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Abstract

The field of computational thinking (CT) is developing rapidly, reflecting its impor-
tance in the global economy. However, most empirical studies have targeted CT
in K-12, thus, little attention has been paid to CT in higher education. The present
scoping review identifies and summarizes existing empirical studies on CT assess-
ments in post-secondary education, aiming to reveal the current trends of empirical
research in this domain and key features of recent CT assessment instruments. It
examines 33 peer-reviewed journal articles published between 2013 and 2019 from
six databases. Results show that most assessment tools are designed for comput-
ing science and engineering undergraduates or pre-service and in-service teachers
in these subjects. Most tools involve in-class interventions to promote CT skills.
Several assessment formats were adopted in the selected studies, including selected-
response questions, constructed-response questions, Likert scales, interviews, pro-
gramming artefacts, observations, and interviews. Finally, most assessment instru-
ments attempt to measure skills from a combination of dimensions including CT
Concepts, Practices, and Perspectives from a hybrid-competency framework. More
specifically, the skills assessed in most studies are algorithmic thinking, problem
solving, data, logic and logical thinking, and abstraction. Findings may help instruc-
tors to select CT assessments for higher education and researchers to focus on less
explored research areas.
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Introduction

Computers and programming have revolutionized the world and have promoted
technology literacy as a crucial skill to achieve academic and career success in the
digital 21st century (Shute et al., 2017). Accordingly, computational thinking (CT),
a complex competency defined as a way of thinking that can be applied to vari-
ous fields requiring problem-solving skills, has been gaining popularity in the field
of education. CT encompasses multidimensional skills related to digital literacy,
such as data literacy and problem-solving. It was popularized in the early 1980s by
Seymour Papert, who coined the term to encompass many skills and terms that had
previously been established (Papert, 1980). Most of the original components of CT
originated within the computing science (CS) field, due to the emphasis on sequen-
tial and logical analysis. Nevertheless, it has emerged as an immensely useful tool
due to its employment as a way of thinking which can be applicable to broader fields
beyond CS.

Since 2006, CT has undergone a powerful revival, spurred by Jeannette Wing’s
influential article (Wing, 2006). Wing defined CT as “an approach to solving prob-
lems, designing systems and understanding human behavior that draws on concepts
fundamental to computing” (Wing, 2008: p. 1). In recent years, more definitions of
CT have emerged (Brennan & Resnick, 2012; Grover & Pea, 2018; Weintrop et al.,
2016), which link CT from its CS origins to a wider range of subjects, emphasiz-
ing that the CT competency is derived from but not limited to CS. Therefore, it can
also be used to facilitate problem solving in various subjects such as mathematics
(Bussaban & Waraporn, 2015; Buteau & Muller, 2017; Sung et al., 2017), general
science problems (Bussaban & Waraporn, 2015; Flores, 2018; Sneider et al., 2014),
and even the social sciences and liberal arts (Knochel & Patton, 2015).

Given the importance of CT competency, research on different aspects of CT
has come under the spotlight increasingly in the past few years. In the last decade,
many endeavors have been made to boost the understanding of CT as a complicated
higher-order skill (Shute et al., 2017), settle a universal framework of CT constructs
(Brennan & Resnick, 2012; Grover & Pea, 2018; Weintrop et al., 2016), develop
curriculum for teaching CT in K-12 contexts (Hsu et al., 2018), and design platforms
or instruments to assess CT skills (Csernoch et al., 2015; Dichev & Dicheva, 2017,
Flanigan et al., 2017; Kordaki, 2013; Korkmaz, 2012; Sheehan et al., 2019; Sher-
man & Martin, 2015; Topalli & Cagiltay, 2018). Additionally, CT has been included
in the next iteration of the PISA large-scale assessment (OECD, 2018). However,
most of the recent research on CT has focused on the K-12 education context, with
only a few studies addressing research in post-secondary education and fewer focus-
ing on CT assessments (Cutumisu et al., 2019).

The present study has identified a gap in the existing literature on CT assess-
ments. Specifically, there is a dearth of CT assessments in higher education, even
though there is an acute need for CT assessments at this level to ensure that stu-
dents are prepared for the digital workforce of the 21st century. Several factors
have encumbered the prevalence of CT assessments in post-secondary education.
For example, attempts to incorporate CT principles into non-STEM (Science,
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Technology, Engineering, and Mathematics) fields without appropriate training pro-
vided to students and instructors might lead to frustration, lowered self-efficacy, and
lessened motivation towards learning (Miller et al., 2013). In addition, to date, there
is no universal assessment tool nor definitive method to select assessments for CT in
higher education (Cutumisu et al., 2019). It is increasingly apparent that CT skills,
as a vital component of 21st century competencies, are not only useful in computer
science or engineering programs in post-secondary institutions but also applicable to
a wider variety of fields to facilitate future success on tasks requiring problem-solv-
ing skills. Therefore, much more research is needed on this topic. The present study
explores aspects of CT assessments in post-secondary education. More specifically,
we attempt to answer the following questions:

Who are the audiences for CT assessment instruments?

Are the assessments embedded in courses or programs?
What are the key features of the assessment instruments?
What measurement instruments does each assessment adopt?
What CT skills does each measurement instrument assess?

A e

Theoretical framework

Wing (2006) asserted that CT “involves solving problems, designing systems, and
understanding human behavior, by drawing on the concepts fundamental to com-
puter science” (p. 33). However, CT is decoupled from ‘computing science’ and,
instead, it represents ‘a model of thinking’ that is fundamental for everyone and
applicable to a broad range of domains, including mathematics, engineering, and
biology, as well as to daily life scenarios concerned with problem solving (Angeli
& Giannakos, 2020; Li et al., 2020). To accurately discuss a topic as highly nuanced
as CT, it is necessary to address and integrate the various theoretical frameworks
within CT.

First, Brennan and Resnick’s (2012) three-dimensional framework is widely
acknowledged, and it includes CT concepts, practices, and perspectives. Within
each, there are various sub-components that describe them in more detail. More spe-
cifically, CT concepts are the essential ideas utilized to describe CT investigations,
such as: sequence—a structure of series of actions in a predetermined order; loop—
a sequence of instructions that is iterated until the specific condition is met; events—
occurrences detected by a program which may trigger the execution of subsequent
steps; parallelism—multiple events that perform concurrently; conditionals—pro-
grammer-specified rules for execution of dependent instructions; operators—con-
structs that behave like functions to manipulate data but are expressed semantically;
data—information processed or stored digitally, can be represented by binary data,
numbers, text, images, audio, videos, programs, or other types of data. In compari-
son to CT concepts, which are quite theoretical, CT practices are very pragmatic.
They specify how CT concepts come to life and how they are manipulated. CT prac-
tices include how to interact with colleagues in a project, how to apply principles
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of CT, how to overcome problems, the processes that enable us to learn new infor-
mation, the ways we approach learning iteratively and methodically, testing and
debugging to improve parameters of a current project, reusing and remixing to use
solutions to current problems which have already been addressed by colleagues, and
abstracting and modularizing to convert a practical problem by reframing it in CT
terms. Finally, CT perspectives focus on understanding the bigger picture surround-
ing the dynamics of people, places, and things. This includes such terms as express-
ing—bring personal aspects of one’s unique self-expression into a project; connect-
ing—coordinate one’s activities in a project with others to foster optimal outcomes,
and questioning—examine current conventions or ways of doing things and explore
what methods can be used to reach towards higher ideals, increased performance, or
more optimal outcomes.

Later, Weintrop et al. (2016) proposed a taxonomy of CT in mathematics and sci-
ence including four main dimensions. First, data practices include collecting, creat-
ing, manipulating, analyzing, and visualizing data. Second, modeling and simulation
practices include (1) using computational models to understand a concept and to
find and test solutions; and (2) assessing, designing, and constructing computational
models. Third, computational problem solving practices include preparing problems
for computational solutions, programming, choosing effective computational tools,
assessing different approaches/solutions to a problem, developing modular com-
putational solutions, creating computational abstractions, and troubleshooting and
debugging. Fourth, systems thinking practices consists of five subskills including
investigating a complex system as a whole, understanding the relationship within
a system, thinking in levels, communicating information about a system, and defin-
ing systems and managing complexity (Weintrop et al., 2016). Several aspects of
the framework proposed by Weintrop et al. (2016) are consistent with Brennan
and Resnick’s (2012) work, such as modeling and simulation as well as testing and
debugging, but the former is more directly aligned with mathematics and science
learning, aiming to deepen the pedagogical practices of the two subjects.

A more recent and well-rounded CT competency framework was proposed
for K-12 STEM education by Grover and Pea (2018). Two main dimensions are
described in this framework: (1) CT concepts include logic and logical thinking,
algorithms and algorithmic thinking, patterns and pattern recognition, abstraction
and generalization, and evaluation and automation; and (2) CT practices include
problem decomposition, creating computational artefacts, testing and debugging,
iterative refinement (incremental development), and collaboration and creativity. In
contrast with Brennan and Resnick’s (2012) framework, Grover and Pea’s frame-
work moves abstraction and generalization into the CT Concept Category, and CT
Perspectives into the CT Practices dimension. The new framework attempts to shift
the core skills of CT from computing literacy towards a more problem-solving com-
petency that transcends the computing science domain.

Although there is no universally-accepted CT definition or taxonomy, CT is
generally viewed as a complex problem-solving competency, which requires both
cognitive skills such as abstraction, problem decomposition, planning, testing and
debugging, as well as non-cognitive skills such as creativity, communication, and
collaboration. Moreover, CT is not limited to a single academic discipline and it can
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facilitate deeper learning in various domains. The underlying subskills of CT are
flexible and may be adjusted to adapt to different applications. However, this makes
it more difficult to assess CT competency using a single instrument. The current
study adopts a hybrid framework drawing from Weintrop et al. (2016) framework of
CT for mathematics and science classrooms, Grover and Pea’s (2018) two-dimen-
sional framework, and Brennan and Resnick’s (2012) three-dimensional framework
to extensively examine and evaluate CT assessments in the contexts of post-second-
ary education. The hybrid, umbrella framework enables us to cover more dimensions
and skills of CT. Moreover, it is more generic and independent of specific subjects.
Therefore, it is more feasible to incorporate the framework into diverse programs of
studies.

Literature review

Previous studies have made efforts to systematically group the existing studies
related to computational thinking in different contexts. Lye and Koh (2014) exam-
ined 27 empirical studies on teaching and learning of computational thinking
through programming in K-12 settings. Their findings show that K-12 students often
learn CT by using visual-programming tools to create artefacts like digital stories
or games. The authors pointed out that although most research studies have yielded
knowledge gains from CT interventions, they have mainly focused on CT concepts,
with only a few studies measuring students’ CT practices or perspectives. Lye and
Koh (2014) recommended the incorporation of CT practices and perspectives into
a constructionism-based problem-solving classroom that facilitates deeper informa-
tion processing, scaffolding, and reflection activities.

Shute et al. (2017) summarized 45 theoretical and empirical articles to exam-
ine the emerging field of computational thinking through a systematic review of
its various definitions, main components, interventions, models, and assessments
in K-16 settings. They concluded that CT is an ambiguous yet compound compe-
tency that is hard to differentiate from similar terms such as algorithmic thinking or
mathematical thinking, because CT encompasses many overlapping skills, such as
problem solving, modeling, and data analysis. The authors reviewed related articles
published from 2006 to 2017, summarizing the main characteristics and most-dis-
cussed CT topics. They devised a comprehensive definition to demystify CT mainly
as a “logical way of thinking, not simply knowing a programming language” (Shute
et al., 2017: p. 16), highlighting the main components of CT, which include prob-
lem decomposition, abstraction, algorithmic design, debugging, iteration, and gen-
eralization. More importantly, they suggested CT is not strictly tied to a particular
discipline, but rather a problem-solving competency that can be taught and embed-
ded into multiple disciplines. They also argued that the key to successfully integrate
CT into existing disciplines is to implement a “reliable and valid CT assessment”
(Shute et al., 2017: p. 15). However, considering the multitude of CT definitions and
models, assessing CT becomes a major weakness. Specifically, there is no widely-
adopted valid instrument nor gold standard for current empirical research.
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Hsu et al. (2018) also conducted a meta-review of the studies related to learn-
ing and teaching CT in K-12 settings published from 2006 to 2017. Through ana-
lyzing the courses, participants, teaching tools, and programming languages used
in the selected studies, the authors proposed five suggestions for future research on
CT. Two of them are concerned with effectively assessing CT among students who
employ various learning strategies in different subjects as well as accurately detect-
ing students’ learning status so that instructors could provide feedback.

More recently, Zhang and Nouri (2019) conducted a more focused systematic
review of empirical studies on learning CT in K-9 through Scratch. They examined
55 studies to identify all CT skills learned and assessed for K-9 students through
the visual-programming language Scratch, drawing on Brennan and Resnick’s
(2012) three-dimension framework. Their results show that CT skills proposed by
Brennan and Resnick’s framework (2012) can be effectively delivered and learned
through the use of Scratch. Moreover, additional CT skills were identified beyond
the scope of Brennan and Resnick’s framework through Scratch, including reading,
interpreting, communicating code, as well as employing multimodal design, pre-
dictive thinking, and human-computer interaction. Furthermore, Zhang and Nouri
(2019) discussed the urgent needs as well as challenges associated with assessing
the learning outcomes of CT learning. They also recognized the importance of
monitoring students’ learning progression throughout the CT interventions. Simi-
lar to previous reviews, they found that most studies focused on CT concepts, with
only limited studies assessing CT practices and perspectives. They suggested that
CT concepts were more amenable to a wide variety of assessment forms, such as
selected-response items (e.g., multiple-choice questions) or programming artefacts;
while CT perspectives were difficult to evaluate directly. Thus, many studies chose
the convenient way to assess CT skills by leaving out CT perspectives or even some
CT practices from Brennan and Resnick’s (2012) three-dimensional framework.

Cutumisu et al. (2019) conducted a scoping review of 39 empirical studies on
assessments of computational thinking published from 2013 to 2018. This review
examined several aspects of CT assessments, including forms of assessment, skills
assessed, measures, instrument reliability and validity, courses in which CT was
embedded, and student demographics. Cutumisu et al. (2019) found that most
assessment instruments measure CT concepts and practices rather than CT perspec-
tives, and that algorithmic thinking, abstraction, problem decomposition, and logical
thinking are the most assessed skills. In addition, the results showed that most CT
assessments focused on K-12 settings, with only a few focusing on higher education.
Meanwhile, Angeli and Giannakos (2020) summarized the achievements of current
research on CT education and discussed five main issues and challenges of future
research on computational thinking education. Among the five future directions,
two of them are about CT in higher education and CT assessments. More specifi-
cally, one suggestion is concerned with preparing pre-service as well as in-service
teachers with CT literacy so that they can develop knowledge on how to teach and
assess CT with confidence and to guide their K-12 students in acquiring CT knowl-
edge as well. Systematic CT professional development is necessary to prepare and
equip in-service and pre-service teachers with CT skills and to help them design
effective learning activities. The other suggestion highlights another area that is
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underdeveloped in CT, namely the identification of the most effective assessment
tools to measure students’ CT skills.

Some common gaps emerge from the reviews discussed above. First, most empir-
ical studies focus on the K-12 context, while few have examined CT in higher educa-
tion or among pre-service or in-service teachers. Second, the field of CT assessment
is still under rapid development, lacking consensus regarding the identification of a
validated instrument for a specific grade level. Finally, few studies have discussed
the optimal ways to embed CT activities into an existing curriculum. Therefore, this
study sets out to fill this gap by summarizing recent empirical studies on assessing
CT skills in the context of post-secondary education.

Method
Purpose

According to Tang et al. (2020), recent research on CT can be separated into two
time periods: 2006-2012 and 2013-2019. The 2006 resurgence of CT was followed
by a slow growth between 2006 and 2013. After 2013, there was a marked boost in
the average number of yearly publications on CT. Moreover, Cutumisu et al. (2019)
indicated that CT has not been fully explored and the work on CT assessments is
still lagging behind the rest of the research on CT. Particularly, our preliminary
search has identified a gap in the CT assessment literature in higher education. Thus,
we conducted a scoping review to examine the research studies on CT assessments
in post-secondary education published between January 2013 and June 2019.

This review is informed by Arksey and O’Malley’s (2005) five-stage approach
to conduct a scoping review: (1) identifying the research questions; (2) identifying
relevant studies; (3) selecting studies; (4) charting the data; and (5) collating, sum-
marizing, and reporting the results.

Identifying the research questions

The key purpose of this study is to thoroughly identify and analyze computational
thinking assessment tools for post-secondary education in recent empirical studies.
Therefore, this review is guided by the following research questions:

1. Who are the audiences for CT assessment instruments? What are the participants’
countries and current educational levels, and what are the corresponding assess-
ment tools employed? What are their current programs of study?

2. Are the assessments embedded in courses or programs? On what subjects/courses
are the assessments based?

3. What are the key features of the assessment instruments? What forms does each
assessment instrument adopt: automatic or non-automatic (i.e., manual) scoring,
cognitive or non-cognitive, paper-based or computer-based?
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4. What measurement instruments does each assessment adopt? What measures
does each tool adopt to assess CT competency?

5. What CT skills does each measurement instrument assess? Does the instrument
assess all three dimensions of CT? What subskills are assessed in each assessment
instrument?

Keyword search

We chose the following six databases that cover popular journals of interest in com-
puter science and education: SpringerLink, IEEE Xplore, SCOPUS, ACM Digital
Library, ScienceDirect, and ERIC. The keywords employed were “computational
thinking” AND (“assessment” OR “measurement”). Results were restricted to peer-
reviewed journal articles published in the last six and half years, from January 2013
to June 2019. The search results can be found in Fig. 1. The initial search returned
356 results, whose distribution by database is presented in Table 1.

Selecting studies

Table 2 presents the result screening process. Three rounds of article inclusion and
exclusion were conducted. In the first round, duplicates and articles that did not

Data Search
n=356
p
Duplicates Removed
n=3
A\
-
Full Text Not Available
n=3
\
Screening for Relevance
n=350

( Irrelevant Studies Removed ]

L n=13

Screening for Exclusion
n=337

n=304

( Inclusion Criteria Not Met ]

Final Studies Reviewed
n=33

Fig. 1 Flow diagram of the article search and selection process
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Table 1 Initial search results distributed by database
Database SpringerLink IEEE Xplore SCOPUS ACM digital library ScienceDirect Eric Total

N of papers 197 20 14 13 98 44 356

Table 2 Article screening

process Screening for exclusion Total

Not empirical 67

Duplicates 3

Not related to education or assessment 13

Involved education or assessment but no integration of 77
computational thinking

Involved computational thinking but the assessments used 44
did not assess CT skills

Not for higher education 116

Unavailable 3

Total after exclusion 33

contain full texts were removed from the initial search results; in the second round,
four coders screened articles collected from one or two of the databases to exclude
irrelevant articles and articles that did not meet the inclusion criteria. The inclusion
and exclusion criteria can be found as follows:

Not empirical or the full text is not available;

Not related to education or assessment;

Involved education or assessment but did not integrate CT;
Involved CT but did not assess CT;

The assessment is not designed for post-secondary education.

e

In the final round, a fifth researcher verified that all selected articles meet the
requirements and resolved any disputes that had occurred in the article inclusion
process. After inclusion and exclusion of the articles, 33 articles were retained
through three rounds of filtering.

Results

Table 3 summarizes the assessment instruments used in each article. Most assess-
ment tools are designed for undergraduate students with a Computer Science
(n=11) major, followed by pre-service teachers in education (n=7), in-service
teachers in STEM subjects (n=6), and undergraduate students in STEM related
majors (n=23). Tools such as the Computational Thinking Scale (CTS) (Doleck
et al., 2017; Korkmaz, 2012; Korkmaz et al., 2017) and the Computational Thinking
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knowledge test (Flanigan et al., 2017; Peteranetz et al., 2018) were used in multiple
studies to assess students’ CT perceptions and skills. However, most studies imple-
mented their own instruments together with interventions to assess CT growth out-
comes. For example, Dag (2019) used a set of assessment tools including a general
self-efficacy scale, a course evaluation questionnaire, a semi-structured electronic
form containing five questions on teaching programming and self-development,
course academic achievement, and Small Basic tasks to evaluate pre-service teach-
ers’ use of CT. Mishra and Iyer (2015) taught C++and Scratch in two CS courses
for four weeks and quizzed students to assess their knowledge of CT. Sherman and
Martin (2015) created a rubric for grading students’ CT assignments on app design
for mobile devices, such as smartphones and tablets in App Inventor. The rubric,
named ‘mobile computational thinking” (MCT), measures 14 specific mobile app
dimensions that are related to general CT and mobile CT, including screen inter-
faces and location awareness. Apart from assessment tools specifically designed
for a course or a study, several research studies adapted existing large-scale assess-
ments to evaluate participants’ CT competency, such as the OECD’s PIAAC online
survey (Ifiiguez-Berrozpe & Boeren, 2019) and the Group Assessment of Logical
Thinking (GALT) Test (Kim et al., 2013). Other studies opted for developing assess-
ment tools that are aligned with an existing framework or curriculum, including the
NRC’s Framework Assessment (National Research Council) to assess pre-service
teachers’ thoughts on scientific practices in K-12 education (Ricketts, 2014) and the
FS2C framework assessment (Magana, 2014) to inform the design or selection of
multimedia for learning tools. Some studies simply used course academic achieve-
ments (programming assignments, final exam scores, and GPA) or in-class pre-tests
and post-tests to represent students’ CT growth, as the interventions and assess-
ments were embedded in the course syllabus (Dichev & Dicheva, 2017; Doleck
et al., 2017; Jaipal-Jamani & Angeli, 2017; Topalli & Cagiltay, 2018). As in the
case of K-12 CT assessments, there is no universal CT tool for assessments in post-
secondary settings. Previous reviews emphasize a trend of adopting multiple tools to
assess more dimensions of sophisticated CT skills, compared with CT assessments
in K-12 settings (Cutumisu et al., 2019). Similarly, the present review revealed that
most studies also combined multiple tools to measure different CT dimensions. The
current study identified a total of 30 unique assessment tools (see in Table 3) in the
33 selected articles.

Characteristics of empirical studies on CT assessments in higher education
Distribution of articles on CT assessments by database

We conducted our literature search in June 2019. First, we examined the articles
retrieved to ensure they met our inclusion criteria. We retained 33 CT assessment-
related studies. Figure 2 displays the distribution of the included articles across
the searched databases. The results revealed that ScienceDirect and SpringerLink
returned the most related studies (13 articles each), followed by the ACM Digital
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Fig.2 Selected publications Publications Distributed by Databases
distributed by databases
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Library, ERIC, and Scopus, that yielded two articles each, whereas IEEE Xplore
only contributed one related study.

Distribution of articles on CT assessments over time

The current review focused on studies performed in the past 6.5 years. Over that
time, we noticed a fluctuation in the number of published studies that met inclusion
criteria, with the highest number of studies being published in 2017 (n=38) and the
lowest number of studies published in 2018 (n=2). Although we have not included
the articles published since June 2019 when this literature search was concluded,
there were only 5 other studies published until the end of 2019 (Fig. 3).

Students’ countries featured in CT assessment studies

The countries represented in the search results in Fig. 4 include a majority from
North America, of which the US contributed the most (n=14), followed by Can-
ada (n=4). Some studies came from European countries such as Turkey (n=3), the
UK (n=2), Hungary (n=2), Greece (n=2), and Germany (n=1). Asian countries
such as India (n=1), Taiwan (n=1), and South Korea (n=2) also contributed to the
search results, however far fewer than those from Western countries.

Participants’ grade levels and programs of studies
One of the main goals of the present literature review is to identify who the audi-

ences of the CT assessment tools are and their background to better inform future
implementation or selection of appropriate instruments. The number of participants

Fig.3 Publications distributed Publications Distributed by Year
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Fig.4 Publication distributed by country

sampled, their countries, grade levels, and programs of studies are presented in
Table 4.

Figure 5 shows that most studies employed the assessment tools with populations
that included undergraduate students majoring in Computer Science (n=11), fol-
lowed by pre-service teachers (i.e., undergraduate students majoring in Elementary
Education, n=7); in-service teachers in subjects such as science, math, or phys-
ics (n=06); undergraduate math majors (n=2); and undergraduate biology majors
(n=1). Among the 33 articles reviewed, 3 studies did not explicitly describe the par-
ticipants’ programs of study. With regards to the sample size, results shown in Fig. 6
revealed a great variation in recruitment, with most assessment studies (n=15)
sampling 100-200 participants. The results show that most empirical studies of CT
assessment in post-secondary institutions have fairly large sample sizes, which ena-
bles researchers to validate the assessment tool with more solid evidence.

Classification of CT assessments

The 33 studies selected can be categorized into several main types: block-based
assessments, knowledge/skill tests, self-reported Likert scales, text-based pro-
gramming projects, academic achievements of CS courses, as well as interviews
and observations. This section will discuss the details of these different types of
assessments.

Block-based assessments Some popular block-based programming languages
including Scratch, Scratch Jr., Alice, Light Bot, Small Basic, and Etoys were widely
used to promote participants’ CT skills and adapted to assess the outcomes of the
interventions across K-12 and post-secondary contexts.

Scratch is a visual block-based programming language designed by the MIT
Media Lab. It is an effective tool to introduce basic computational concepts and
practices to beginners; it is the most popular tool to promote CT skills in the empiri-
cal research across K-12 grade levels (Cutumisu et al., 2019). In the context of
post-secondary institutions, Scratch is also used in some studies to teach and assess
computational thinking among first-year CS students as well as non-CS students.
Israel et al. (2015) recruited n=9 primary school teachers and conducted interviews
and observations to investigate how easily they can integrate Etoys and Scratch into
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Participants' Programs of Study
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Fig.5 Participants’ programs of studies in the selected articles
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K-12 CS teaching and learning, and how well the teachers understand computing
concepts and perspectives. Romero et al. (2017) examined 120 Canadian under-
graduate students’ abilities to utilize CT principles for creative programming tasks
in Scratch. Topalli and Cagiltay (2018) sampled 48 engineering students from an
introductory programming course to investigate whether introducing real-life prob-
lem-based game development with Scratch programming could enhance classical
introductory programming. Scratch Jr. is also a block-based programming language
designed at the MIT Media Lab but aimed for lower age groups. Lazarinis et al.
(2019) examined the Greek K-12 teachers’ programming abilities and CT concepts
through an online course with activities on Scratch, and assessed participants with
Scratch tasks and quizzes. Sheehan et al. (2019) observed 31 dyads of parents and
their 4.5- to 5.0-year old children playing in Scratch Jr. together to examine their
spatial talk, question-asking, task-relevant talk, and responsiveness. Most previous
studies demonstrated the potential of block-based programming contexts for teach-
ing and promoting CT.

Alice is another widely-used visual programming environment developed at
Carnegie Mellon University, which provides a platform for students to create
3D virtual worlds or digital story-telling. Dag (2019) examined the ability of a
course to educate Turkish pre-service computer teachers in programming princi-
ples which target the use of CT. Participants’ were Faculty of Education students
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in their last year of their computer major. Perceived knowledge was assessed
through projects done in Scratch, Small Basic, and story design in Alice 3.

Light Bot (Lee & Cho, 2020), a programming puzzle game based on program-
ming concepts, Small Basic (Dag, 2019), a programming language designed for
transitioning students from block-based to text-based coding, and Etoys (Israel
et al., 2015), a visual programming platform to foster students’ computational
thinking, are programming platforms that were created and used in the selected
studies. The tools are usually integrated into traditional classrooms to boost
students’ CT skills or raise awareness among pre-service teachers or in-service
teachers’ regarding the incorporation of CT into classic computing or science-
related subjects.

Text-based programming assessments Since the present review focuses on using
CT assessments at the post-secondary level or with working adults, some studies
adopted text-based programming tasks to assess students’ CT competency (Cser-
noch et al., 2015; Lee & Cho, 2020; Libeskind-Hadas & Bush, 2013). Kim et al.
(2013) examined 143 South Korean undergraduate students’ academic perfor-
mance in comparison to their CT abilities during a computer programming course
in Python. Light Bot as well as quizzes, exams, and homework in the courses were
used for their ability to assess the pre and post CT abilities of students. Csernoch
et al. (2015) tested 950 university students in traditional and non-traditional pro-
gramming environments to see if the knowledge matches the final exams of CS
courses and to ascertain knowledge transfer from secondary to tertiary education.

CT skill written tests Some studies utilized more generic forms of assessment such
as multiple-choice questions or constructed response questions to assess CT skills
(Figl & Laue, 2015; Flanigan et al., 2017; Robertson et al., 2013). The Compu-
tational Thinking knowledge test (CT knowledge test) is a validated Web-based
knowledge test designed at the University of Nebraska-Lincoln (Peteranetz et al.,
2018; Shell & Soh, 2013). This CT knowledge test initially contained 26 items and
was later reduced to 13 items through several rounds of validation. The test targets
students in higher education and covers a combination of questions regarding CT
concepts and the application of problem-solving.

Adaptation or directly borrowing existing validated assessments is another
method for developing CT assessment tools for post-secondary levels. Ifiiguez-
Berrozpe and Boeren (2019) assessed working adults’ skills of Problem Solving
in Technology Rich Environments (PS-TRE) using the Programme for the Inter-
national Assessment of Adult Competencies (PIAAC), which is an online survey
that includes 72 items related to PS-TRE numeracy and 72 items related to PS-
TRE literacy. More specifically, the survey includes three main sections: use of
PS-TRE skills at home, use of PS-TRE skills at work, and proficiency of PS-TRE
skills. Kim et al. (2013) used the paper-and-pencil programming strategy (PPS) to
improve 132 non-computer majors pre-service elementary school teachers’ under-
standing and use of computational thinking and adopted the Group Assessment of
Logical Thinking (GALT) pre- and post-tests to measure the effectiveness of PPS.
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Self-reported scales/survey CT perspectives are mainly concerned with inter- and
intra-personal skills including communication, collaboration, or questioning, which
are difficult to measure through programming-based or written tests. Some studies
adopted self-reported Likert scales to assess students’ self-efficacy or confidence on
CT (Korkmaz et al., 2017; Sentance & Csizmadia, 2017).

Computational thinking scales (CTS) is a 5-point self-report Likert-scale that
consists of 29 CT items measuring five main factors including communication,
critical thinking, problem solving, creative thinking, and algorithmic thinking. It is
adapted from the How Creative Are You questionnaire (Whetton & Cameron, 2002),
the Problem Solving Scale (Heppner & Petersen, 1982), the Cooperative Learning
Attitude Scale (Korkmaz, 2012), the Scale of California Critical Thinking Tendency,
and the Logical-Mathematical Thinking scale (Yesil & Korkmaz, 2010). CTS is a
validated tool that was used in two of the studies from the selected articles (Doleck
et al., 2017; Korkmaz et al., 2017).

Some studies implemented their own questionnaire along with CT skill test to
measure participants’ attitudes, confidence, or awareness. Dag (2019) asked stu-
dents to complete a self-efficacy scale (17 items on a 5-point Likert scale), a course
evaluation questionnaire (8 items on a 7-point Likert scale), and a semi-structured
electronic form (5 questions relating to computer programming instruction and
personal development, feelings about the course, and feelings about programming
tools), in addition to using course academic achievement to comprehensively evalu-
ate all three dimensions of CT. Shell and Soh (2013) employed a web-based survey
to evaluate students’ self-regulation, Student Perceptions of Classroom Knowledge
Building (SPOCK), and motivation. The SPOCK test is comprised of 9 items on
self-regulated strategy use, 10 items on knowledge building, 4 items on low-level
question asking, 5 items on high-level question asking, and 10 items on lack of regu-
lation; and the motivation scale contains 24 items on class goal orientation (learn-
ing/performance/task approach & avoid), 11 items on future time perspective (FTP)
measured by questions regarding an individual’s perception of their remaining time
in life, and 20 items on course affect (Shell & Soh, 2013).

Interviews and observations

In studies where the main goal is to observe pre-service or in-service teachers’ prac-
tices of incorporating CT into traditional classrooms, interviews and observations
are commonly-used methods. Kordaki (2013) conducted structured interviews and
in-class observations to investigate the beliefs of 25 public High-School Computing
(HSC) teachers about their motivation, self-efficacy, and self-expectations as Com-
puting teachers. Teachers were also interviewed regarding the nature of HSC and
its curricula, how their students could be better learners in Computing, the expecta-
tions they have of their students, their own teaching approaches, and the alternatives
they propose to best teach HSC. Finally, they were asked about possible associa-
tions between their beliefs and teaching practices. Tuttle et al. (2016) examined the
ability of a 2-week summer class to educate Pre-K to Grade 3 teachers in scientific
inquiry and engineering design principles, which included using mathematics and
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CT. The researchers administered pre- and post- concept-map grading, lesson plans,
and video recordings of lesson delivery.

Course Academic Achievemen Following CT educational interventions, a com-
monly used method for CT assessment was academic performance in post-secondary
coursework, based on a student’s achievement during quizzes, exams, programming
assignments, and class projects. One of the studies used academic performance as the
only assessment method for CT (Topalli & Cagiltay, 2018). Some studies used course
academic performance as a complementary measure. Dag (2019) assessed academic
performance based on assignments performed in Scratch and Small Basic, midterm
exams, and final assessments of digital story design presentation in Alice 3. Others
measured academic performance by utilizing the participants’ overall GPA in the
course after classroom instruction including CT principles (Basnet et al., 2018; Dag,
2019; Flanigan et al., 2017; Lee & Cho, 2020).

Characteristics of the assessment instruments
Assessment media and courses embedded

In Table 5, we summarized the interventions conducted in the selected studies,
the formal/informal medium of the assessments, and, if applicable, the courses
in which the CT interventions and assessments were embedded in the 33 studies.
Results presented in Fig. 7 show that, in the 33 studies, 27 employed instruction
in a formal classroom setting during an academic term, 1 was conducted off-line
but on campus, as an after-school workshop, and 7 included interventions that were
informally performed online. Therefore, the mode of intervention and assessment
was split between 82% for formal settings and 18% for informal settings. Figure 8
shows that, among the studies that included in-class interventions and assessments,
16 were courses taught by Computer Science faculty members, 5 were courses on
other STEM-related topics, and 3 were courses taught by Education faculty mem-
bers. Table 5 contains more details about the other types of instructional activities,
including the workshops. In sum, most CT assessments were delivered in a formal
educational setting and CS was the most dominant discipline to convey content
related to CT skills. Other STEM related courses were also favored, followed by
courses delivered by faculty members in Education. In the education courses, apart
from promoting CT skills, the studies also focused on cultivating participants’ abili-
ties to integrate CT into traditional syllabi (Dag, 2019; Kordaki, 2013).

Assessment measures

As shown in Fig. 9, most of the 33 studies adopted a combination of multiple meas-
ures to assess participants’ CT skills from different dimensions (n=12). Yadav
et al. (2014) administered a Computational-Thinking Quiz as well as a Computing
Attitude Questionnaire to comprehensively assess students’ CT competency. Flani-
gan et al. (2017) employed a CT knowledge test, Implicit Theories of Intelligence
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Assessment Media
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Fig.7 Media of the assessments reviewed
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Fig.9 Measures adopted by each assessment instrument

Scale, profile measures, and course achievement measures to evaluate all aspects
of CT. Magana et al. (2016) used both the Control-Value Theory of Achievement
Emotions Self-belief measure and academic performance to estimate participants’
self-confidence and academic performance in an undergraduate engineering course.
The second most frequently used measures are generic knowledge or skill tests. Ten
studies adopted knowledge or skill tests, such as the CT knowledge test (Flanigan
et al., 2017; Peteranetz et al., 2017), CAAD test (Csernoch et al., 2015), and Group
Assessment of Logical Thinking (GALT) test (Kim et al., 2013). Programming tasks
in block-based visual programming languages or text-based languages like Python
or C++are adopted as assessment approaches in 5 studies. Additionally, self-report
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scales are used in 4 studies, whereas interviews and observations are used in 2
studies to evaluate participants’ affective skills in addition to their mastery of CT
knowledge.

Characteristic of the assessment instrument: format and types of skills assessed

Table 6 presents the main characteristics of the CT assessment instruments in terms
of their forms of administration, format (paper- or computer-based), as well as types
of CT skills assessed. The most common form of administration of the assessment
tools, as shown in Fig. 10, was a non-automatic, computer-based assessment, which
measures both cognitive and non-cognitive skills. In the 33 studies, 5 utilized paper-
based assessments, 18 used a computer-based assessment, 4 used both formats, and
6 articles did not clearly state the format. In terms of whether the assessment is auto-
matic, we found that 5 of the studies were automatically assessed, 28 were non-auto-
matically assessed by researchers or their associates, and 2 studies were assessed by
a combination of automatic and non-automatic means. Of the studies we reviewed,
15 assessed cognitive skills exclusively, whereas 18 assessed both cognitive and
non-cognitive skills. None of the studies assessed only non-cognitive skills related
to CT perspectives.

CT dimensions assessed: CT concepts, practices, and perspectives

Although many of the studies in this review utilized different CT frameworks, they
all assessed some specific CT principles. Also, there is a large overlap among the
various frameworks. Table 7 exhibits subskills within the hybrid framework adopted
to evaluate each assessment tool. Figure 11 shows that the top five most commonly
examined CT skills are: (a) algorithms and algorithmic thinking, precursor terms for
many subskills, such as loops, arrays, and sequencing, which were assessed in 76%
of the selected studies (n=25); (b) problem-solving, which is assessed in 16 stud-
ies; (c) data, which is assessed in 13 studies; (d) logic and logical thinking (n=9);
and (e) abstraction (n=9). Among the top five assessed skills, there are 3 under the
category of CT Concepts, 2 from CT Practices, and none from CT Perspectives. The
results are consistent with those from CT assessments in K-12 settings (Cutumisu
et al., 2019; Shute et al., 2017), in that CT Concepts and Practices are the primary
goals of interventions and assessments, whereas CT Perspectives have been largely
neglected. However, it should be noted that CT Perspectives, such as communica-
tion, collaboration, expression, and questioning have been paid more attention
in many of the selected studies, which indicates that post-secondary institutions
emphasize non-cognitive abilities, such as creation, expression, communication, and
collaboration.

Figure 12 shows that all selected studies assessed CT Concepts, 28 studies (85%)
assessed CT Practices, and 19 studies (58%) assessed CT Perspectives. More spe-
cifically, 16 assessments (48%) evaluate all three dimensions of CT, 12 assessments
(36%) measure CT Concepts and Practices, 3 (9%) assess CT Concepts and Perspec-
tives, and 2 assessed CT Concepts only. Generally, studies in the context of higher
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Fig. 10 Characteristics of assessments: formats and skills assessed

education aim to measure more dimensions of CT. Table 8 illustrates CT skills from
the three dimensions assessed in each assessment tool.

Discussion, conclusions, and implications

The implementation of CT as a universal problem-solving approach has great poten-
tial benefits within post-secondary institutions. However, by systematically review-
ing the literature, we found a lack of consensus regarding CT frameworks and
assessment instruments. Defining which framework most accurately describes CT is
also proving to be contentious for researchers. The results identify four main themes
in the CT assessments surveyed in the present work.

First, most CT assessments have relied on testing based on several text-based or
visual (e.g., block-based) programming languages for CS or Engineering students.
In studies that utilize programming to test CT abilities, it is often difficult to judge
the degree to which a participant’s responses reflect their competence in specific
programming languages, CT principles, or a combination of both. When techni-
cal skills such as programming are required to demonstrate CT knowledge, there
is a danger that the variables will confound each other, therefore researchers must
anticipate this before concluding the reliability and validity of the instruments. This
finding echoes the results of other scoping or systematic reviews of CT assessment
in K-12 and higher education. Tikva and Tambouris (2021) proposed a CT concep-
tual model from a systematic review of CT research in K-12 and found that most of
the studies viewed CT as associated with programming. They argued that CT drew
greatly upon programming concepts and practices, and that programming acted
as the backbone of the implementations of CT intervention and assessment tools
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Fig. 11 CT skills that were assessed in most instruments
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Fig. 12 Number of studies that assessed different combinations of CT dimensions

in the reviewed studies (e.g., Brennan & Resnick, 2012; Voogt et al., 2015). How-
ever, over time, the concepts and practices of CT evolved from their CS origins to
being perceived as more fundamental skills for both STEM and non-STEM profes-
sions. Thus, more effort is still needed to differentiate CT from CS and explore how
CT can be involved in daily life in a wide range of domains (Tikva & Tambouris,
2021). Tang et al. (2020) also identified the trend that CT has been increasingly
regarded as a set of generic competencies related with both domain-specific knowl-
edge and problem-solving skills other than programming or computing. Hennessey
et al. (2017) also examined the CT related terms used in the Ontario elementary
school curriculum and found that most of the CS concepts stemming from Brennan
and Resnick’s (2012) framework were barely mentioned. Therefore, as CT is draw-
ing more attention, CT assessments that are independent from programming tasks
should be designed to broaden the scope of CT skills. Accordingly, scaffolding tools
could also shift the focus from programming tasks to a wider range of tangible tasks
to equip students to apply CT skills in both STEM and non-STEM contexts (Tang
et al., 2020; Tikva & Tambouris, 2021).

Second, the review highlights the importance of participants’ theoretical under-
standing of CT and related concepts through skill/knowledge tests. To more accu-
rately assess undergraduates’ or older participants’ levels of CT competency, most
reviewed studies developed their own tests to evaluate individuals’ CT skill or
knowledge. However, those assessments simply borrowed the theoretical frame-
works and CT skills proposed and defined for K-12 education to implement their
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assessment tools. Few studies have expanded existing CT frameworks or taxono-
mies to accommodate older participants with potentially higher levels of CT com-
petency, nor have they attempted to construct new ones. The present review shows
that, among the scarce publications on CT assessments, most articles have targeted
K-12 education, with few addressing higher education. As CT has resurfaced rela-
tively recently, research on CT assessments and specifically on CT theory has lagged
behind. This issue is most salient for pre-service and in-service teachers. Angeli and
Giannakos (2020) discussed four challenges in CT education and highlighted the
importance of teacher CT professional development. They advocated that teach-
ers should be systematically prepared to teach and assess CT concepts (Angeli &
Giannakos, 2020). Hsu et al. (2018) and Tikva and Tambouris (2021) also suggested
informing instructors about CT thoroughly to better support their front-line teaching
of CT concepts and design of CT learning activities. However, educators generally
reported that they lack a sufficient understandings of CT concepts and training to
integrate CT in the existing curriculum (e.g., Denning, 2017; Tikva & Tambouris,
2021; Yadav et al., 2017). Specifically, Yadav et al. (2017) argued that pre-service
teachers should be provided with more CT training opportunities across domains,
which will enable them to integrate CT in their future teaching practice. The present
review reveals that efforts have been made to promote CT research among pre-ser-
vice and in-service teachers in the last few years. Pre-service and in-service teachers
could potentially improve their performance and self-efficacy on CT concepts, prac-
tices, and perspectives through interventions and assessments (e.g., Jaipal-Jamani &
Angeli, 2017; Lazarinis et al., 2019; Tuttle et al., 2016; Yadav et al., 2014).

Third, the CT assessments reviewed have focused on problem-solving skills,
including abilities in troubleshooting algorithms or in solving real-life problems, in
addition to theoretical questions that examined participants’ understanding of CT
terminology and concepts. The respective studies were not usually tied to a spe-
cific CT principle. Instead, the adequate understanding of CT concepts together
with problem-solving practices can be applied in a wide range of subjects including
science, mathematics, engineering, social sciences, and liberal arts. As the results
show, most studies have adopted a combination of multiple tools to comprehensively
assess individuals CT competency from different perspectives. The concept of sys-
tems of assessments may be a better fit for a complicated competency such as CT.
This is largely because theoretical questions may assess only academic knowledge of
CT terminology, without addressing the ability to apply this knowledge. Conversely,
an individual might master certain aspects of programming which are encompassed
by CT but remain unaware of the CT skills that are being used. This finding is con-
sistent with the results of other existing reviews. For example, Grover, Pea, and
Cooper (2015) proposed Systems of Assessments for deeper learning of computa-
tional thinking in K-12 by including formative multiple-choice quizzes, open-ended
programming assignments, and summative assessments of CT skill acquisition and
transfer. Tikva and Tambouris (2021) proposed that researchers designed and vali-
dated standardized CT assessment tools that support teaching strategies and CT
acquisition in a wide range of settings. Hsu et al. (2018) and Tang et al. (2020) also
suggested that adopting assessment tools for students of different grade levels, cog-
nitive abilities, and study of programs will not only help assess more fine-grained
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CT dimensions, but also reshape students’ CT learning strategies and foster their
interest in applying CT in various domains.

Fourth, CT assessments that have focused on the motivation, awareness, attitudes,
or self-efficacy of CT are mostly targeted to pre-service or in-service teachers. It is
important to ensure that teachers are well-versed in recognizing and incorporating
CT concepts, practices, and perspectives into their practice, so that they can impart
CT knowledge and practices to their students. However, in studies assessing pre-ser-
vice teachers’ motivation, self-efficacy, or confidence in teaching CT, participants’
responses displayed vague, uninformed, or inconsistent conceptions of CT (Yadav
et al., 2014). This again echoes the second theme we identified in this review, indi-
cating that research on theory of CT should be pushed forward to better inform
empirical studies on teaching and assessing CT.

Overall, we found that lack of standardization of CT assessment criteria makes
it problematic to compare some CT assessment methods, establish the predictive
validity of a study’s results in other settings, or draw conclusions without informa-
tion concerning the educational contexts. Moreover, the purposes and contexts of the
studies determine the optimal selection of the assessment tools. However, one phe-
nomenon that calls for attention is that relating academic performance to CT ability
proved problematic in the literature. Some researchers found a positive relationship
between CT abilities and grades (Lee & Cho, 2020). Other researchers found that
students obtained higher marks in undergraduate mathematics when using CT tools
(Berkaliev et al., 2014). In contrast, more studies reported a weak or even nega-
tive correlation between CT ability and academic achievement (Basnet et al., 2018;
Csernoch et al., 2015). The findings suggest that fostering CT as a problem-solving
competency does not ensure knowledge gains in a specific domain subject. Rather,
CT is a complicated higher-order competency that promotes learning, planning, and
applying problem-solving skills.

Challenges revealed from the review

Some studies included in our review reported sample sizes which are too small
to be considered statistically relevant. As well, in other studies, results may only
apply to the specific populations being examined and not be generalizable to other
populations. Of the studies we reviewed, 8 had sample sizes under 30. Beyond this,
extremely localized data sets were also present even in those studies with larger
sample sizes, such as studies focusing on only undergraduate pre-service teachers
from a specific university or students in a certain introductory CS class.
Furthermore, the reliability and validity of most of the assessment tools have
not been investigated except for CT knowledge test, CTS, OECD’s PIAAC, and the
Group Assessment of Logical Thinking (GALT) Test. 1t is difficult to validate CT
assessments, due to the many existing operational definitions and theoretical frame-
works of CT competency, which make it difficult to define the CT constructs. Also,
CT is a broad term that applies to diverse audiences and educational settings; thus,
it is strenuous to establish validity between instruments or accumulate validity evi-
dence for a certain tool. The last challenge lies in the implementation of effective
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and efficient CT interventions and assessments to ensure the fulfilment of major sub-
jects as well as students’ CT development.

The three challenges mentioned above have been discussed in previous litera-
ture (Grover & Pea, 2018). Some additional distinctive issues and challenges for CT
assessments have been appearing in the context of higher education. The most sali-
ent issue we have identified is the vague boundary between CT skills and CS skills in
higher education. Among the 33 articles reviewed, 11 of the empirical studies inte-
grated CT interventions and assessments into CS courses. Some of the studies even
directly used course academic achievement to assess CT, which implicitly equates
CT to CS (Doleck et al., 2017; Topalli & Cagiltay, 2018). Linking CT directly to CS
is problematic, as CT is a comprehensive problem-solving competency that involves
multidimensional abilities. Some of the CS skills are only borrowed to tackle com-
plicated problems, but not to replace the entire embodiment of CT skills. Definition
and constructs are the key to successful implementation of assessment tools, there-
fore the primary mission of popularizing CT in higher education is to discriminate
CT from CS.

The second challenge deals with identifying CT theoretical frameworks for higher
education. Currently most CT frameworks, including Brennan and Resnick’s three-
dimension framework, Grover and Pea’s CT competency framework, or Weintrop
et al.’s CT framework for Mathematics and Science, were all originally created for
K-12 STEM education, while few were designed for post-secondary contexts. How-
ever, the present review found that some of the CT concepts and practices assessed
in the selected studies have gone beyond the taxonomy of existing frameworks.
Moreover, more CT perspectives are assessed for students from post-secondary
institutions, which is to be expected, as this population has more developed inter-
and intra-personal skills compared with younger children.

Working with a hybrid framework, an inventory of items could be extended and
tested for each concept, practice, and perspective. These items could be examined
for reliability, construct, concurrent, and predictive validity. By assembling such
an inventory, it could create a core of assessment tools for researchers to use for
each specific component of CT. Inclusion of an array of both applied and theoretical
items would allow the inventory to convey a more complete picture of CT for higher
grade levels and mitigate the likelihood of studies which overemphasize any one
dimension of CT.

Implications and recommendations for practitioners

This scoping review examined the existing CT assessments in higher education and
addressed several gaps in the literature to inform stakeholders, including researchers
and practitioners, regarding future research and policy. First, CT interventions and
assessments can be embedded into a wide range of domains including CS, math-
ematics, engineering, physics, and education across K-12 and beyond. For students
attending post-secondary institutions, practitioners can choose appropriate assess-
ment tools to evaluate students’ according to different dimensions of CT. For exam-
ple, teachers can use selected-response or constructed-response items to assess CT
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concepts, use surveys to measure CT perspectives, and employ block-based or text-
based programming artefacts to evaluate CT practices. Students in higher education
are more cognitively and affectively developed compared with K-12 students. Thus,
it is plausible to use a combination of tools including generic tests, surveys, and
interviews to probe their development of CT self-efficacy and motivation, which are
underexplored in the context of K-12.

Second, more attention needs to be focused on the implementation of CT train-
ing programs for both STEM majors and pre-service teachers to prepare them for
using, teaching, and assessing CT in their future careers. Specifically, efforts should
be made to address the gaps between interventions and outcomes to better scaffold
student CT learning activities. Another important aspect of research is to understand
the relationships among CT skills, intervention activities, teaching practices, and
student attitudes to align CT training with programs of studies, gender, and learning
outcomes.

Third, although much work has been done to develop CT assessments, there is
a paucity of validated assessment tools to accommodate the diverse population in
higher education. Future research could be conducted to construct a database of CT
concepts, practices, and perspectives aiming for different grade levels and back-
grounds. Practitioners could gain insights from mapping CT skills to specific tar-
get populations when they need to choose the optimal assessment tools in different
scenarios.

Limitations and future research

Although we followed a systematic approach in this scoping review, the resulting 33
articles may not be considered an exhaustive search. To make the review manage-
able, we have focused only on journal articles in the selected six databases published
from January 2013 to June 2019. As CT stems from CS, where conference proceed-
ings papers account for a greater proportion of research dissemination, in the future,
we plan to include CT assessment tools featured in conference proceedings. Also,
we find it difficult to recommend specific instruments to post-secondary instructors,
due to the lack of validity evidence provided by the reviewed studies. Additionally,
88% (n=29) of the studies in this literature review were conducted at Western insti-
tutions. Therefore, cultural, geographical, or socioeconomic limitations may make it
difficult to draw broad conclusions about the suitability of specific CT assessments
or methods in a region or country. This can be regarded as an important considera-
tion for future research, as the world has become increasingly interconnected, and
standardization of CT assessment methods will become more important to allow
consistency in international comparisons. For instance, CT has been embedded into
some K-12 curricula around the world and it is being included in global large-scale
assessment frameworks, such as PISA.

To determine the most effective and efficient CT assessments tackling all the
challenges discussed in this review, future research can be conducted to examine the
various existing CT assessments in terms of reliability and validity evidence; devel-
oping new CT theoretical frameworks and underlying constructs targeting higher
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education contexts; designing subject-independent interventions and assessment
tools for improving long-term learning outcomes instead of simply using CS courses
and assessments; and exploring valid and effective methods to assess non-cognitive
skills under CT perspectives. Standardization within CT assessment is needed in
the long run, which must be based on a consistent theoretical framework. Specific
emphasis should be included within assessments to address key theoretical concepts,
the flexible application of theory in diverse situations, and assessing essential social
skills that foster creative problem solving.

Another aspect which is necessary for future research to address is the social
component of CT, which is important in mastering CT skills, but it is rarely empha-
sized in CT instruction. Therefore, delineating the benefits of social skills in the
dimensions of CT would have great potential benefits and would help elucidate
potential methods of strengthening these skills during CT interventions.

Conclusion

The present study reviewed 33 empirical studies on CT assessments in post-sec-
ondary education published in academic journals between 2013 and 2019. Several
aspects of the studies were analyzed and summarized including the characteristics
of the targeted grade levels and programs of study, key features of the assessment
tools, and CT dimensions. First, most studies were conducted in the US and sampled
undergraduate students from STEM-related majors, such as CS, engineering, and
mathematics. Next, pre-service and in-service teachers were also sampled regarding
their awareness and abilities of teaching CT, in addition to their own CT skills. Sec-
ond, most CT assessments reviewed were accompanied by interventions to promote
CT in formal or informal educational settings. Among the reviewed studies, 48%
favored introductory formal CS courses, followed by elementary education, engi-
neering, mathematics, and data science courses. Only three studies administered CT
interventions and assessments via informal settings like workshops or online sur-
veys. Third, commonly-used forms of assessments in the studies reviewed included
block-based programming tasks (e.g., Scratch or Alice), text-based programming
projects, CT knowledge tests, self-reported scales, interviews, and observations.
Fourth, most assessments were computer-based non-automatic assessments that
measured a combination of cognitive and non-cognitive skills with a focus on cogni-
tive skills. Fifth, all studies assessed CT concepts, 85% assessed CT practices, and
58% assessed CT perspectives. Results show that CT concepts are still the primary
pedagogical goals for related interventions on CT, followed by CT practices, and
then by CT perspectives. However, it is a positive sign that more studies have started
to include CT perspectives. Among the collection of CT skills, algorithms and algo-
rithmic thinking, problem solving, data, logic and logical thinking, and abstraction
are most assessed in the 33 studies. The innate nature of problem solving and com-
puting of CT competency is reflected in the emphasis of skills that are most assessed
in the empirical studies.

In an increasingly digitized world, CT has become one of the essential elements
of 21st century competencies. This review aimed to investigate the status quo of
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research on CT assessments in higher education in the last few years, proposing to
make recommendations regarding the appropriate selection of assessment tools for
different contexts, and to further identify gaps from the existing literature that would
aid future efforts in CT research.
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