Mapping Computational Thinking through Programming in K-12 Education: A Conceptual Model based on a
Systematic Literature Review

Computational Thinking (CT) through programming attracts increased attention as it is considered an ideal medium
for the development of 21st century skills. This intense attention leads to K-12 initiatives around the world and a
rapid increase in relevant research studies. However, studies show challenges in CT research and educational
practice. In addition, the domain has not been mapped to facilitate comprehensive understanding of the domain
challenges and development of CT curricula. The purpose of this study is to develop a conceptual model based on a
systematic literature review that maps the CT through programming in K-12 education domain. The proposed
Computational Thinking through Programming in K-12 education (CTPK-12) conceptual model emerges from the
synthesis of 101 studies and the identification of CT Areas. The proposed model consists of six CT Areas (namely
Knowledge Base, Learning Strategies, Assessment, Tools, Factors and Capacity Building) and their relationships. The
model could aid domain understanding and serve as a basis for future research studies. In addition, it could support
the integration of CT into K-12 educational practices, providing evidence to educational stakeholders and
researchers as well as bringing closer research, practice and policy.
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1. Introduction

Computational Thinking (CT) has its roots in 1980s with Papert’s (1980) attempts to introduce programming to young
students. Later in 2006, Wing (2006) defines CT as a process that “involves solving problems, designing systems, and
understanding human behavior, by drawing on the concepts fundamental to computer science”. CT is considered a
necessary skill for everyone (Wing, 2006) and an ideal medium for the development of 21° century skills (Lye & Koh,
2014; Grover & Pea, 2013).

After about fifteen years of renewed interest in CT, the domain of CT research is beginning to mature. It is indicative
that a large number of studies focusing on CT have been published in recent years (T.-C. Hsu, Chang, & Hung, 2018).
This large body of literature indicates challenges in particular areas including (a) developing widely

accepted assessment methods and frameworks that encompass the complexity of CT (Brennan & Resnick, 2012;
Denner, Werner, & Ortiz, 2012; Denning, 2017; Fronza, loini, & Corral, 2017; Grover et al., 2017; Grover, Pea, &
Cooper, 2015; Moreno Ledn, Robles, & Roman Gonzalez, 2015; Zhong, Wang, Chen, & Li, 2016), (b) designing
theoretically-based approaches that align learning strategies with CT (Dolgopolovas, Dagiené, Jasuté, & Jevsikova,
2019) and (c) identifying the knowledge needed to teach CT (Angeli et al., 2016; Cooper, Grover, Guzdial, & Simon,
2014) and methods by which support to teachers is provided (Yadav, Stephenson, & Hong, 2017). A comprehensive
mapping of the domain would enable better understanding of challenges and guide future research.

We acknowledge there are several literature reviews that examine the whole domain from different perspectives as
well as propose frameworks and definitions. Researchers in these studies review the literature in order to derive
insights on CT through programming for K-12 curriculum (Lye & Koh, 2014), to understand the development and
application of CT in education (Hsu et al. 2018), to facilitate the CT learning and assessment within K-12 curricula
(Shute, Sun, & Asbell-Clarke, 2017) and to support educators in developing CT tasks and programs (Kalelioglu,
Gulbahar, & Kukul, 2016). Despite all these efforts, a comprehensive mapping of the domain is still lacking.

In addition, efforts to integrate CT in schools are taking place worldwide responding to societal need for 21st century
skills (Buitrago Florez et al., 2017; Y.-C. Hsu, Irie, & Ching, 2019; Passey, 2017). At the same time, many undergoing
initiatives promote CT by providing curriculum suggestions (Csizmadia et al., 2015), CT and programming tools and
resources (Garcia-Pefialvo & Mendes, 2018). However, educators do not have an overall map of the CT through
programming in K-12 education domain to help them design CT curricula. This is evident from the fact that several
studies highlight that teachers lack clear understanding of how CT could be effectively integrated into K-12
educational practices (e.g., Denning, 2017; Grover & Pea, 2013; Yadav et al., 2017).

One way to move the research domain forward and facilitate CT educational practices is to systematically study the
existing literature and create a conceptual model that maps the domain. Conceptual model development is «the
activity of formally describing some aspects of the physical and social world around us for purposes of understanding
and communication» (Mylopoulos, 1992). Conceptual models offer in developing domain understanding through



aiding reasoning about the domain, communicating the domain details and documenting the domain for future
reference (Gemino & Wand, 2004). In addition, a conceptual model could be an effective roadmap between what we
know and what we need to know, providing a firm foundation for advancing the domain knowledge (Webster &
Watson, 2002). A conceptual model of CT though programming in K-12 education could provide such a foundation,
helping researchers better understand the domain and its challenges through a holistic approach and identify areas
that have already been covered by research and areas where more research is needed. In addition, a conceptual
model serves as a point of agreement (Mylopoulos, 1992) and thus could support CT teaching and learning in K-12
education by providing a reference point for teachers.

The goal of this study is to develop a conceptual model of CT through programming in K-12 education based on a
systematic literature review. This model could aid domain understanding and serve as a basis for future studies. It
could also support researchers to focus on significant research gaps in their CT studies, having an up-to-date
synthesis of the relevant literature. In addition, it could support the integration of CT into K-12 educational practices,
providing evidence to teachers and policy-makers as well as bringing closer research, practice and policy.

Conceptual model development includes the identification of the concepts and relationships of the domain and their
visual representation (Wand & Weber, 2002). In this respect, we systematically review the literature and record all
topics of interest to researchers e.g. assessment, professional development to support teachers, relevant tools etc.,
as discussed in the scientific publications. These topics are then grouped into concepts that we call CT Areas. The
proposed CTPK-12 conceptual model presents these CT Areas and their relationships.

2. Background

CT is the thought process that involves solving problems and designing model systems by utilizing Computer Science
(CS) core concepts (Wing, 2008). CT draws on concepts from CS but is a fundamental skill for everyone. Wing (2006)
argues that “to reading, writing and arithmetic, we should add computational thinking to every child’s analytical
ability”. Aho (2012) defines CT as “the thought processes involved in formulating problems so their solutions can be
represented as computational steps and algorithms.” Many other definitions exist in the literature.

CT definitions can be classified into two main categories: generic definitions that focus on CT as a thought process
(Roman-Gonzalez, Pérez-Gonzalez, & Jiménez-Fernandez, 2017) and definition models that describe what CT entails.
The second category comprises efforts that develop models describing CT elements. For example, Barr &
Stephenson's (2011) model presents CT concepts and capabilities in the context of various subjects. Angeli et al.
(2016) develop a conceptual framework that describes CT skills. CSTA & ISTE (2011) provide an operational definition
of CT describing CT characteristics and attitudes. Selby's (2013) definition model depicts CT thought processes.
Weintrop, Beheshti, et al. (2016) develop a model that presents CT practices. Brennan & Resnick's (2012) CT
framework describes CT concepts, practices and perspectives. Shute et al. (2017) develop a competency model that
can be used in CT assessment. Kalelioglu, Gulbahar, & Kukul (2016) develop a framework that describes CT skills,
considering CT to be a problem-solving process. Zhang & Nouri (2019) extend Brennan & Resnick's (2012) framework
by including CT skills. A summary of CT elements described in some of the definition models is presented in (Table 1).
We select to present the specific models as they are highly cited in the literature, cover an extensive period of time
and are developed based on different approaches (e.g. systematic literature review, previous authors' studies,
literature summary, meeting procedures).

Table 1

CT elements in CT definition models

Barr & Stephenson Brennan & Resnick Selby (2013) Angeli et al. (2016) | Shute et al. (2017)
(2011) (2012)
Abstraction Abstracting and Ability to think in Abstraction Abstraction
Analysis and Model | modularizing abstractions e Data collection
validation and analysis
Simulation e Pattern
Data collection, recognition
analysis and e Modeling
representation
Problem Ability to think in Decomposition Decomposition
decomposition terms of

decomposition




Algorithms and Computational Ability to think Algorithms Algorithms

procedures concepts (mapping to | algorithmically e Sequencing e Algorithm
Control structures Scratch programming e Flow of control design
Parallelization blocks such as e Parallelism
Automation sequences, loops etc.) e Efficiency
e Automation

Testing and Testing and debugging | Ability to think in Debugging Debugging
verification terms of

evaluations

Ability to think in Generalization Generalization

terms of

generalizations

Being incremental and Iteration
iterative

Reusing and remixing

Expressing

Connecting

Questioning

CT is widely associated with programming (Voogt, Fisser, Good, Mishra, & Yadav, 2015), although programming is
not the only approach examined in the literature. However, the relationship between CT and programming is not
clear (Passey, 2017). On the one hand, programming offers a necessary mechanism for implementing CT concepts
and practices (Basogain, Olabe, Olabe, & Rico, 2018; Brennan & Resnick, 2012) and is considered to be a key tool for
supporting the cognitive tasks involved in CT (Grover & Pea, 2013). On the other hand, CT gives programming a new
direction, making it a means of understanding the digital world while at the same time promoting teaching
programming in K-12 educational settings (Kafai, 2016; Lye & Koh, 2014). This dual association between CT and
programming can be described as follows: Programming supports the development of CT while CT provides to
programming a new upgraded role.

Integration of CT into the curriculum is an important goal for many countries around the world (Heintz, Mannila, &
Farnqvist, 2016). In the US, most CS curricula include CT concepts such as problem decomposition, debugging,
abstraction, and algorithms (Grover et al., 2017). The Israeli curriculum exposes students to CT with the aim of
introducing students to logical and algorithmic thinking (Bargury et al., 2012). There are also efforts underway in
other countries, including Poland, New Zealand, Estonia, Finland, Sweden, Norway and South Korea (Heintz et al.,
2016).

The strong interest in CT is also indicated by the increased number of literature reviews in recent years (Table 2).
Some of these reviews focus on a specific topic of CT domain, such as assessment, while others cover multiple topics.
Reviews that cover multiple topics can be classified in three categories: a) studies aiming to develop a definition
model (e.g. Kalelioglu et al., 2016; Shute et al.; 2017) b) studies reviewing the literature to provide insights on
teaching and learning CT (e.g. Grover & Pea 2013; Lye & Koh, 2014; Buitrago Flérez et al., 2017) and c) studies aiming
to analyze CT research (e.g. Hsu et al., 2018). Despite all this work reviewing various aspects of CT through
programming in K-12 education, a conceptual model of the domain is still missing.

Table 2

Literature Reviews in CT domain

Review Main Contribution Scope CT approach Main focus Studies
on included
educational
level

(Grover & Pea, | Review CT definitions, the General Programming K-12 Undefined

2013) rationale for integrating CT into




K-12 education, tools for CT
development and assessment,
and provide information on
what CT entails and how is
integrated in K-12 education.

(Lye & Koh, Review the trends of empirical General Programming | K-12 Empirical
2014) research in the development of higher
CT through programming in K- education
12 education such as and K-12
programming environments, articles
learning outcomes and
approaches, and derive insights
on K-12 curriculum.
(Kalelioglu et Review theoritical basis, General Programming | K-12 Higher
al., 2016) definition, CT elements, and unplugged education
population, type of research methods and K-12
design, and develop a articles
framework that includes notion,
scope and elements of CT.
(Buitrago Review challenges faced by General Programming | K-12 and Journal
Florez et al., early programmers, higher articles,
2017) programming languages and reviews,
pedagogical tools, and provide proceedings,
an overview of how short
programming is being taught in communicati
K-12 and higher education. ons, and
government
al standards
(Shute et al., Review CT definitions and General Programming | K-12 Conceptual
2017) characteristics, interventions, and other papers and
assessments and models, and approaches empirical
develop a CT competency studies
model.
(T.-C. Hsu et Review learning strategies, General Programming | All SCl and SSCI
al., 2018) teaching instruments, and other educational journal
programming languages and approaches levels articles
course types, and analyze the
evolution of CT research.
(Ching, Hsu, & | Review the technologies used Focused on | Programming | K-12 Undefined
Baldwin, 2018) | for developing CT in young technologies | and other
learners. approaches
(Da Cruz Alves, | Review the automatic Focused on | Programming | K-12 K-12 and
Gresse Von assessment tools used to automatic higher
Wangenheim, | analyze artifacts in order to assessment education
& Hauck, assess CT skills. articles
2019)
(zhang & Review the CT skills that can be | Focused on | Scratch K-9 K-9 empirical
Nouri, 2019) obtained through Scratch in K-9 | CT elements | programming studies

education and extend Brennan




& Resnick's (2012) framework.

3. Study design

3.1 Goal and research questions

The study goal is the development of a conceptual model for CT through programming in K-12 education. The model
aims to describe the CT Areas and the relationships between them. The conditions in which CT is integrated in K-12
education such as policies and issues regarding national curricula are falling out of scope of the model.

The research questions are:

RQ1. What are the areas of CT through programming in K-12 education domain?
RQ2. What are the sub-areas of each CT Area?
RQ3. How do CT Areas relate to each other?

3.2 Method

In order to develop a conceptual model for CT through programming in K-12 education we proceed to the following
two steps proposed by (Wand & Weber, 2002): a) elicit the domain knowledge and b) visualize the domain
knowledge. Fig. 1 presents the study method in terms of steps conducted and relevant results. We apply the
Webster and Watson’s (2002) systematic literature review approach for the elicitation of the domain knowledge (CT
Areas and their relationships). This includes a structured approach to identifying sources and a concept-centric
approach to presenting the results. We started by applying the PRISMA Statement (Moher, Liberati, Tetzlaff, &
Altman, 2009) for the study selection phase. We then, proceed to the coding scheme identification phase, in which
we identify the CT Areas that serve as a coding scheme for the data extraction phase. The data extraction phase aims
to identify the sub-areas of each CT Area and the CT Areas’ relationships. The process concludes with the
visualization of the data extraction phase results. The whole process evolved into iterative phases where searches
led to new selected studies that were being analyzed, leading to revised CT areas, sub-areas and relationships. The
steps followed in this study are further elaborated below.

Conceptual Model Development

Visualization of the domain

Elicitation of the domain knowledge
knowledge

Steps Coding scheme

Study selection | identification - Data extraction

\J

Concept mapping

S CT Areas
Results CT CT Areas elements CT sub-areas & - Conceptual
Istudles CT Areas -matrix matrix A_reas'_ > model
L included relationships
Fig. 1. Method

3.2.1 Elicitation of the domain knowledge

3.2.1.1 Study selection

We carry out the study selection presented in (Fig. 2), adapting the PRISMA Statement (Moher et al., 2009).
Specifically, we adapt the PRISMA flow diagram (Fig. 2) by placing additional records identified in included phase, as
we identified these studies by examining the selected studies as proposed by Webster & Watson (2002).

The selection of studies included in the review is a critical factor for the validity of the review. For this reason, the
authors identified the search keywords and criteria together but worked individually to screen the studies and apply
the inclusion and exclusion criteria. During this process a few conflicts emerged, which were solved through
discussions until agreement was reached. The results of this phase are presented in detail in the supplementary
material (all supplementary material is listed in Appendix B).



The sub-steps of study selection phase are outlined in the following sub-sections.

Study Selection

Identification - Screening . Eligibility - Included

e \ r N r N

Records identified through Records screended after Full-text articles assessed Studies included (n=101)

database searching (n =759) [ d“""cz"lfigg‘é;“""e“ ™| foreligibiity (n=308) | ™| \
h g Studies included (n=87)
) \i - \i )
Full-text articles excluded, ( )
Records excluded (n=278) with reasons (n =221 ) Additional records
identified (n =14)
\ %

Fig. 2. Process applied for study selection adapted by (Moher et al., 2009).

3.2.1.1.1 Identification

The relevant studies were detected using keywords in the scientific databases Web of Science and Scopus.
Specifically, we searched the phrase “computational thinking”, quotations included, with a time constraint of 2006
onwards. The year 2006 was chosen as it was then that the term “Computational Thinking” was re-introduced by
Wing (2006). In Scopus we included title, abstracts, keywords and in Web of Science we defined category as
Education Educational Research. In both databases we included only articles and reviews. Searches took place from
March 2018 to October 2019 maintaining the aforementioned structure. In total, three searches took place that
resulted in 759 studies, 499 articles in Scopus database and 260 in Web of Science database.

3.2.1.1.2 Screening

In this sub-step we screened the studies retrieved from the previous step after we removed 173 duplicates. To this
end, we read all the titles and abstracts and we removed the studies that were not written in English or were not
fully available. We also excluded short papers. This sub-step resulted in 308 studies remaining.

3.2.1.1.3 Eligibility
During this sub-step we filtered out the studies retrieved from the screening process by examining the full-texts and
applying the following inclusion and exclusion criteria.

The Inclusion Criteria suggest: a) studies should be published in journals; b) studies can be conceptual papers,
opinion articles and empirical studies, as the incorporation of conceptual papers in addition to empirical studies
broadens the scope of the review by including theoretical frameworks and future directions; c) the focus should be
on CT in K-12 education and should involve programming; d) in the case of empirical CT studies, in addition
participants should be K-12 students, K-12 pre-service teachers or K-12 inservice teachers.

The Exclusion Criteria suggest studies are excluded when a) they do not specifically focus on CT in K-12 education,
such as studies that focus on higher education b) they do not specifically focus on CT through programming, such as
studies where examination approaches focus on tangible artifacts, board games, exhibits etc., and c) they refer to CT
only in their introduction or background and not in their results or they measure something other than CT.

3.2.1.1.4 Included

Subsequently, the studies were further processed by reviewing their citations (backward) and identifying articles
that cite them (forward). The process resulted in the collection of 14 additional studies including 2 gray literature
materials. Finally, 101 studies (Appendix A) were included in the study.

3.2.1.2 Coding scheme identification

To determine the areas of CT through programming in K-12 domain that serve as our coding scheme, we apply
conventional content analysis. Conventional content analysis is suggested when existing theory is limited and does
not involve a predefined coding scheme but one that derives from text analysis (Hsieh & Shannon, 2005). We choose
conventional content analysis because of the lack of a conceptual model describing the domain. Initially, we read all



full-text articles in order to approach the domain as a whole. Then we carefully read each article and highlight
keywords that imply a concept/area. Keywords are combined together, providing categories of the coding scheme.

2 u

For example, keywords “assessing the development of Computational Thinking”, “assessment” (Brennan & Resnick,
2012), “assess and evaluate”, “assessment” (Zhong et al., 2016) are grouped and eventually led to adding
“Assessment Area” in the coding scheme. Subsequently, we sort the studies in these categories. During this phase
the coding scheme evolves by adding new categories or merging and splitting existing ones. The phase leads to the
identification of the final categories, which from now on will be referred to as CT Areas and serve as the coding
scheme and as the concepts of the conceptual model.

Consequently, we compile a concept-matrix or CT Area-matrix, which is a matrix listing the CT Areas where each
article contributes. This matrix is available in the supplementary material (Appendix B). In this way we transit from

an author-centric to a concept-centric approach, as suggested by Webster and Watson (2002) (Table 3).

Table 3
Approaches to Literature Reviews adopted from Webster and Watson (2002)
Concept-centric Author-centric

Concept X [Author A, Author B] Author A [Concept X, Concept Y]
Concept Y [Author A, Author C]  Author B [Concept X, Concept W]

3.2.1.3 Data extraction

During this phase, we sort the selected studies into the coding scheme. In this respect, we use a table for each CT
Area available in the supplementary material (Appendix B). When we insert a study into the table, we also record the
area’s elements that appear in the study (Fig. 3). Subsequently, we compare every element with all other elements.
The elements with clear match with other elements constitute a sub-area. For example, in Assessment Area, “project
analysis” (Brennan & Resnick, 2012) and “examination of artifacts for CT patterns” (Denner et al., 2012) are included
in the “Artifact analysis” sub-area. Sub-areas consisting of only one element and low-frequency (<2 studies) sub-
areas, are only presented in the supplementary material (Appendix B) and not included in the model.

Subsequently, we use a table for each CT Area in order to record evidence in studies that suggest relationships
between sub-areas (Fig. 4) and therefore Areas. We then group these evidences and conclude to the relationships
between areas.

Elements

Project analysis
Artifact-based interviews

Design scenarios Artifact analysis sub-area

Examination of artifacts based on three

(Brennan &
Resnick, 2012)

(Denner, categories: programming, documentation
Werner, & Ortiz, & P g. & .
2012) and understanding of software, and design

for usability.

Fig. 3. Example of elements recording and sub-areas identification.



Evidence of relationships

Project analysis (Assessment sub-area) of the CT Relationship between

LBreannI?nzialz) concepts within Scratch projects (Knowledge base ~—— Assessment Area &
esmick sub-area) / Knowledge Base Area

Fig. 4. Example of evidence recording and relationship identification.

3.2.2 Visualization of the domain knowledge

3.2.2.1 Concept mapping

In this step, we use concept mapping as proposed by Siau & Tan, (2005) for visualizing the concepts (CT Areas) and
relationships of the domain, the identification of which is described in section 3.2.1. We create a visualization of the
conceptual model depicting CT Areas as nodes. At each node, we note the sub-areas of each CT Area, identified in
the previous phase. Finally, we depict the relationships between CT Areas as links. We then place a label to each link
to explain the relationship.

3.3 Study limitations

We acknowledge that this study has a number of limitations. First, the proposed model is based on the analysis of
studies written in English. Second, searches for studies were conducted in only two scientific databases, namely Web
of Science and Scopus. Third, searches included only articles published in journals. Although, we eventually included
some conference papers and gray literature identified through manual inspection of the references of the selected
studies, still the majority of the selected literature includes journal articles. Fourth, searches were conducted with a
time constraint of 2006 onwards. Thus, the model is based exclusively on the research conducted since 2006 and not
on the initial stages of CT research. Fifth, non-inclusion of studies on the basis of quality criteria (Section 3.2.1.1.3)
prevents the presentation of all conducted research. Finally, subjectivity combined with the small number of authors
(only two) constitutes an additional limitation of the study. Although we applied a systematic method (presented in
Section 3.2) we had to make subjective choices regarding e.g. grouping the elements, defining the relationships
based on the recorded evidence, naming the CT Areas and sub-areas, and defining exclusion criteria for selecting
sub-areas that are finally included in the model.

4. Results

4.1 Identification of CT Areas

The analysis of the 101 studies during the coding scheme identification phase resulted in the determination of six CT
Areas described in (Table 4). The CT Area-matrix in which we note the areas that CT studies contribute is available in
the supplementary material (Appendix B). CT studies attempt to address the challenges of CT through programming
in K-12 education domain by focusing on these areas that repeatedly appear in the selected studies.

Table 4

CT Areas

Knowledge Base Area CT measurable elements and their classification.

Assessment Area Assessment methods and frameworks for measuring CT through programming
in K-12 education.

Learning Strategies Learning strategies leveraged to enhance students' CT learning through

Area programming in K-12 education.




Factors Area Factors related to CT through programming acquisition in K-12 education.

Tools Area Tools that are used or specifically developed for teaching and learning CT
through programming in K-12 education.

Capacity Building Area  Capacity building needed for teaching CT through programming in K-12
competently.

The percentage of studies by CT Areas to which they contribute is depicted in (Fig. 5). We categorize the studies into
two groups 2006-2014 and 2015-2019. As shown in Fig. 5, Assessment and Tools are the two most popular areas
that gather the greatest interest of researchers in both periods. Assessment Area is coming first across the two
timelines (27.9% in period 2006-2014, 25.6% in period 2015-2019) followed by Tools Area (20.9% in both periods).
During period 2006-2014 Knowledge Base Area is coming third (18.6%) while in period 2015-2019 the percentages of
studies aimed at defining CT fall to 8.5% placing the area as the one with the least interest. On the contrary, the
percentage of studies that focus on Learning Strategies increases from 9.3% during period 2006-2014 to 17.1%
during period 2015-2019, placing Learning Strategies in the third place of researchers’ interest in the selected
studies. Respectively for the Capacity Building Area the percentage of studies that focus on this area increases from
9.3% during period 2006-2014 to 14.7% during period 2015-2019, placing Capacity Building in the fourth place of
interest followed by Factors. These results indicate that as the field matures efforts still focus on assessment and
tools but the focus shifts beyond the definition of CT on more tangible issues such as Learning Strategies, Capacity
Building and Factors.

=-==2006-2014 2015-2019

Knowledge Base

18,6%
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Capacity Building 2\ Learning Strategies
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9 \
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b
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\20,9/6”’-—"'219%
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Fig. 5. Percentage of studies by CT Areas to which they contribute in the periods 2006-2014 and 2015-2019.
References to 2019 actually refer to period January 2019 to October 2019.

4.2 CT Areas
4.2.1 Knowledge Base Area

Knowledge Base Area is at the core of the domain. 57 of the 101 studies are included in this CT Area. Researchers in
these studies either propose a framework or a definition to identify and classify measurable elements of CT, or



simply assess CT elements in order to assess CT. Based on CT frameworks we examined CT elements in the selected
studies. We classify Knowledge Base Area in five sub-areas: concepts, skills, practices, perspectives and attitudes
(Table 5). Fig. 6 presents the number of studies by CT element.

The results of the CT knowledge base analysis in the selected studies, include various CT elements and terms
describing classifications of CT elements such as skills, capabilities, perspectives, attitudes, practices, characteristics,
concepts, facets and thought processes. Some of these terms are often presented with different meaning.

In addition, several CT elements such as Abstraction, Algorithms, Decomposition, Data representation, Testing,
Evaluation, Debugging, Generalization, Iteration appear to be classified in various ways including CT skills, CT
concepts, CT practices or thought processes. For example, abstraction occurs as the thought process of “the ability
to think in abstractions” (Selby, 2013), as “the skill to decide what information about an entity/object to keep and
what to ignore” (Angeli et al., 2016), and as the practice of Abstracting and modularizing, that is “building something
large by putting together collections of smaller parts” (Brennan & Resnick, 2012).

The analysis of the reviewed studies reveals the following CT practices according to Brennan & Resnick’s (2012)
framework: Testing and Debugging, Remixing and Reusing code, Being incremental and iterative, Abstracting and
Modularizing. In addition, elements such as Design for usability, Code organization and documentation, and
Programming efficiency proposed by Denner et al. (2012) as key competences for engaging in CT are also evident.

CT concepts as defined by Brennan & Resnick (2012) that repeatedly arouse in the examined studies are Sequences,
Conditionals, Loops, Events, Parallelism, Variables (Data), and Operators. Functions, Synchronization blocks and User
Interactivity blocks that are not included in Brennan & Resnick's (2012) framework, are also evident. Researchers
(e.g., Moreno Ledn et al., 2015; von Wangenheim et al., 2018) in the reviewed empirical studies often match these
concepts with other CT elements. For example, von Wangenheim et al. (2018) assign abstraction to the use of more
than one script and the definition of custom blocks in Snap!.

The examination of the studies also reveals the presence of elements such as Logic, Collaboration, Cooperativity,
Problem solving, Creativity, Communication, Critical Thinking, Self-efficacy and others that appear once or twice and
are not included in CT frameworks. The presence of these elements could be explained since some validated general
assessment methods such as Dr. Scratch (Moreno Ledn et al., 2015) and CTS (Korkmaz, Cakir, & Ozden, 2017) assess
these skills. These general methods are adopted by other studies (Durak, Yilmaz, & Bartin, 2019; Gabriele et al.,
2019; Garneli & Chorianopoulos, 2018, Garneli & Chorianopoulos 2019; Glnbatar, 2019; Korkmaz & Bai, 2019;
Marcelino, Pessoa, Vieira, Salvador, & Mendes, 2018), resulting in a strong presence of these elements in the
reviewed empirical studies.

CT attitudes and perspectives appear less frequently in the reviewed studies and include mainly Connecting and
Expressing as described by Brennan & Resnick (2012).

Table 5

Knowledge Base sub-areas

CT elements classification Description CT frameworks

Concepts Concepts (programming elements) Brennan & Resnick
encountered during programming. (2012)

Skills The ability and capacity to carry out CT CSTA & ISTE (2011),
thought processes. Angeli et al. (2016),

Shute et al. (2017)

Practices Thinking and learning processes developed Brennan & Resnick
during programming. (2012)

Perspectives Perception of oneself, his/her relationship Brennan & Resnick
with others and the digital world. (2012)

Attitudes Dispositions and mindsets. CSTA & ISTE (2011),

Barr & Stephenson
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Fig. 6. Number of studies by CT element appearing more than twice in the examined studies.

4.2.2 Assessment Area

CT assessment is examined in 53 studies. Researchers in the examined studies develop and validate assessment
methods, propose frameworks or measure students’ CT in order to achieve deep understanding of students’ learning
(Fronza et al., 2017) through various assessment methods. We classify Assessment Area into five sub-areas: Self-
report methods; Tests; Artifact Analysis; Observations; and Frameworks. Tests, Artifact Analysis and Observations
measure directly CT, in contrary with self-report methods that measure CT indirectly through recording self-
reflection. Table 6 presents the classification of Assessment.

CT assessment methods in the examined studies are mainly based on the specific content of each study. However,
there are some efforts to develop general assessment methods. These efforts include development and validation of
tests (Chen et al., 2017; Roman-Gonzalez et al., 2017), self-report scales (Kong, Chiu, & Lai, 2018; Korkmaz et al.,



2017; Kukul & Karatas, 2019; Yagci, 2019) for general use in CT assessment and automatic artifact analysis
instruments (Moreno Ledn et al., 2015). Artifact analysis involves examining students’ programs to detect evidence
of CT. Automatic artifact analysis allows teachers and researchers to focus on assessment methods such as
observations and interviews to gain a complete picture of students’ understanding (Da Cruz Alves et al., 2019).

Assessment frameworks usually propose optimal combinations of assessment methods. Frameworks that have been
proposed involve data mining techniques (De Souza, Barcelos, Munoz, Villarroel, & Silva, 2019), hypothesis-driven
approaches (Grover et al., 2017) and Evidence-Centered-Design (ECD) methods (Snow, Rutstein, Basu, Bienkowski, &
Everson, 2019).

Table 6

Assessment sub-areas

Studies

. . . . $2,54,56,512,513,518,530,5
scales, questionnaires, surveys, interviews,

Indirect Self-Report think-aloud protocol, journals, reflection 35,536,539,540,547,548,55
Methods 5,556,557,559,560,561,566,
Methods reports
§70,579,588,595,597,5101
multiple-choice tests, quizzes, open-ended $3,56,59,510,511,512,513,S
and other tasks, tasks and assignments with ~ 15,519,532,539,553,570,S7
Tests rubrics, semi-finished programs, projects, 5,576,577,579,584,585,590,
design scenarios $93,595,5100,S101
automatic analysis, manually inspection of 54,510,513,515,525,526,53
Direct Artifact . vSIS, y Inspes 2,533,535,536,537,544,546,
3 artifacts for CT evidence, examination of S5 563 S65 S66.572 S86 S
Methods analysis artifacts for CT patterns, log data 28 12021982,988,20£,955,
observations of students’ actions, screen
. recordings, learning analytics, camera $4,56,510,512,535,537,570,
Observations (o dings, researchers’ notes, structure- S79
based observations
$4,510,515,525,532,537,S3
Frameworks frameworks for CT assessment

9,584,590,5101

4.2.3 Learning Strategies Area

Learning strategies are mentioned in 37 studies. We classify the most common learning strategies in six sub-areas:
Game Based Related Strategies, Modeling & Simulations Based Related Strategies, Problem Solving Related
Strategies, Project Based Related Strategies, Scaffolding Related Strategies and Collaborative Related Strategies
(Table 7). Scaffolding Related Strategies are classified as a separate sub-area, as they are particularly emphasized in
the selected studies. Other strategies involve hands-on, aesthetic design through media design, storytelling and
guided-discovery. Fig. 7 presents the number of CT studies by most common strategies.

Studies focusing on learning strategies either propose a pedagogical framework for CT or apply learning strategies to
motivate students and enable them acquire CT. Many of these strategies are linked to constructionism (Papert,
1980) grounded in Piaget’s (1970) constructivist theory, and/or Vygotsky’s (1978) Zone of Proximal Development.
Additionally, learning strategies are implemented in traditional classroom settings, at distance or in blended
environments (e.g., Basogain et al., 2018; Grover et al., 2015) that take advantage of the presence of teachers and
the services provided by virtual learning environments. Researchers in selected studies often use multiple learning
strategies to take advantage of their benefits. Out of the 37 studies included in this CT Area, 15 apply or propose
more than one learning strategy.



Table 7

Learning strategies sub-areas

Studies
Game Based Related Game Based Related Strategies involve game design and $4,525,526,535,
Strategies digital/video game development, programming games and $36,546,548,S5
any strategy that exploits games and programming. 3,560,572,589,
$100
Modeling & Modeling & Simulations Based Related Strategies involve $2,511,528,535,
Simulations Based designing of scientific models and simulations through §72,581

Related Strategies strategies such as scientific inquiry and learning by design.

Problem Solving

> Problem Solving Related Strategies involve Problem Based S5,539,551
Related Strategies

Learning and problem-solving learning strategies in general.

Project Based Related Project Based Related Strategies involve the engagement $32,553,569,57

Strategies with authentic projects set around real challenges and 0,579
problems.

Scaffolding Related Scaffolding Related Strategies involve strategies that offer $6,511,513,517,

Strategies support to students as they learn, including instructional $26,536,539,54
scaffolding, support/guidance, and adaptive, peer-, 5,570,572,581,S
resource- scaffolding. 93

Collaborative Related Collaborative Related Strategies involve strategies where $6,530,533,545,

Strategies students actively interact during the learning process 548,570

including collaborative learning, teamwork, pair
programming and strategies based on student’s
collaboration.
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Fig. 7. Number of studies by the most common learning strategies.

4.2.4 Factors Area

CT-related factors are discussed in 22 studies. We classify Factors Area in two sub-areas: Demographic factors and
Cognitive & non-cognitive factors presented in (Table 8). Demographic factors have the strongest presence in the
selected studies with gender being discussed in 17 and grade level in 7 out of 22 examined studies.

Several studies investigate the relationship between CT and grade level. Some of them (Atmatzidou & Demetriadis,
2016; Werner, Denner, Campe, & Kawamoto, 2012) conclude that CT acquistition is not grade-related (or age-



related). Several other studies conclude that there is a significant relationship. However their results on the type of
this relationship are contratictory. On the one hand, some studies conclude that there is a positive relationship
between grade level or age and CT. More specifically, Roman-Gonzalez, Pérez-Gonzalez, & Jiménez-Fernandez (2017)
assessed 1,251 students’ CT using Computational Thinking Test (CTt). They concluded that CT levels increased with
the grade, thus suggesting that this finding may be related to the cognitive problem-solving aspect of CT. This finding
is in line with the results reported by Durak et al. (2019). On the other hand, there are studies providing evidence
that there is a negative relationship between age (grade level) and CT. More specifically, Durak & Saritepeci (2018)
found that grade level negatively predicted CT, suggesting that as the students’ grade level increases their CT levels
are negatively affected. However, they note that this finding may be related to participants’ prior experience, which
was different depending on the grade level. A negative relationship between CT (elements of programming
empowerment) and grade level has also been reported in Kong, Chiu, & Lai’s, (2018). However, authors emphasize
that other factors such as less personalized instruction and differences in the level of difficulty may have affected
students’ CT acquisition. Israel-Fishelson & Hershkovitz (2019) go further by comparing students’ achievement in
specific CT elements between their different grade levels. The authors emphasize that students at different grade
levels performed better on different concepts, suggesting that the design of a CT approach should take into account
“the fit between CT concepts and grade level” (Israel-Fishelson & Hershkovitz, 2019).

Studies that investigate gender relationship with CT are also contradictory. Some of them conclude that learning CT
is gender-related, while others (Atmatzidou & Demetriadis, 2016; Werner et al., 2012) find that there is no
significant relationship between gender and CT learning. Studies that conclude that CT is gender-related are also
contradictory. Some of them (e.g., Durak & Saritepeci, 2018; Durak et al., 2019) found CT level differentiation in
favor of female while others (e.g., Kong et al., 2018; Roman-Gonzalez et al., 2017) in favor of male students. Studies
(e.g., Cooper et al., 2014; Fletcher & Lu, 2009; Repenning et al., 2015) also discuss challenges related to demographic
factors (e.g., gender, socio-economic) such as underrepresentation in CS and students’ low motivation.

Creativity appears in the selected studies in the light of two different perspectives. Several studies (Allsop, 2019; Kim
& Kim, 2016; Korkmaz et al., 2017; Yagci, 2019; Zhong et al., 2016) place creativity in the core of CT along with other
elements. However, other studies approach creativity as a separate construct and examine its relationship to CT.
Teachers who participated in Nouri, Zhang, Mannila, & Norén (2019) reported creativity as one of the skills occurred
during CT learning. Kim & Kim (2016) found that students’ creativity was improved after they participated in their CT
intervention. On the contrary, Hershkovitz et al. (2019) found no relationship between CT and creativity. However,
they suggest that this may relate to specific features of the learning platform used.

Self-efficacy is an additional factor that appears in the selected studies in the light of the two aforementioned
perspectives. Roman-Gonzélez, Pérez-Gonzdlez, Moreno-Ledn, & Robles (2018) found that CT was positively related
to CT self-efficacy. In addition, they suggested that fostering students' self-efficacy through positive and personal
learning experiences might be effective in acquiring CT. A significant relationship between CT and programming self-
efficacy was also reported by Durak et al. (2019).

Other factors addressed in the selected studies include aspects of personality (Roman-Gonzalez et al., 2018),
persistence (Israel-Fishelson & Hershkovitz, 2019), attitudes toward and interest in programming, (Kong et al., 2018;
Witherspoon & Schunn, 2019) attitudes toward collaboration (Kong et al., 2018), academic success and attitude
against various school subjects (Durak & Saritepeci, 2018), challenges in learning programming (Sengupta,
Kinnebrew, Basu, Biswas, & Clark, 2013) and teachers’ instructional goals (Witherspoon & Schunn, 2019).

Cognitive factors such as verbal, spatial, reasoning, numerical and problem-solving ability (Roman-Gonzélez et al.,
2017), ways of thinking (Durak & Saritepeci, 2018), and reflective thinking (Durak et al., 2019) are also investigated in
the literature.

Table 8

Factors sub-areas

Studies
Demographic factors  Grade level, gender, socio-economic and cultural $4,56,522,529,530,531,S
background 43,545,549,553,555,556,

$70,572,576,577,590




Non-Cognitive and Personal traits, attitudes and motivations such as aspects  $29,530,542,546,555,566
Cognitive factors of personality, creativity, self-efficacy, persistence, ,$76,577,581,590, S93
attitudes toward programming and attitudes toward
collaboration; academic performance, challenges in
learning programming

Factors that involve cognitive functions and mental
abilities such as verbal, spatial, reasoning & numerical
ability and problem-solving ability

4.2.5 Tools Area

Researchers in 47 studies use or develop tools for CT teaching and learning. We classify tools leveraged for teaching
and learning CT through programming in K-12 education in three sub-areas: programming tools & communities,
robotics & microcontrollers, and tools specifically developed for CT. Table 9 presents the classification of tools. Fig. 8
presents the number of studies by tool.

Students in the selected studies are mainly engaged with programming concepts and practices through
programming tools. According to Brennan & Resnick (2012) the concepts and practices that students encounter
during programming could be considered as CT concepts and practices as well. Most of the tools recorded in the
selected studies are visual programming tools. Furthermore, even when text programming is used, the outcome of
programming is often visualized through animations. Agent-based programming paradigm is also widely applied. In
addition, communities are proposed by authors (e.g., Clark & Sengupta, 2019; Kafai, 2016) who argue that CT and
programming are social practices. Students in the selected studies share their programs and use socialization
features of communities that according to Xing (2019) can lead to CT development.

Robotics are used for teaching and learning CT in some of the selected studies. Students in these studies encounter
CT concepts and practices during programming robots to interact with the environment. Among other tools
educational robotics kits have the strongest presence (e.g, Atmatzidou & Demetriadis, 2016; Chalmers, 2018).
Microcontrollers are also evident in studies (e.g., Carlborg, Tyrén, Heath, & Eriksson, 2019; Durak et al., 2019) where
students program automations or complex robotic devices.

Several studies develop tools in order to support a CT theoretical framework or curriculum. Most of the developed
tools are visual programming tools and involve game play (e.g. Clark & Sengupta, 2019; Weintrop, Holbert, Horn, &
Wilensky, 2016) and/or modeling (e.g. Basu, Biswas, & Kinnebrew, 2017; Clark & Sengupta, 2019; Kynigos & Grizioti,
2018; Sengupta et al., 2013).

Table 9

Tools sub-areas

Studies
Programming tools Visual & text programming tools. S2,54,55,510,515,21,526,S30,S
& Communities 32,533,535,536,537,539,542,S

Communities that provide users with the

opportunity to interact with other programmers. 44,545,546,548,549,553,554,5

58,560,563,570,571,572,575,S

79,586,594,5101
Robotics & Programmable robot constructs including $6,512,513,517,518,519,530,S
Microcontrollers educational robotics kits, physical & virtual robots. 60,593
Automations, control devices, interactive physical
systems.
Tools specifically Tools developed to support a CT theoretical S$11,521,547,559,581,589, S93,

developed for CT framework or curriculum. S$100
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Fig. 8. Number of studies by tool.

4.2.6 Capacity Building Area

Providing guidance and support to teachers is discussed in 19 studies. We classify Capacity Building Area in three
sub-areas: Knowledge for teaching CT, Teacher Education and Professional Development (Table 10).

The specification of knowledge for teaching CT is a prerequisite for teacher support (Angeli et al., 2016; Cooper et
al., 2014) and thus, we classify it as a separate sub-area in Capacity Building Area. Technological Pedagogical Content
Knowledge (TPCK or TPACK) is proposed for specifying this knowledge in the selected studies (e.g., Angeli et al.,
2016; Mouza, Yang, Pan, Yilmaz Ozden, & Pollock, 2017). TPCK interweaves the knowledge of technology (TK),
content (CK) and pedagogy (PK) (Koehler & Mishra, 2006). Angeli et al. (2016) define TPCK for CT as the knowledge
that enables teachers to identify creative and authentic CT projects; identify technologies that provide the necessary
technological means for practicing/teaching the whole range of CT; and use representations in order to make CT
comprehensible for all. Other researchers (e.g. Mouza et al. 2017) place CT into the Technology Knowledge (TK),
suggesting that teachers should understand this knowledge and draw connections with PK and disciplinary content
(CK), such as math, language, art.

Teacher Education could be based on revised educational technology courses that provide pre-service teachers with
CT opportunities and methods courses that focus on teaching and learning and facilitate the integration of CT into
pre-service teachers’ future educational practices (Yadav et al., 2017). Along these lines, studies in this sub-area
introduce CT to pre-service teachers through technology courses (Angeli et al. 2016, Gabriele et al., 2019; Mouza et
al., 2017; Yadav, Mayfield, Zhou, Hambrusch, & Korb, 2014) and methods courses. For example, Adler & Kim (2018)
incorporated CT into a science methods course for pre-service teachers. A high percentage of participants (90%) who
engaged with CT through simulations consider that CT and simulations could be integrated into the classroom
environment. Participants in Gabriele et al. ‘s (2019) study developed projects in Scratch and subsequently
incorporated them into their teaching practices during their internship.

Professional Development aims to support teachers in understanding and integrating CT into their practices (Alfayez
& Lambert, 2019; Bower, Wood, Lai, Howe, & Lister, 2017). Hickmott & Prieto-Rodriguez (2018) propose that
Professional Development should (a) provide activities relevant to both CT tools and CT learning strategies; (b)
include both step-by-step exercises and self-directed projects; (c) take into account teachers’ prior knowledge; (d)
provide resources that can be directly integrated into teaching practices; and (e) assess teachers’ knowledge
acquisition through direct assessment methods. Kale et al. (2018) argue that when Professional Development
focuses on the application of CT in different domains and problem solving, it allows teachers to recognize the



importance of CT and integrate the knowledge gained into their teaching. Ongoing professional development that
involves workshops, embedded coaching, administrative support, co-planning lessons and co-teaching, could also
provide inservice teachers with valuable assistance and thereby expanding their participation in CT (Israel, Pearson,
Tapia, Wherfel, & Reese, 2015).

Table 10

Capacity Building sub-areas

Studies
Knowledge for  Models for specifying the knowledge that teachers need for S5,518,522,567,596
teaching CT teaching CT.
Teacher Undergraduate courses such as educational technology and $2,533,534,567,595,596
education methods courses that promote CT learning and teaching.
Professional Variety of tools such as workshops, training, courses designed $8,514,518,541,544,545
development to help teachers improve their professional knowledge. ,550,561,563,569,582

5. Computational Thinking through Programming in K-12 education (CTPK-12) model

The proposed Computational Thinking through Programming in K-12 education (CPTK-12) conceptual model (Fig. 9)
is based on the extracted CT Areas (as described in Section 4.2) and their relationships presented in this section
(Table 11). CTPK-12 models’ relationships show the dominant relations between CT Areas as they emerge from the
selected studies.

Learning Strategies R — ——— Capacity Building
Game Based Related Strategies R2 R1 Knowledge for teaching CT
Modeling & S.imulat'lons Related'Strategies enable acquiring facilitates acquiring Teacher Education
Problem Solving Related Strategies Professional Development
[ Project Based Related Strategies
Scaffolding Related Strategies
Collaborative Related Strategies — "~ Knowledge Base
Concepts -— | R7
I_R4 Skills
; measures
suppoart Practices
Perspectives
R3 Tools Attitudes Assessment
addrerilsa[c:c?ltlsnges Programming tools & Communities Self-Report methods
Robotics & Microcontrollers Tests
Tools specifically developed for CT Rb Artifact Analysis
RS o Observations
affect the acquisition of e
address challenges related to
L» Factors —

Demographic Factors
Non-Cognitive and Cognitive
Factors

Fig. 9. Computational Thinking through Programming in K-12 education (CTPK-12) model.

Table 11

CT Areas’ relationships

Capacity Building  R1. Supports teachers to facilitate students understand and acquire CT.




Learning R2. Enable students understand and acquire CT.

Strategies R3. Increase the motivational levels of underrepresented students, thereby
broadening CT participation and addressing underrepresentation due to socio-
economic, cultural and gender differences.

Tools R4. Allow students to acquire CT through supporting learning strategies.

R5. Address the challenges encountered in learning programming and reinforce
underrepresented students’ motivation.

Factors R6. Affect the acquisition of CT.

Assessment R7. Measures CT and provides a means for deep understanding of students’ learning.

R6 and R7 model’s relationships could be considered plausible and are widely reflected in the studies included in the
respective CT Areas described in section (4.2). The same is true for R1, while this relationship is not widely tested
empirically in the selected studies. The remaining relationships are further elaborated in this section.

R2. Several studies attribute the success of the proposed interventions to the applied strategies. Grover et al. (2015)
place particular emphasis on the pedagogical design of their strategy, which eventually led to the students'
understanding of CT concepts (algorithmic constructs). Repenning et al. (2015) also found that Scalable Game Design
strategy that involves game design, simulations and scaffolding allowed students to develop CT skills, highlighting
the important role of pedagogy in the strategy. Sdez-Lopez, Roman-Gonzdlez, & Vazquez-Cano (2016) implemented
an active pedagogical approach, concluding that primary school students who participated in their study improved
their CT levels in regard to CT concepts, logic and CT practices. In addition, there are also findings that support the
assumption that learning strategies such as Game Design (Garneli & Chorianopoulos, 2019), Project Based Learning
enhanced with software agile methods (Fronza et al., 2017) and Modeling & Simulations (Garneli & Chorianopoulos,
2018) enable the acquisition of CT.

R3. Studies also discuss the role of learning strategies in relation to challenges posed by demographic factors (e.g.
gender, socio-economic background) such as underrepresentation in CS and students’ low motivation (Cooper et al.,
2014; Fletcher & Lu, 2009), arguing that CT teaching and learning motivates learners, especially females and
underrepresented students. More specifically, loannidou, Bennett, Repenning, Koh, & Basawapatna (2011) and
Repenning et al. (2015) suggest that Scalable Game Design learning strategy leads in broadening participation in CS.
Out of over 4000 students who participated in Scalable Game Design Project, 56 % were minority students and 45%
were female. 64% of the participated girls were interested in continuing their CT activities. In addition, ethnic
minority factor did not affect students’ interest in continuing involving with CT (Repenning et al., 2015). Teachers
who participated in Israel’s et al. (2015) study, used teaching CT through collaborative problem solving, modeling,
explicit instruction, peer collaboration, and guided discovery in order to make CS accessible to students with low
financial backgrounds and disabilities.

R4. Learning strategies are supported by tools. Out of 32 empirical student-centered studies, 21 utilize tools as a
means of supporting learning strategies to introduce students to CT. Specific features of tools could support
different learning strategies. For example, a strategy that involves modeling is supported among others, by tools that
include a modeling environment such as CTSiM (Basu et al., 2017; Sengupta et al., 2013). A game design strategy is
often supported in the selected studies by tools such as Scratch (Resnick et al., 2009) that allows students of all ages
to develop games through its low floor environment.

Furthermore, there is evidence that engaging with tools without a learning strategy is not enough to gain knowledge
of CT. Denner et al. (2012) analyze 108 games created by middle school students in Creator, finding lack of code
organization, documentation and design for usability. Since they found that participated students faced challenges in
designing their games and understanding several programming concepts, they suggested that proper guidance is
critical to enable students’ motivation. Brennan & Resnick (2012) noted that interviewee students that developed
projects in Scratch, sometimes could not explain their programs, although they had incorporated several
programming constructs into them. Zhao & Shute (2019) examined the development of students’ CT through a game
environment they developed, noting that a non-trivial part of the students’ improvement in CT could be attributed
to increased familiarity with the environment.

R5. There is also evidence that tools enhance underrepresented students’ engagement in programming and CS. In a



study by Kim & Kim (2016), participating elementary female students reduced their negative attitudes towards
software education after following a CT course and designing games in App Inventor.

In addition, several studies emphasize (e.g., Fronza et al., 2017; Garcia-Pefialvo & Mendes, 2018; Lye & Koh, 2014,
Repenning, Basawapatna, & Escherle, 2017; Sengupta et al., 2013) that certain tool features (e.g visual interfaces)
eliminate the challenges related to the nature of programming, such as difficulty of learning a complex programming
syntax.

6. Discussion

The analysis of Knowledge Base Area reveals that recent years' efforts to identify measurable elements of CT have
led to various terms describing classifications of CT elements such as concepts, practices, skills, attitudes,
perspectives. These terms are often presented with different meaning. In addition, several CT elements proposed by
frameworks appear to be classified in various ways. For example, abstraction occurs as the thought process of “the
ability to think in abstractions” (Selby, 2013), as the skill “to decide what information about an entity/object to keep
and what to ignore” (Angeli et al., 2016), and as the practice of Abstracting and modularizing, that is “building
something large by putting together collections of smaller parts” (Brennan & Resnick, 2012).

During the analysis of the studies we recorded more than 60 different CT elements proposed by frameworks and
definitions or simply assessed in empirical studies. Some of them are not included in definition frameworks. This
could be explained by the evolution of the domain. As research in the domain progresses, empirical studies
introduce further CT elements in their assessments in addition to those proposed by the respective frameworks. The
strong presence of some of these elements in the reviewed studies is due to the fact that they are included in
assessment methods such as Dr. Scratch (Moreno Ledn et al., 2015) and CTS (Korkmaz et al., 2017) that have been
adopted by other studies (e.g. Durak, Yilmaz, & Bartin, 2019; Gabriele et al., 2019; Garneli & Chorianopoulos, 2018,
Garneli & Chorianopoulos 2019; Giinbatar, 2019; Korkmaz & Bai, 2019; Marcelino, Pessoa, Vieira, Salvador, &
Mendes, 2018).

Many of the reviewed empirical studies assess CT as a skill. This could be explained, since CT was introduced as a skill
and attitude by the widely accepted definition of Wing (2006). In addition, the term CT skills emerges from
definitions and frameworks such as (Angeli et al., 2016) and (CSTA & ISTE, 2011). Programming constructs or CT
concepts as described by Brennan & Resnick (2012) are also frequently assessed. This finding is consistent with the
results presented by Zhang & Nouri (2019). This is likely because CT concepts can be assessed by direct assessment
methods and in addition some of these methods provide automation facilitating the assessment process. On the
contrary, it is likely that the difficulty to assess perspectives and attitudes through direct assessment methods leads
to its low presence in the reviewed studies.

CT assessment methods mainly assess CT through pretest/posttest, self-report and artifact analysis. In order to gain
a complete picture of the learning process, several studies include observations in their assessment. CT assessment
methods are mainly based on the specific content of each study although there are some efforts to develop
assessment methods for general use. Most of these methods are self-report methods assessing CT indirectly,
proposing CT elements that are absent in definition models. Thus, we can conclude that there is no agreement on
what and how to assess CT. This is consistent with several studies (Brennan & Resnick, 2012; Denning, 2017; Fronza
et al., 2017; Grover et al., 2017, Grover et al., 2015; Moreno Ledn et al., 2015; Werner et al., 2012; Zhong et al.,
2016) that highlight the challenge of CT assessment.

The examination of the studies also reveals that the most common proposed learning strategies are Game Based
Related Strategies and Modeling & Simulations Related Strategies leveraging scaffolding and collaborative strategies.
This could be explained as game design increases the motivational level of students while modeling & and
simulations facilitates processes that are core to CT such as Abstraction and Evaluation. There is evidence that
learning strategies that enhance students’ CT learning are essential, as there is research that reveals that introducing
CT to young students without considering appropriate learning strategies leads to difficulties for students to acquire
CT.

Tools in the reviewed studies provide environments and communities where students are engaged with
programming constructs and practices. Most of them share the common feature of visual programming. Scratch is
the most commonly used tool and is usually used for game and media design. This is likely due to the combination of
the following reasons: a) Scratch is proposed as a tool to support CT development by its designers (Resnick et al.,
2009), b) Brennan & Resnick's (2012) framework in which CT elements are defined in relation with Scratch, facilitates
researchers to use Scratch in their studies and c) the assessment of CT through projects developed in Scratch is
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facilitated by automatic assessment methods such as Dr. Scratch (Moreno Ledn et al., 2015).

Several studies examine CT-related factors including cognitive, non-cognitive and demographic factors. Determining
the relationship between these factors and CT could indicate the most appropriate approaches for each case
depending on the presence of these factors. Most of the studies examine gender and socio-economic factors and
challenges that arise from them such as students’ underrepresentation and gender and social differences. The
examination of the selected studies indicates that while factors may affect CT development, teaching and learning CT
could address low enrollment in CS and increase interest of underrepresented students. Researchers and teachers in
the examined studies are not particularly concerned about challenges that could affect CT acquisition due to the
nature of programming as discussed in (Buitrago Florez et al., 2017). This could be explained as the tools used have
features that eliminate these difficulties.

Capacity Building has gained attention especially after 2015. Teacher education, professional development and the
knowledge that teachers need in order to teach CT are the main issues discussed in the selected studies. Many of
these studies are surveys that examine the challenges faced by teachers. Other studies propose frameworks or
discuss professional development and teacher education interventions.

The proposed CTPK-12 conceptual model is developed to aid domain understanding, communicate domain details
and document CT through programming in K-12 domain for future reference. The CTPK-12 conceptual model can be
expanded to include higher education or other approaches than programming, such as kinesthetic approaches. Thus,
it has the potential to serve as a basis for future studies by including CT Areas or sub-areas as the domain evolves.

In addition, the CTPK-12 model could serve as a basis for hypothesized research models that establish a direct link
between theory and statistical estimations. An example is presented in (Fig. 10) where research hypothesis is
developed between some CT Areas of the model. Research hypothesis in the specific example includes H1 (Between
Learning Strategies Area and Knowledge Base Area): Game design enables the acquisition of CT skills. H2 (Between
Learning Strategies Area and Factors Area): Game design motivates female students, addressing gender differences.
H3 (Between Tools and Learning Strategies): Scratch provides opportunities for game development, supporting game
design. H4 (Between Tools and Factors): Scratch motivates female students, addressing gender differences. H5
(Between Factors and Knowledge Base): Female and male students acquire a different level of CT skills.

. H1: Game design enables the acquisition of CT skills
Game Design

H3: Scratch provides opportunities CT skills
for game development, supporting game design

4

Scratch

H5: Female and male students acquire different level of CT skills

H2: Game Design motivates female students,

addressing gender differences. H4: Scratch motivates female students,

addressing gender differences.

L] }‘
»- Gender

Fig. 10. Example of a hypothesized research model based on CTPK-12 model.

We suggest using the CTPK-12 conceptual model to design empirical interventions aimed at teaching and learning CT
through programming in K-12 education to investigate as many CT Areas as possible. Furthermore, we assert that
empirical studies that explicitly define the targeted elements of the CT knowledge base, the learning strategies
applied, the assessment methods used, the tools used, the factors that may affect CT based on the profile of
participants, and the capacity building of teachers involved, provide a complete picture of the intervention being
attempted.

In addition, the CTPK-12 conceptual model could be combined with models for CT activities such as the scope of
autonomy model (Carlborg et al., 2019) and the constructionism matrix (Csizmadia, Standl, & Waite, 2019). The
CTPK-12 model could be used as a guide to designing teachers' lessons, providing them with evidence-based results



and detailed information on CT through programming in K-12 education and facilitating them to integrate CT into
their educational practices. The models’ areas and their relationships could be taken into account during designing
of curricula as well as CT teaching and learning process to improve effectiveness. In addition, CTPK-12 model could
inform policy makers on their decision-making regarding CT and integration into K-12 education. It should be noted
that the application of the CTPK-12 model in practice should take into account the settings under which CT will be
incorporated. These settings include parameters such as course type (optional or compulsory) or whether CT will be
employed into other courses in the curriculum or as a separate course. Further elaboration of these settings is
outside the scope of this study. Fig. 11 presents the possible application of CTPK-12 model in educational practice.

Frameworks for_ CT CTPK-12 madel _CT cumculu_m
materials and activities implementation

Settings

Fig.11. CTPK-12 model application in K-12 educational practice.

7. Conclusions and future research directions

In this study, a conceptual model of CT through programming in K-12 education (CTPK-12) was developed. The
proposed model is based on a systematic literature review and the identification of CT Areas and their relationships.
CT Areas result from the recording of all topics of interest to researchers, as discussed in the scientific publications.
CTPK-12 model provides an overall map of the domain that aids domain understanding and could serve as a basis for
future studies and facilitate the integration of CT into K-12 educational practices.

The CTPK-12 model indicates that CT through programming in K-12 education domain includes the following six
areas Knowledge Base, Learning Strategies, Assessment, Tools, Factors and Capacity Building area that are related to
each other. Some of the relationships between the areas have not yet been sufficiently explored including (a) which
tools support which learning strategies, (b) which learning strategies enable the acquisition of CT, (c) which factors
affect CT development and (d) how capacity building affects students’ CT levels.

The CTPK-12 model also reveals that although the focus on Assessment, Tools and Factors area remains
approximately constant over time, it increases for Learning Strategies and Capacity Building area and decreases for
Knowledge Base area. This marks a change in the focus of research that could be interpreted as a shift to more
tangible issues of educational practice. The findings also indicate gaps and future directions regarding the models’
areas and relationships that are presented in the following paragraphs.

Assessment area is at the forefront of CT research gathering the greatest interest of researchers in the selected
studies. However, CT assessment methods in the selected studies include mostly methods based on particular
activities and curricula and therefore their use in different contexts is difficult. Efforts have been made to develop
validated methods for general use that allow researchers to document their results based on validated instruments.
Most of these methods are self-report methods; therefore, there is a need for additional validated methods, which
could be applied to various settings, providing opportunities to standardize the CT assessment based on methods
other than self-report.

Tools area is also one of the major topics investigated in the selected studies. Several studies focus on the
development of environments designed specifically to support CT teaching and learning strategies. Although these
environments are designed on the basis of CT frameworks, they are not yet widely used in empirical studies or
educational practices aimed at developing CT. Instead, they appear only once in the literature in the studies where
they are introduced. Therefore, beyond the theoretical basis and technicalities of CT tools, researchers need to
consider issues of usability, student motivation, teacher facilitation through available resources and frameworks, and
ease of assessment through built-in automated assessment methods. In addition, future studies should explore the
relationship between Tools and CT development providing insights on which tools could better support which CT
learning strategies.

Learning Strategies area has gained increasing interest in recent years. However, several of the studies reviewed
simply refer to the learning strategies applied without further describing how they were implemented. Focusing on



learning strategies, presenting the relevant background and how they are implemented could support a more
comprehensive picture of the conditions and context of the proposed CT interventions. Studies could also propose
frameworks that support leveraging CT learning strategies. In addition, future studies could explore the relationship
between learning strategies and CT development and provide insights on which learning strategies are most suitable
for students to acquire which CT elements.

Capacity Building is highlighted as a critical Area of CT presence within educational settings and one of the rising
areas in the domain research. Nevertheless, studies still argue that teachers face significant challenges in
incorporating CT practices such as lack of technological infrastructure, lack of time for lesson plans and materials
preparation and limited instructional time (Adler & Kim, 2018; Bargury et al., 2012; Israel et al., 2015; Ozturk,
Dooley, & Welch, 2018; Sentance & Csizmadia, 2017). Most important, teachers have low levels of CT content
knowledge (Alfayez & Lambert, 2019; Angeli et al., 2016; Bower et al., 2017; Israel et al., 2015; Kale, Akcaoglu,
Cullen, & Goh, 2018) and knowledge about how to teach CT (Chalmers, 2018). Thus, more Capacity Building
interventions and frameworks are needed to support inservice and pre-service teachers to successfully integrate CT
into their teaching practices. In addition, the relationship between capacity building and CT development could be
investigated in future studies.

Factors area has also been investigated in several of the selected studies. However, some of the results of the
studies are contradictory, so it is unclear whether and to what extent these factors lead to higher or lower CT levels.
As Angeli & Giannakos (2020) point out, how CT skills, such as abstraction, problem decomposition, and data
structures, map to different abilities, grade level, disciplines, gender, and educational level is still missing from the
literature. Further studies in this direction could build clarity about factors that may affect CT acquisition. With
regard to how CT could be utilized to motivate underrepresented groups, there are few studies (e.g Kim & Kim,
2016; Leonard et al., 2018; Pinkard, Martin, & Erete, 2019) specifically aimed at motivating girls and
underrepresented minorities. More studies are required to provide evidence of the relationship between factors,
learning strategies and tools and provide insights on if and how learning strategies and tools could broaden
participation in CT and address challenges related to factors.

Finally, future work could fully exploit the potential uses of the CTPK-12 model in both educational practice and
research. This could include studying the application of the proposed model to teaching practices and curriculum
design. In addition, future work could extend the proposed model to include higher education to develop a holistic
approach covering CT teaching and learning from early years until graduation.
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