodi, M., Martini, S. (2021). Computational Thinking, Between Papert and Wing. Science and Education, 
30(4), 883–908. https://doi.org/10.1007/s11191-021-00202-5

Lucio-Arias, D., Leydesdorff, L. (2008). Main-path analysis and path-dependent transitions in HistCiteTM-based 
historiograms. Journal of the American Society for Information Science and Technology, 59(12), 1948–
1962. https://doi.org/10.1002/asi.20903

Lulewicz-Sas, A. (2017). Corporate Social Responsibility in the Light of Management Science - Bibliometric 
Analysis. Procedia Engineering, 182, 412–417. https://doi.org/10.1016/j.proeng.2017.03.124

Lyon, J. A., J. Magana, A. (2020). Computational thinking in higher education: A review of the literature. Com-
puter Applications in Engineering Education, 28(5), 1174–1189. 
https://doi.org/10.1002/cae.22295

Magana, A. J., Silva Coutinho, G. (2017). Modeling and simulation practices for a computational thinking-
enabled engineering workforce. Computer Applications in Engineering Education, 25(1), 62–78. 
https://doi.org/10.1002/cae.21779

Marvuglia, A., Koppelaar, R., Rugani, B. (2020). The effect of green roofs on the reduction of mortality due to 
heatwaves: Results from the application of a spatial microsimulation model to four European cities. Ecologi-
cal Modelling, 438, 109351. https://doi.org/10.1016/j.ecolmodel.2020.109351

Masduki, N. A., Mahfar, M., Senin, A. A. (2022). A bibliometric analysis of the graduate employability research 
trends. International Journal of Evaluation and Research in Education, 11(1), 172–181. 
https://doi.org/10.11591/ijere.v11i1.22145

Molina-Ayuso, Á., Adamuz-Povedano, N., Bracho-López, R., Torralbo-Rodríguez, M. (2022). Introduction to 
Computational Thinking with Scratch for Teacher Training for Spanish Primary School Teachers in Math-
ematics. Education Sciences, 12(12), 899. https://doi.org/10.3390/educsci12120899

Mongeon, P., Paul-Hus, A. (2016). The journal coverage of Web of Science and Scopus: a comparative analysis. 
Scientometrics, 106(1), 213–228. https://doi.org/10.1007/s11192-015-1765-5

Muhammad, U. A., Fuad, M., Ariyani, F., Suyanto, E., Ariyani, Y. D., Wilujeng, I., Dwiningrum, S. I. A., Mas-
duki, N. A., Mahfar, M., Senin, A. A. (2022). Bibliometric analysis of local wisdom-based learning: Direc-
tion for future history education research. International Journal of Evaluation and Research in Education, 
11(4), 2209–2222. https://doi.org/10.11591/ijere.v11i4.22316

Musa, T. H., Musa, I. H., Osman, W., Campbell, M. C., Musa, H. H. (2021). A bibliometric analysis of global 
scientific research output on Gum Arabic. Bioactive Carbohydrates and Dietary Fibre, 25(November 2020), 
100254. https://doi.org/10.1016/j.bcdf.2020.100254

Nassaji, H. (2015). Qualitative and descriptive research: Data type versus data analysis. Language Teaching 
Research, 19(2), 129–132. https://doi.org/10.1177/1362168815572747

Nguyen, V. T., Dang, T. (2017). Setting up Virtual Reality and Augmented Reality Learning Environment in 
Unity. Adjunct Proceedings of the 2017 IEEE International Symposium on Mixed and Augmented Reality, 
ISMAR-Adjunct 2017, 315–320. https://doi.org/10.1109/ISMAR-Adjunct.2017.97

Nguyen, V. T., Hite, R., Dang, T. (2019). Web-based virtual reality development in classroom: From learner’s 
perspectives. Proceedings - 2018 IEEE International Conference on Artificial Intelligence and Virtual Real-
ity, AIVR 2018, December, 11–18. https://doi.org/10.1109/AIVR.2018.00010

Osiński, Z. (2018). The Usefulness of Data from Web of Science and Scopus Databases for Analyzing the State 
of a Scientific Discipline. The Case of Library and Information Science. Zagadnienia Informacji Naukowej 
- Studia Informacyjne, 57(2a). https://doi.org/10.36702/zin.469

Palácios, H., de Almeida, M. H., Sousa, M. J. (2021). A bibliometric analysis of trust in the field of hospitality 
and tourism. International Journal of Hospitality Management, 95(April). 
https://doi.org/10.1016/j.ijhm.2021.102944

Papert, S. (1988). A Critique of Technocentrism in Thinking About the School of the Future. In Children in the 
Information Age. Pergamon Press plc. https://doi.org/10.1016/b978-0-08-036464-3.50006-5

Pellas, N., Peroutseas, E. (2017). Leveraging Scratch4SL and Second Life to motivate high school students’ 
participation in introductory programming courses: findings from a case study. New Review of Hypermedia 
and Multimedia, 23(1), 51–79. https://doi.org/10.1080/13614568.2016.1152314

Pérez-Jorge, D., Martínez-Murciano, M. C. (2022). Gamification with Scratch or App Inventor in Higher Edu-
cation: A Systematic Review. Future Internet, 14(12). https://doi.org/10.3390/fi14120374



A.A. Rafiq et al.722

Piatti, A., Adorni, G., El-Hamamsy, L., Negrini, L., Assaf, D., Gambardella, L., Mondada, F. (2022). The CT-
cube: A framework for the design and the assessment of computational thinking activities. Computers in 
Human Behavior Reports, 5, 100166. https://doi.org/10.1016/j.chbr.2021.100166

Qin, Y., Xu, Z., Wang, X.,  kare, M. (2022). Green energy adoption and its determinants: A bibliometric analysis. 
Renewable and Sustainable Energy Reviews, 153(September 2021). 
https://doi.org/10.1016/j.rser.2021.111780

Rafiq, A. A., Triyono, M. B., Djatmiko, I. W., Köhler, T. (2023). Additional Data: Mapping the Evolution of 
Computational Thinking in Education: A Bibliometrics Analysis of Scopus Database from 1987 to 2023 | 
Zenodo. https://zenodo.org/record/7811636#.ZDKFOnZBxD8

Repiso, R., Moreno-Delgado, A., Aguaded, I. (2020). Factors affecting the frequency of citation of an article. 
Iberoamerican Journal of Science Measurement and Communication, 1(1), 007. 
https://doi.org/10.47909/ijsmc.08

Resnick, M., Silverman, B., Kafai, Y., Maloney, J., Monroy-Hernández, A., Rusk, N., Eastmond, E., Brennan, 
K., Millner, A., Rosenbaum, E., Silver, J. (2009). Scratch: Programming for Everyone Mitchel. Communica-
tions of the ACM, 52(11), 60.

Rodríguez-Rojas, A., Baeder, D. Y., Johnston, P., Regoes, R. R., Rolff, J. (2021). Bacteria primed by antimicro-
bial peptides develop tolerance and persist. PLoS Pathogens, 17(3), 1–30. 
https://doi.org/10.1371/JOURNAL.PPAT.1009443

Román-González, M., Moreno-León, J., Robles, G. (2017). Complementary tools for computational thinking as-
sessment. Proceedings of International Conference on Computational Thinking Education, July, 154–159.

Román-González, M., Pérez-González, J. C., Jiménez-Fernández, C. (2017). Which cognitive abilities underlie 
computational thinking? Criterion validity of the Computational Thinking Test. Computers in Human Be-
havior, 72, 678–691. https://doi.org/10.1016/j.chb.2016.08.047

Rovira, C., Guerrero-Solé, F., Codina, L. (2018). Received citations as a main seo factor of google scholar 
results ranking. Profesional de La Informacion, 27(3), 559–569. 
https://doi.org/10.3145/epi.2018.may.09

Sakata, I., Sasaki, H., Akiyama, M., Sawatani, Y., Shibata, N., Kajikawa, Y. (2013). Bibliometric analysis of 
service innovation research: Identifying knowledge domain and global network of knowledge. Technologi-
cal Forecasting and Social Change, 80(6), 1085–1093. 
https://doi.org/10.1016/j.techfore.2012.03.009

Saleem, F., Khattak, A., Ur Rehman, S., Ashiq, M. (2021). Bibliometric analysis of green marketing research 
from 1977 to 2020. Publications, 9(1), 1–19. https://doi.org/10.3390/publications9010001

Santisteban-Espejo, A., Moral-Munoz, J. A., Campos, A., Martin-Piedra, M. A. (2020). The challenge of discov-
ering the threshold concepts of medical research areas: A bibliometrics-based approach. Medical Hypoth-
eses, 143(July), 110099. https://doi.org/10.1016/j.mehy.2020.110099

Sengupta, P., Kinnebrew, J. S., Basu, S., Biswas, G., Clark, D. (2013). Integrating computational thinking with 
K-12 science education using agent-based computation: A theoretical framework. Education and Informa-
tion Technologies, 18(2), 351–380. https://doi.org/10.1007/s10639-012-9240-x

Sentance, S., Csizmadia, A. (2017). Computing in the curriculum: Challenges and strategies from a teacher’s 
perspective. Education and Information Technologies, 22(2), 469–495. 
https://doi.org/10.1007/s10639-016-9482-0

Shute, V. J., Sun, C., Asbell-Clarke, J. (2017). Demystifying computational thinking. Educational Research 
Review, 22, 142–158. https://doi.org/10.1016/j.edurev.2017.09.003

Singh, V. K., Singh, P., Karmakar, M., Leta, J., Mayr, P. (2021). The journal coverage of Web of Science, Scopus 
and Dimensions: A comparative analysis. Scientometrics, 126(6), 5113–5142. 
https://doi.org/10.1007/s11192-021-03948-5

Song, I. Y., Zhu, Y. (2017). Big Data and Data Science: Opportunities and Challenges of iSchools. Journal of 
Data and Information Science, 2(3), 1–18. https://doi.org/10.1515/jdis-2017-0011

Stahlschmidt, S., Stephen, D. (2020). Comparison of Web of Science, Scopus and Dimensions databases. Com-
parison of Web of Science, Scopus and Dimensions Databases - KB Forschungspoolprojekt 2020, October, 
37. https://bibliometrie.info/downloads/DZHW-Comparison-DIM-SCP-WOS.PDF

Sun, D., Ouyang, F., Li, Y., Zhu, C. (2021). Comparing learners’ knowledge, behaviors, and attitudes between 
two instructional modes of computer programming in secondary education. International Journal of STEM 
Education, 8(1), 1–15. https://doi.org/10.1186/s40594-021-00311-1

Suprapto, N., Sukarmin, S., Puspitawati, R. P., Erman, E., Savitri, D., Ku, C. H., Mubarok, H. (2021). Research 
trend on TPACK through bibliometric analysis (2015-2019). International Journal of Evaluation and Re-
search in Education, 10(4), 1375–1385. https://doi.org/10.11591/IJERE.V10I4.22062

Tang, X., Yin, Y., Lin, Q., Hadad, R., Zhai, X. (2020). Assessing computational thinking: A systematic review 



Mapping the Evolution of Computational Thinking in Education: ... 723

of empirical studies. Computers and Education, 148(January), 103798. 
https://doi.org/10.1016/j.compedu.2019.103798

Tangney, B., Oldham, E., Conneely, C., Barrett, S., Lawlor, J. (2010). Pedagogy and processes for a computer 
programming outreach workshop - The bridge to college model. IEEE Transactions on Education, 53(1), 
53–60. https://doi.org/10.1109/TE.2009.2023210

Theodorou, C., Kordaki, M. (2010). Super Mario : a Collaborative Game for the Learning of Variables in Pro-
gramming. Building, 2(4), 111–118.

Tillman, R. K. (2016). The Code4Lib Journal – Extracting, Augmenting, and Updating Metadata in Fedora 3 
and 4 Using a Local OpenRefine Reconciliation Service. Code4Lib Journal, 31, 1–12. 
http://journal.code4lib.org/articles/11179

Umutlu, D. (2021). An exploratory study of pre-service teachers’ computational thinking and programming 
skills. Journal of Research on Technology in Education, 0(0), 1–15. 
https://doi.org/10.1080/15391523.2021.1922105

van Eck, N. J., Waltman, L. (2014). Visualizing Bibliometric Networks. In Measuring Scholarly Impact. 
https://doi.org/10.1007/978-3-319-10377-8_13

Verma, S., Gustafsson, A. (2020). Investigating the emerging COVID-19 research trends in the field of business 
and management: A bibliometric analysis approach. Journal of Business Research, 118, 253–261. https://
doi.org/10.1016/j.jbusres.2020.06.057

Voogt, J., Fisser, P., Good, J., Mishra, P., Yadav, A. (2015). Computational thinking in compulsory education: 
Towards an agenda for research and practice. Education and Information Technologies, 20(4), 715–728. 
https://doi.org/10.1007/s10639-015-9412-6

Waltman, L., Van Eck, N. J. (2013). A smart local moving algorithm for large-scale modularity-based commu-
nity detection. European Physical Journal B, 86(11). 
https://doi.org/10.1140/epjb/e2013-40829-0

Waltman, L., van Eck, N. J., Noyons, E. C. M. (2010a). A unified approach to mapping and clustering of biblio-
metric networks. Journal of Informetrics, 4(4), 629–635. 
https://doi.org/10.1016/j.joi.2010.07.002

Waltman, L., van Eck, N. J., Noyons, E. C. M. (2010b). A unified approach to mapping and clustering of biblio-
metric networks. Journal of Informetrics, 4(4), 629–635. 
https://doi.org/10.1016/j.joi.2010.07.002

Wangenheim, G. V. C., Medeiros, G. A. e. S. De, Filho, R. M., Petri, G., Pinheiro, F. D. C., Ferreira, M. N. F., 
Hauck, J. C. R. (2019). Splash code - a board game for learning an understanding of algorithms in middle 
school. Informatics in Education, 18(2), 259–280. https://doi.org/10.15388/infedu.2019.12

Weintrop, D., Beheshti, E., Horn, M., Orton, K., Jona, K., Trouille, L., Wilensky, U. (2016). Defining Compu-
tational Thinking for Mathematics and Science Classrooms. Journal of Science Education and Technology, 
25(1), 127–147. https://doi.org/10.1007/s10956-015-9581-5

Wing, J. M. (2006). Computational Thinking. Communications of the ACM, 49, 33–35. 
https://doi.org/10.1145/1118178.1118215

Wing, J. M. (2008). Computational thinking and thinking about computing. Philosophical Transactions of the 
Royal Society A: Mathematical, Physical and Engineering Sciences, 366(1881), 3717–3725. 
https://doi.org/10.1098/rsta.2008.0118

Xiao, Z., Qin, Y., Xu, Z., Antucheviciene, J., Zavadskas, E. K. (2022). The Journal Buildings: A Bibliometric 
Analysis (2011–2021). Buildings, 12(1). https://doi.org/10.3390/buildings12010037

Yeung, A. W. K., Mocan, A., Atanasov, A. G. (2018). Let food be thy medicine and medicine be thy food: A bib-
liometric analysis of the most cited papers focusing on nutraceuticals and functional foods. Food Chemistry, 
269, 455–465. https://doi.org/10.1016/j.foodchem.2018.06.139

Yu, Y., Li, Y., Zhang, Z., Gu, Z., Zhong, H., Zha, Q., Yang, L., Zhu, C., Chen, E. (2020). A bibliometric analy-
sis using VOSviewer of publications on COVID-19. Annals of Translational Medicine, 8(13), 816–816. 
https://doi.org/10.21037/atm-20-4235

Zhang, J., Jiang, L., Liu, Z., Li, Y., Liu, K., Fang, R., Li, H., Qu, Z., Liu, C., Li, F. (2021). A bibliometric and vi-
sual analysis of indoor occupation environmental health risks: Development, hotspots and trend directions. 
Journal of Cleaner Production, 300, 126824. https://doi.org/10.1016/j.jclepro.2021.126824

Zhou, X., Li, T., Ma, X. (2021). A bibliometric analysis of comparative research on the evolution of interna-
tional and Chinese green supply chain research hotspots and frontiers. Environmental Science and Pollution 
Research, 28(6), 6302–6323. https://doi.org/10.1007/s11356-020-11947-x

Zyoud, S. H., Zyoud, A. H. (2021). Visualization and Mapping of Knowledge and Science Landscapes in Expert 
Systems With Applications Journal: A 30 Years’ Bibliometric Analysis. SAGE Open, 11(2). 
https://doi.org/10.1177/21582440211027574



A.A. Rafiq et al.724

A.A. Rafiq is a Ph.D. student of TVET (Technical and Vocational Education and Train-
ing) Department at the Graduate School of the Yogyakarta State University, Indonesia. 
He reached a master’s degree at the University of Indonesia in Jakarta. He is also fin-
ished his master’s at Université de Bretagne Occidentale in Brest, France, with majors 
in Èlectronique pour les Systèmes Communicants (ESCo). He works in the Department 
of Electrical Engineering at the State Polytechnic of Cilacap, Indonesia. His research 
interests include sensors and transducers, robotics, and embedded systems. In the current 
research, he is a CIVED member by developing virtual reality as an instructional media 
in vocational education. 

M.B. Triyono is a Professor of the TVET Department at the Graduate School of the Yog-
yakarta State University. He is also a lecturer in the Department of Mechanical Engineer-
ing Education at the Yogyakarta State University, Indonesia. Besides that, he is a vice 
president of AASVET (Asian Academic Society for Vocational Education and Training). 
His main research interests include TVET and instructional media. Now, he is develop-
ing research in the field of digital learning through CIVED (Centre for Information on 
Vocational Education and Development). CIVED is a service center for vocational edu-
cation whose primary function is to provide various information about research, policy, 
assessment, and teacher certification for vocational education programs in Indonesia.

Ist.W. Djatmiko is an Associate Professor of the TVET Department at the Graduate 
School of the State University of Yogyakarta, Indonesia. In addition, he is also a lecturer 
in the Department of Electrical Engineering Education at the State University of Yogya-
karta, Indonesia. His main research interests include professional development, teaching 
and learning, curriculum development, pedagogy and development, and technology-
enhanced learning. 

R. Wardani is an Associate Professor of the TVET Department at the Graduate School 
of the State University of Yogyakarta, Indonesia. In addition, she is a lecturer in the De-
partment of Electronics and Informatics Engineering Education at Yogyakarta State Uni-
versity. Her doctoral degree is from Gadjah Mada University in Yogyakarta, Indonesia, 
specializing in information technology, human-machine interface, user experiences, and 
software engineering. She has also been involved in the field of computational thinking 
applied to education, curriculum development, and training for human capacity develop-
ment. 

T. Köhler is a University Professor of Educational Technology at the Dresden Universi-
ty of Technology, Germany, at the Department of Vocational Education of the Faculty of 
Education. He has been the Director of the Media Centre of the TU Dresden since 2008. 
In addition, he is also the Managing Director of the Institute for Vocational Education 
since 2007. His research interests are in the analysis, conceptualization, and evaluation 
of the use of new media and multimedia with a focus on eLearning & Knowledge coop-
eration with new media, educational organization, and technology, virtual organizations 
and sustainable knowledge cooperation, didactic design of ODL & Educational Mul-
timedia for Education and Science, cooperative work with new, e-Science and online 
research methods, and personal & social identity in human-computer interaction.


