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INTRODUCTION

Computational thinking is not only something programmers must know, but it is also
a thinking tool for understanding our technology-infused social world.

Peter J. Denning & Matti Tedre, 2019



2 1. INTRODUCTION

1.1. COMPUTATIONAL THINKING ASSESSMENT IN HIGHER
EDUCATION

Over the past century, technological advancements have increased our reliance
on computers, systems, data, and automation, transforming many aspects of life.
While smartphones, tablets, computers, and other connected devices offer numerous
benefits, they also introduce new challenges. These advances require new skills and
knowledge, yet not all students are adequately prepared. This situation demands
education systems to adapt and prepare students for future environments.

How can we thrive in an increasingly digital era? What should we teach to
empower students to navigate their path in different scenarios? These questions
prompt further exploration especially also in the field of programming education:
Is coding essential for everyone, and is proficiency in coding alone sufficient for
success? Many find the concept of Computational Thinking (CT) pivotal. CT,
introduced by Computer Science professor Jeanette Wing in her influential 2006
article [1], offers a perspective rooted in Computer Science tools and methods. Since
then, substantial attention and funding various organizations and leading scholars
have fueled research into defining, assessing, and teaching CT [2, 3]. Despite
ongoing debates about its precise definition, efforts to integrate CT into educational
programs are progressing globally.

However, there is little guidance on incorporating CT into higher education
curricula as research often focuses on K-12 education. Experts have not reached a
consensus on how CT should be taught, by whom, and how students, faculty, and
staff should be held accountable for acquiring CT skills, knowledge, and attitudes
[4]. In addition to the lack of research on CT in Higher Education, the nature
of curriculum development in this setting poses extra challenges for large-scale
improvements. Unlike K-12 education, Higher Education grants professors and
faculty a high degree of autonomy in developing and managing their curricula. The
high degree of autonomy leads to various implementations of CT integration in
higher education and different practices assessing it.

In the Netherlands specifically, CT education has been promoted in various ways.
According to Yadav et al. [5], the Academy’s report from the Royal Dutch Academy
of Arts and Sciences (an advisory body to the Dutch government) shaped an active
discussion in 2013. Moreover, there were explorative studies on CT integration in
Dutch Education, for example by Thijs et al.[6]. However, no official national policy
was published on integrating CT in the curriculum. Meanwhile, although scholars
have identified the need for more implementations of CT within higher education [7,
8], most existing studies on CT in the Netherlands have focused on the K-12 context
[91.

Assessment plays a crucial role in CT education by providing valuable insights
into student learning and progress. For example, it helps educators gauge the
effectiveness of teaching methods, identify areas where students may need additional
support, and measure overall achievement of learning objectives.  Moreover,
effective assessment strategies also inform instructional decisions, allowing educators
to tailor their teaching approaches to better meet the needs of their students.
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Furthermore, assessment fosters accountability and transparency in education by
providing stakeholders with evidence of educational outcomes. In recent years, the
Dutch government has placed increasing emphasis on assessment quality in higher
education [10]. According to Standard 2 of the Dutch Qualification Framework [11],
the quality of the teaching and learning environment should be designed to help
students achieve the intended learning outcomes of the program curriculum.

Though given the importance of assessment in CT education, there is comparatively
less emphasis on how to reliably and validly assess students’ CT skills in diverse
academic contexts within higher education [12, 13]. Due to different understandings
of CT, various necessity on specific CT dimensions for different domains, and the
fact that teachers are with high autonomy for operationalising CT in their practices,
we can find various CT assessments. Several approaches to assessing CT have
been tried, including performance-based assessments, multiple-choice tests, and
rubric-based evaluations of student projects [7, 13, 14].

While these methods offer some insights, they often fail to fully capture the
depth and breadth of CT as a cognitive skill set. For instance, performance-based
assessments can be too narrowly focused on specific tasks, missing broader CT
skills like abstraction and generalization. Multiple-choice tests may fail to assess
higher-order thinking and the ability to apply CT in novel contexts. Rubric-based
evaluations, while more flexible, often lack the rigor needed for consistent and
objective assessment across different instructors and institutions.

Current practices often focus on assessing CT in programming contexts in various
domains. Moreover, CT assessments often do not capture the need for different
levels of CT skills [15]. In contrary, some assessment approaches may increase
cognitive load, particularly if they require students to simultaneously learn new tools
or languages while demonstrating their CT skills. Additionally, CT assessments are
often tailored to specific contexts or disciplines, making it difficult to generalize
findings or apply assessment tools across different educational settings. Last but not
least, there is no consensus on a standardized framework for assessing CT, leading
to inconsistencies in how CT skills are measured and interpreted.

Given the identified gap in the literature and the shortcomings of existing
assessment methods, there is a compelling need to develop more comprehensive,
standardized, and cognitively grounded approaches to assessing CT in higher
education. This thesis aims to address this need by exploring innovative assessment
strategies that can more accurately reflect the cognitive processes involved in CT and
be applied across a range of disciplines and educational contexts. To achieve this,
in this thesis, theoretical and practical knowledge has been analysed by reviewing
the literature, surveys have been deployed on the integration of CT into teaching
practices, and assessment has been designed for measuring CT.

1.2. OBJECTIVES

Based on the background provided in Chapter 1.1, we idenfity the following
overarching research questions and their corresponding research objectives for this
thesis:
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* Research Question 1 What is the state of the art of Computational Thinking
assessment in higher eduaction?

* Objective 1 Determine the investigated dimensions of CT assessment in higher
education in the literature.

* Research Question 2 What is the current understanding of the practical
integration of CT in higher education?

* Objective 2 Investigate CT integration in higher education in practice in STEM
courses and curricula.

* Research Question 3 How can an effective assessment instrument be designed
to measure CT skills based on current practices and assessment strategies in
higher education?

* Objective 3 Based upon investigated aspects of CT assessment and practical
information from CT integration in higher education, design an assessment
instrument for measuring CT skills.

1.3. OVERVIEW OF RESEARCH METHODS

Theory and practice for educational innovation and research are deeply intercon-
nected, each enriching and advancing the other. Accordingly, this thesis begins
by investigating existing literature on CT assessment practices to develop a robust
theoretical framework. Building on this foundation, we then explore current CT
practices, applying insights from the literature and our analysis to design an
assessment tool. This tool will test our theoretical hypotheses, allowing us to
make meaningful contributions to the field by bridging the gap between theory and
practice. Three chapters (Ch.2 to Ch.4) in this dissertation focus on gathering and
analyzing existing literature and other resources on CT assessment and integration
in higher education. The remaining two contributions (Ch.5 and Ch.6) focus on
investigating CT integration in practice and the design of assessment for measuring
students’ CT skills.

To address Objective 1 presented in Ch.1.2, we start with a systematic umbrella
review on CT assessment in higher education in Ch.2, which provides a broad
synthesis of existing reviews, offering a high-level understanding of the state of
research on CT assessment practices. Following that, in Ch.3, we present a systematic
review on CT assessment and delve deeper into individual studies to identify specific
methodologies, tools, and outcomes, complementing the broader insights of the
umbrella review.

To address Objective 2 presented in Ch.1.2, we examine in Ch.4 how CT is
currently embedded in higher education programs by analysing curricula from
various STEM domains at Delft University of Technology to learn strengths and gaps
in CT integration and assessment from practice. Moreover, in Ch.5, we present
the results of a survey of teachers’ understandings of CT and their intentions to
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integrate CT into their teaching practices provides crucial insights into educators’
perspectives, which are key to successful implementation.

Regarding Objective 3 presented in Ch.1.2, finally, in Ch.6, to address the practical
need for instruments to measure CT skills (algortihmic abstraction specifically) for
students from both CS and non-CS domains, we conduct an experimental lab study
with 30 participants with a CT assessment tool designed according to findings from
the preceding studies.

As presented above, we use various research methods to achieve the stated
objectives. Table 1.1 presents an overview of the research methods, the type of work,
and the information about participants (if applicable). The chapters involving human
subjects, Chapter 5 and Chapter 6, were approved by the Ethical Review Board of
the Delft University of Technology. These approvals ensure the privacy and safety
of participants and proper data storage. Moreover, most chapters have elements of
qualitative analysis, while others include both qualitative and quantitative analysis.
Two studies involved 38 and 30 participants, respectively.

Together, these studies offer a holistic approach to improving CT assessment and
integration in higher education.

Table 1.1.: Research methods used in the different studies

Research Qualitative Type of particc Number of
method Quantitative ipant participants
Chapter 2 Literature Qualitative / /
review
Chapter 3 Literature Qualitative / /
review
Chapter 4 Course de- Qualitative / /
scription
analysis
Chapter 5 Survey Qualitative Teachers in 38
and Quantita- higher educa-
tive tion
Chapter 6 Experimental Qualitative Students in 30
Lab Study and Quantita- higher educa-
tive tion

1.4. OUTLINE & CONTRIBUTIONS

In this dissertation, I explore CT assessment in literature and practice. The main
contributions of this dissertation can be found in Chapters 2 - 6.

Chapter 2 presents an umbrella review of CT assessment in higher education.
We examined 11 reviews to analyse the CT definitions, and aspects of assessment
design, including a) methods, b) constructs, and c) contexts in which these have
been applied. Most reviews encompass but are not limited to CT assessment in
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higher education. We identified 120 unique constructs and about 10 assessment
methods. Although combining different assessment methods is recommended, we
found no established guidelines for effective assessment design.

Chapter 3 provides a systematic review of 47 empirical studies on CT assessment
in higher education, published between 1986 and 2021. These studies, primarily in
STEM fields at the undergraduate level, often used summative assessments. Various
CT constructs were assessed using both existing and newly developed tools in the
studies.

Chapter 4 investigates the integration of CT into Master’s level engineering
curricula at Delft University of Technology. We analyzed the extent and manner of CT
integration, along with the educational and assessment methods used. The results
indicate that CT is largely integrated through lectures and programming assignments.
Moreover, we found that understanding the problem’s context, recognizing patterns
in the problems, and organizing these patterns into solutions are key goals in many
courses. These findings show potential directions for further CT integration.

Chapter 5 discusses a survey of 38 teachers, mainly in Engineering Education in
the Netherlands, about their perceptions of CT and intentions to integrate it into
teaching. Findings show that teachers often misunderstand the link between CT and
Computer Science, have limited CT training, and vary in their views on integrating
CT constructs. There is a strong positive correlation between teachers’ performance
expectancy, attitudes towards CT, and their intention to implement CT in their
teaching.

Chapter 6 presents an assessment tool that used sorting algorithms as the focus
to measure algorithmic abstraction skills (a key component of CT) for both CS
and non-CS students. This tool was developed based on the PGK framework [16],
which describes four levels of algorithmic abstraction: problem, algorithm, program,
and execution levels. Our findings from this study indicate that both groups need
abstraction skills at least at the Algorithm Level, with many requiring skills at the
Program Level or the Execution Level. This is particularly crucial for STEM students,
underscoring the necessity for tailored educational strategies for non-CS students,
who exhibit a larger gap between their perceived and required mastery levels.
Additionally, training and programming experience are strongly correlated with
performance, highlighting the need for focused training in computational thinking,
programming, and algorithmic abstraction.

Finally, in Chapter 7 we summarize our contributions. We do this by exploring the
overarching themes for CT assessment in higher education in this dissertation. We
also propose implications for practice and research directions for the future.

1.5. PUBLICATIONS
Publications in scientific conference proceedings and journals:

° Zhang, X., Aivaloglou, E, and Specht, M. (2024). A Systematic Umbrella
Review on Computational Thinking Assessment in Higher Education. European
Journal of STEM Education, 9(1), 02.

This publication serves as core material for Chapter 2.
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° Zhang, X., Valle Torre, M., and Specht, M. (2022). An Investigation on
Integration of Computational Thinking into Engineering Curriculum at Delft
University of Technology. In SEFI 2022 - 50th Annual Conference of the
European Society for Engineering Education, Proceedings, 890-901. Universitat
Politecnica de Catalunya. https://doi.org/10.5821

This publication serves as core material for Chapter 4.

° Zhang, X., Aivaloglou, E, and Specht, M. (2024). Teachers‘ Intention to
Integrate Computational Thinking Skills in Higher Education: A Survey Study
in the Netherlands. 2024 IEEE Global Engineering Education Conference
(EDUCON).

This publication serves as core material for Chapter 5.

e Zhang, X., Aivaloglou, E, and Specht, M. Assessment of Algorithmic
Abstraction Skills in Higher Education: An Application of the PGK Framework.
Accepted by 2025 IEEE Global Engineering Education Conference (EDUCON).

This publication serves as core material for Chapter 6.

Publications to which I contributed during my PhD but that are not included in
the dissertation:

° Zhang, X., Glahn, C., Fanchamps, L. J. A.,, Specht, M. M. (Eds.)
(2022). CTE-STEM 2022 | Proceedings of Sixth APSCE International
Conference on Computational Thinking and STEM Education 2022. TU Delft.
https://doi.org/10.34641/mg.37

* Zhang, X., and Specht, M. (2022). Towards a computer-assisted Computational
Thinking (CT) assessment system in higher education. In: CEUR Workshop
Proceedings, 3292, 12-21.

° Zhang, X., and Specht, M. (2022). A Review of Reviews on Computational
Thinking Assessment in Higher Education. In Proceedings of Sixth APSCE
International Conference on Computational Thinking and STEM Education
2022 (CTE-STEM), 98-103. https://doi.org/10.34641/CTESTEM.2022.472.

* Cambaz, D. and Zhang, X. (2024). Use of Al-driven Code Generation Models in
Teaching and Learning Programming: a Systematic Literature Review. SIGCSE
2024 - Proceedings of the 55th ACM Technical Symposium on Computer
Science Education. Association for Computing Machinery (ACM), p. 172-178
7 p. (SIGCSE 2024 - Proceedings of the 55th ACM Technical Symposium on
Computer Science Education; vol. 1).

I supervised this paper and this paper received a Best Paper Award.


https://doi.org/10.5821
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PART I THEORY AND STATE OF THE
ART ON COMPUTATIONAL
THINKING ASSESSMENT






2

A SYSTEMATIC UMBRELLA REVIEW
ON COMPUTATIONAL THINKING
ASSESSMENT IN HIGHER
EDUCATION

Literature reviews play a critical role in scholarship because science remains, first and
foremost, a cumulative endeavor.

vom Brocke et al., 2009

Parts of this chapter have been published in European Journal of STEM Education, 9(1), 02 (2024)
(17]
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2. A SYSTEMATIC UMBRELLA REVIEW ON COMPUTATIONAL THINKING ASSESSMENT IN
12 HIGHER EDUCATION

Computational Thinking (CT) is considered a core 21st-century digital skill. Assessment
is crucial and knowing what, who, when, how, and where to assess is important for
assessment design. In this study, we conducted an umbrella review to gain insights
regarding CT assessment in higher education. We analyzed 11 reviews, focusing on
(1) the bibliographical and methodological characteristics of the reviews; (2) aspects
relevant to assessment design, including a) assessed constructs, b) applied assessment
methodologies, and c) assessment contexts. Our findings suggest an increased attention
to this topic. Meanwhile, most reviews did not thoroughly examine existing reviews,
and majority of the reviews focus on a wider scope than higher education. Moreover,
We identified 120 unique assessed constructs and around 10 types of assessment
methods. Though reviews suggested a combined use of distinct assessment methods,
guidelines for appropriate assessment design are yet to be constructed. Based on the
findings, we argue that it is necessary to explore different combinations of assessment
design in various contexts to construct assessment guidelines.
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2.1. INTRODUCTION

Computational Thinking (CT) is currently regarded as a core digital competency
and it has been widely promoted in K-12 education as well as higher education
settings. Wing [18] defined CT as a set of problem-solving skills with which people
can formulate solutions for problems such that the solutions can be carried out by
any information processing agent. More recently, CT has been stated as a thinking
model that human beings utilize for problem-solving regardless of the rapid change
of technology throughout history [19]. Existing studies investigated not only the
definition of CT but also topics on various aspects of CT teaching and learning
[4, 12, 20]. One can find a consensus on the importance of CT and various
organizations have stressed that in the last decade [4, 12, 20]; however, more effort
is needed to explore further what CT is, how CT can be properly operationalized in
educational activities, what distinguishes CT from other kinds of thinking skills, and
how CT can be incorporated within other subject domains. While the emphasis of
CT education was more on the K-12 educational settings in the early days, it has
gradually attracted more and more attention in higher education. In this study, CT
is deemed as a skill independent of conventional programming or computing skills.

Assessment can be a means to assure the quality of education and to support
students in their learning process. Examining how a competency is assessed can
help us understand the operationalization and incorporation of the competency. A
literature review is an intuitive method for gaining a holistic review of CT assessment
in higher education. Though several existing reviews examined CT assessment from
different aspects, as far as we are aware, an umbrella review that revises and
summarizes knowledge accumulated on CT assessment in higher education is yet to
be presented.

In this study, we synthesize existing knowledge by performing a systematic
umbrella review on reviews relevant to CT assessment in higher education. Our
research questions are as follows:

RQ1 What are the features of the existing reviews? Sub-questions are listed as
follows:

RQla What are the bibliographical characteristics of the reviews, such as year
of publication, country of the work, and type of publication?

RQ1b What are the methodological characteristics of the reviews, such as type
of review, principles, methodology followed for the review, and tools used
for reviewing?

RQ2 What are the explored aspects of CT assessment in the reviews? Sub-questions
are listed as follows:
RQ2a Which constructs have been found in CT assessment?
RQ2b Which aspects characterize the methodology applied for CT assessment?
RQ2c What characterizes the contexts in which CT has been assessed?

Preliminary results of this work were presented in the work of Zhang and Specht
[21]. According to the results, existing reviews hardly refer to other reviews and
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rarely synthesize existing knowledge which can provide the readers a comprehensive
view of the field. Therefore, in this work, by investigating all existing reviews (as
exhaustive as it can be), we aim to gather and synthesize knowledge to picture the
field. In this study, we extend the previous work with (1) an extensive analysis of the
publication features, with a discussion on the types of publication and the trends
that emerge in the publications (RQla), (2) an extensive analysis of the methods
adopted by the included reviews (RQ1b), (3) an overview of the aspects investigated
on the topic of CT assessment in higher education (RQ2), and (4) a comparison and
analysis of the following topics: the assessment constructs (RQ2a), the assessment
methodology (RQ2b), and the assessment context (RQ2c).

2.2. RELATED WORK
2.2.1. CT AND ITS ASSESSMENT IN HIGHER EDUCATION

A considerable amount of knowledge has been accumulated on the topic of CT
education. Theoretical frameworks have been established over the years to facilitate
CT understanding and promotion, such as Brennan and Resnick’s three-dimensional
framework [22], Weintrop’s taxonomy of CT in mathematics and science [23],
and Grover and Pea’s competency framework [24], which are seemingly the most
frequently adopted in the literature. Tools such as Alice, Scratch, and Bebras, have
been developed for teaching, learning, and assessment of CT in different contexts
[20]. Moreover, curricula have also been developed for teaching CT in different
contexts [25].

It is noteworthy that CT has been mostly coupled with CS and programming,
while it is regarded as a skill that can be applied to not only domains such as
engineering and mathematics, but also daily life scenarios [19, 26-28]. Moreover,
contributions focused more on the context of K-12 than on higher education [20].
It was only after 2014 that research on CT in higher education started to develop
briskly, with a focus on operationalizing and incorporating CT in programming and
CS contexts [20]. Meanwhile, the assessment of CT is highly diverse due to the
different implementations and operationalizations of CT in different educational
contexts [29]. Furthermore, the assessments are rarely validated and most of the
work suggests a combination use of different assessment methods [4, 7, 20, 27, 30].

2.2.2. REVIEWS ON CT ASSESSMENT IN HIGHER EDUCATION

According to the results [21], there are 11 reviews that either fully focus on CT
assessment in higher education or discuss CT assessment in higher education as
one of their components. Among the reviews that mainly focus on the topic of
CT assessment, De Araujo et al. investigated specifically the assessed abilities [14],
Haseski et al. focused on analyzing features of paper-and-pencil data collection
instruments [31], Vinu Varghese and Renumol [32] and Poulakis and Politis [33]
examined the topic by studying methods and approaches appeared in the studies
while Tang et al. [12] looked more holistically how CT has been assessed in studies,
and Cutumisu et al. [20] and Lu et al. [7] analyzed vital features of CT assessed, with
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the work of Lu et al. specifically focusing on higher education [7]. In other reviews,
Lyon and J. Magana [4] and De Jong and Jeuring [13] described CT assessment
methods as part of the results for the investigation of key areas for future study and
interventions used in higher education, respectively. Meanwhile, Taslibeyaz et al.
[34] investigated both conceptual understanding and measurement approaches for
CT development, and Ezeamuzie and Leung [30]] studied various operationalizations
of CT in the literature, presenting CT assessment as part of their results.

2.3. METHOD

An umbrella review is a review of reviews on a topic that compiles all the evidence
of existing reviews to present a high-level overview [35]. With more studies emerging
on the topic of CT assessment, researchers need to have an overview of the field; to
the best of our knowledge, there is not a study that provides a high-level overview.
To address this gap and answer the research questions, we conduct a systematic
umbrella review to investigate the topic of CT assessment in higher education.

This study adopts a systematic process for gathering data with the following steps
[36]: (1) identify the scope and formulate research questions, (2) plan the review
and create a documented protocol, (3) develop inclusion and exclusion criteria, (4)
search and screen the studies, (5) extract and synthesize data. We conducted a
narrative analysis of the literature to narrow the scope of our work and establish
a documented protocol. Inclusion and exclusion criteria were developed with the
expert’s suggestions. The PRISMA flowchart was adopted for recording the results of
the first four steps, while all other data were documented in an Excel file. Aspects of
the included reviews were examined through discussions between the authors where
necessary. More details about the whole process are presented in the following
subsections. The principal results for the key steps are shown in Figure 2.1.

2.3.1. INCLUSION AND EXCLUSION CRITERIA

We developed four exclusion criteria and two inclusion criteria to identify the eligible
reviews for further analysis. The criteria are listed in Table 2.1.

2.3.2. IDENTIFICATION AND FILTERING THE REVIEWS
DATA SOURCES AND SEARCH QUERY

Two world-leading citation databases [37] were used as main data sources to ensure
the coverage of the work: Web of Science (WoS) and Elsevier journal database
(SCOPUS). Google Scholar was used as an additional source to identify relevant
records. We used “computational thinking” and “review” as keywords for search
queries; “higher education” was left out to include all potentially relevant records.
Search queries are listed as follows (first round search at 2021-08-25):

* Web of Science: TS = (“computational thinking” AND “review”)

° SCOPUS: TITLE-ABS-KEY (“computational thinking” AND “review”)
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Scopus WoS Google Scholar
Identification 212 143 100

Screening 301

Eligibility Checking 132
Included 10
Updated Search | 1
In Total 11

Figure 2.1.: PRISMA flowchart with results

Table 2.1.: Inclusions and Exclusions Criteria

Exclusion criteria

Inclusion criteria

* The study is inaccessible (The full-text article
is neither available in the databases nor upon
the request of the authors).

* The study is not peer-reviewed.

* The study is written in a non-English
language.

* The study is a duplicate of the existing ones.

° The type of the
study must be a
review.

* The study contains
content about the
assessment of CT in
higher education.

With these queries, we retrieved records in Scopus and Web of Science that
contain “computational thinking” and “review” in at least one of the following fields:
abstract, title, and keywords. As for Google Scholar, we examined the first 10 pages
of Google Scholar results, sorted by relevancy, with the search query “computational
thinking” and “review”. In total, we identified 355 records from SCOPUS and WoS
and the first 10 pages (100 records) of Google Scholar results for screening and

eligibility checking.
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SCREENING AND ELIGIBILITY CHECKING

For all records identified from WoS, SCOPUS, and Google Scholar, we applied the
inclusion and exclusion rules to their titles, abstracts, and keywords for preliminary
filtering of the records. Before the screening stage, we removed duplicated records,
resulting in 301 records. At the screening stage, by reading titles, keywords,
and abstracts, we removed records that were non-English, not peer-reviewed, or
inaccessible, as well as records that did not discuss CT assessment in higher
education or were not reviews. This resulted in 132 records for eligibility checking.
For eligibility checking, we checked the full texts to exclude the records that were
not reviews or did not discuss the assessment of CT in higher education, leaving
10 reviews for data extraction and synthesis. Furthermore, an updated search on
2022-02-02 in all three databases with the same procedure resulted in one more
eligible review. In total, we included a total number of 11 reviews [4, 7, 12-14, 20,
30-34]for analysis in this work.

2.3.3. DATA EXTRACTION AND SYNTHESIS

To answer our research questions, we qualitatively analyzed the included reviews
with multiple features using Excel and ATLAS.ti as the data extraction and analysis
tools. To answer RQ1, we examined the meta-information of the reviews and the
title, abstract, and keywords of the reviews to extract bibliographical characteristics.
As for the methodological characteristics of the reviews, we examined the abstract
and methodological description section. Then, to answer RQ2, we analyzed the
reviews with an emphasis on the abstract, introduction, method, and result sections.
The analysis of the information extracted for research questions RQla and RQ2a to
RQ2c followed a bottom-up approach; we first identified and marked all relevant
information and then aggregated and synthesized that information according to the
research questions.

2.4. RESULTS AND ANALYSIS

2.4.1. RQI BIBLIOGRAPHICAL AND METHODOLOGICAL
CHARACTERISTICS OF THE REVIEWS

RQIA — BIBLIOGRAPHICAL CHARACTERISTICS OF THE REVIEWS

We extracted the following features of the reviews from the meta-information as

bibliographic characteristics: year of publication, region of the work, and publication

outlet. The results are shown in Table 2.2.

The results show that most reviews were published within the last five years and
no reviews were found before 2016. This increase in the number of reviews indicates
a growing interest in the topic. As we look at the region of the reviews, we can assert
that the contribution to this research topic is international, with the United States,
Turkey, and Canada being slightly more active. Meanwhile, the contributions were
published as journal articles, conference papers, and book chapters in journals such
as Informatics in Education, conferences such as Frontiers in Education Conference,
and books such as Research on E-Learning and ICT in Education.


https://atlas.ti/
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Table 2.2.: Bibliographical features of the reviews on CT assessment in higher

education
Characteristics Results and Frequency
Publication year 2016 (1), 2019 (2), 2020 (4), 2021 (3), 2022 (1)
Region of the first Brazil (1), Canada (2), Greece (1), Hongkong (1), India (1),
author The Netherlands (1), the United States (2), Turkey (2)
Publication outlet Journals (7), Conferences (3), Book chapter (1)

RQ1B - METHODOLOGICAL CHARACTERISTICS OF THE REVIEWS

For all reviews, we identified the following methodological characteristics: type
of review, principles and methodology adopted, searched databases, inclusion and
exclusion criteria (e.g. education level), quality control, and focus of review. The
results are shown in Table 2.3.

To start with, for the type of reviews, we found five systematic reviews while the
others were scoping reviews, narrative reviews, and a systematic mapping study.
Regarding the principles and methodologies applied in the reviews, even though 10
out of 11 reviews followed or referred to existing methods or guidelines, hardly any
review thoroughly explains the choice of the adopted methods. In terms of the
searched databases, every review used two to six databases as data sources, and there
were in total 15 databases identified as data sources, being either domain-specific
databases or general indexing databases. Among the domain-specific databases,
ERIC was the most used database, followed by the general indexing database
Scopus. Moreover, the eligibility of the retrieved items was checked against selection
criteria in all reviews, with several of the reviews specifying both the inclusion and
exclusion criteria. Regarding the review process, most of the reviews described how
discrepancies in the selection of reviewed studies and the collection and analysis of
information were resolved, while the rest did not indicate that topic.

Last but not least, while sharing some similarities, the scope of the reviews differ
from each other, meaning that each review focuses on different aspects. Among
all reviews, only Lu et al. [7] exactly scoped their review on the topic of CT
assessment in higher education by examining empirical evidence. For the reviews
that limited their scope to higher education, one provided a general picture of
CT in higher education [4] and another [13]] studied CT interventions in higher
education from empirical experiences, with assessment of CT being only a part of
the investigation. For the rest of the reviews with which the scope was not confined
to higher education context, they investigated the assessment of CT across all
educational levels including assessment of CT [14, 33], data collection instruments
for CT assessment [31], empirical experiences of CT assessments [12, 20], empirical
experiences on the development of CT [34], empirical experiences of CT practices
[30], and assessment methods and interventions for developing CT [32]. Additionally,
seven out of 11 reviews investigated empirical evidence which collected information
through observation and documentation of certain behaviors and patterns or an
experiment.
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Table 2.3.: Methodological characteristics of the examined studies on CT assessment
in higher education

Characteristics Results and Frequency

Type of review Systematic review (5)
Scoping review (3)
Narrative review (2)
Systematic mapping study (1)

Principles and Adopted existing methods or guidelines (10)
methodologies No specification on methods used (1)
Searched databases ACM/ACM Digital Library (6)

EBSCO (1)

ERIC (9)

Engineering Village: Inspec (1)

Engineering Village: Compendex (1)

Google Scholar (2)

IEEE Xplore (5)

PsycINFO (1)

ProQuest (1)

ScienceDirect (5)

Scopus (6)

Springer/SpringerLink (5)

Web of Science (3)
Selection criteria Included structured description of inclusion criteria and

exclusion criteria (9)

Described some criteria for the selection of the studies (2)
Quality of the review Described how discrepancies were addressed (8)
process Not specified (3)
Scope of the review CT assessment in higher education as:

- Dominant topic (1)

- Non-dominant topic (10)

Type of Evidence Included

- Empirical Studies (7)

- Not-specified (4)

2.4.2. RQ2 — OVERVIEW OF ASPECTS OF CT ASSESSMENT EXAMINED IN
THE REVIEWS

Table 2.4 presents an overview of aspects investigated on CT assessment in higher
education concerning the RQ2 and its sub-questions.

Regarding assessment constructs, a total of eight reviews examined assessed
constructs and their characteristics regarding the skills, and competencies. Of the
other three reviews, two examined the definition of CT with which the assessed
constructs can be deduced according to the constructive alignment theory [38].
As for assessment methodologies, except for the work from De Jong and Jeuring
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Table 2.4.: Aspects investigated on CT assessment in higher education

Themes References

Assessment Object/Construct (8) [7, 12-14, 20, 31,
33, 34]

Assessment Methodology (10) [4, 7, 12, 14, 20,
30-34]

Assessment Context (11) [4, 7, 12-14, 20,
30-34]

[13], all reviews examined perspectives relevant to the delivery of the assessment,
namely instruments and tools developed for assessment and their characteristics,
categorization of assessment methods, and quality indicators for the assessment
methods. In terms of assessment contexts, all reviews investigated this topic
with different focus on the following perspectives: academic domain, education
level, educational setting, and intervention. Details are presented in the following
subsections.

RQ2A — CHARACTERISTICS OF THE ASSESSED CONSTRUCTS

Table 2.4 shows that eight out of 11 reviews examined the assessed constructs.
Regarding the method applied for studying assessed constructs, as presented in
Table 2.5, by applying (a) Sullivan and Heffernan (2016)’s categories of first-order and
second-order learning outcomes regarding the relationship between CT and other
subject domains [39] and (b) McMillan (2013)’s categories of cognitive constructs and
non-cognitive dispositions and skills [40], Tang et al. [12] examined the relationship
between the assessed constructs and the subject domain. For the remaining set of
reviews, Cutumisu et al. [20] and Lu et al. [7] utilized an existing CT framework
as a reference to identify the assessed constructs, while the others clustered and
synthesized similar constructs that emerged in their investigation [13, 14, 31, 33, 34].

Table 2.5.: An overview of the methods and analysis applied for the investigation of
the assessed constructs

Method References

Apply an Existing Classification Scheme (1) [12]

Utilize a Existing Framework (2) [7, 20]

Natural Clustering of Constructs Emerged from the Study (5) [13, 14, 31, 33,
34]

As for assessed constructs and their categorization, Cutumisu et al. [20] and
Lu et al. [41] mapped the assessed constructs to Brennan and Resnick’s three-
dimensional framework [42] and a hybrid framework inferred from three frameworks
[22-24], respectively. Though both frameworks sketched CT competencies as a
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three-dimensional framework, including CT concepts, practices, and perspectives,
the hybrid one was claimed to be more generic and independent from subjects
allowing a broader coverage of CT skills. The other five reviews presented: (1)
only the overarching categories of assessed constructs that provide a high-level
categorization of assessed constructs [13, 34]; (2) only the assessed constructs [14,
33]; (3) both the constructs and the overarching categories [31]. Taslibeyaz et
al. [34] and De Jong and Jeuring [13] identified a total number of six distinct
categories, including attitude towards CT, attitude-motivation, CT knowledge, CT
skills, problem-solving skills, and programming skills without specification on the
differences of categories. Meanwhile, De Araujo et al. [14], Haseski et al. [31], and
Poulakis and Politis [33] identified five categories, namely affective achievements
towards CT, cognitive achievements towards CT, CT skills/abilities, CT concepts, CT
patterns, and enumerated the underlying constructs.

It should be noted that some constructs were classified into distinct categories
in different reviews as schemes used for classification varied from one review to
another. Moreover, some categories nearly shared the same name, such as CT
skills versus CT skills/ability, and attitudes towards CT versus attitude-motivation.
However, in this work, we did not merge them since information on their meaning is
insufficient at the current level of investigation. To sum up, our approach involved
merging constructs or categories deemed identical, either because they align with
the same definition or are presented identically.

With the constructs considered the same being merged, we identified a total of
120 unique assessed constructs. As there are too many to enumerate, by adopting
the hybrid framework used in Lu et al. [7]’s work, we present the assessed constructs
that appeared in at least 3 reviews in 2.6. Example definitions of these constructs
are provided accordingly.

Table 2.6.: CT assessment constructs appearing at least three times in the included
reviews

Category Constructs & Frequency (f)  Definition

CT Concepts Algorithm/algorithmic think- The skills involved in developing
ing/algorithm skills (f =5) an algorithm which is precise
with step-by-step procedures to

solve a problem [24].

Data/data analysis/data col- Including storing, retrieving, up-
lection, data analysis/data dating values as well as ana-

representation (f=5) lyzing, and visualizing data [22,
23].

Automation/automating so- A key component of compu-

lutions (f=4) tational thinking, for computer

science as well as computing
in other domains that aims at
a solution to be executed by a
machine [24].
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Logic/logic and logical think-
ing (f=4)

Logical thinking involves analyz-
ing situations to make a decision
or reach a conclusion about a
situation [24].

Critical thinking (f=3)

Not found.

Evaluation (f=3)

Solutions to problems are eval-
uated for accuracy and cor-
rectness concerning the desired
result or goal [24].

Pattern/pattern recognition
(t=3)

Pattern recognition in CT could
result in a definition of a gener-
alizable solution that can utilize
automation in computing for
dealing with a generic situation
[24].

Synchronization/synchronize
(f=3)

Not found.

CT Practices

Abstraction (f=5)

Abstraction is ‘information hid-
ing.  Through ‘black-box’-ing
details, one can focus only on
the input and output and pro-
vides a way of simplifying and
managing complexity [23, 24].

Problem-solving (f=4)

Not found.

Modularity/modularizing
modeling (f=3)

Building something large by
putting together collections of
smaller parts, is an important
practice for all design and prob-
lem solving [22].

Testing/testing and debug-
ging (f=3)

Practices that are relevant to
dealing with — and anticipating —
problems include identifying the
issue, systematically evaluating
the system to isolate the error,
and reproducing the problem so
that potential solutions can be
tested reliably [23, 24].

CT Perspectives

Creativity and creation (f=4)

Creativity as a CT practice acts
on two levels — it aims to en-
courage out-of-the-box thinking
and alternative approaches to
solving problems, and it aims to
encourage the creation of com-
putational artefacts as a form of
creative expression [24].
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Collaboration and coopera- Perspectives about working with
tion (f=3) CT skills in a collaborative or
cooperative format [24].

RQ2A — CHARACTERISTICS OF THE ASSESSED METHODOLOGY

As Table 2.4 shows, 10 out of the 11 reviews studied different characteristics of the
assessment methodology, mainly assessment methods, assessment tools, assessment
instruments, and assessment quality indicators.

As presented in Table 2.7, four reviews presented classifications of assessment
methods. Lu et al. [7] categorization resembles the one used by Cutumisu et al. [20]
since it further investigated topics from Cutumisu et al. [20]’s review; however, it
focused more on higher education. Both of these two reviews identified the following
types of assessment:

* block-based assessments — solving programming problems regardless of syntax
by using programming blocks in block-based programming environments such
as Scratch;

e CT skill written tests — using generic forms such as constructed response
questions or multiple-choice questions to assess CT skills, e.g. Computational
Thinking Knowledge test (CT Knowledge test);

* self-reported scales/surveys — mostly concerned with assessment of CT perspec-
tives which includes inter- and intra-personal skills such as communication,
collaboration, or questioning;

» using multiple forms of assessment — combining different types of assessment
to gain a more holistic understanding of student understanding or mastery
of skills, for example, the combined use of the CT Knowledge test and the
block-based assessment in Scratch.

Additionally, Cutumisu et al. [20] identified robotics/game-based assessments as a
unique category to refer to assessments based on robotic tangible tasks or artifacts
produced in game-based assessments such as AgentSheets. Meanwhile, Lu et al. [7]
identified three more categories compared to Cutumisu et al. [20]’s work:

° text-based programming assessments — using text-based programming tasks to
assess students’ CT competency, for example, a Python programming task;

 interviews and observations - commonly used for studying practices of
incorporating CT into traditional classrooms;

e course academic achievement — academic performance in coursework including
students’ achievement in quizzes, exams, projects, and assignments.

Besides that, Lyon and J. Magana [4] categorization resembled Lu et al. [7] and
Cutumisu et al. [20]’ reviews, while being more generic. We noticed that, while these
three reviews categorized assessment methods based on the type of assessment
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Table 2.7.: Type of assessment methods identified from the reviews

Assessment methods References
Block-based assessments [7, 20]
Knowledge/CT skill written tests/skill tests [4, 7, 20]
Self-reported scales/survey [4, 7, 20]
Robotics/game-based assessments (tangible tasks) [20]
Combinations/using multiple forms of assessment [4, 7, 20, 33]
Text-based programming assessment [7]

Course academic achievements of CS courses [7]
Interviews or interviews and observations [4, 71
Assignment/course grades (4]
Artefacts (classroom/students) [4]
Problems external to class [4]

Using specific programming environments [33]

Using CT assessment criteria/psychometric tools [33]

instrument and the medium used for assessment, Poulakis and Politis [33] classified
the assessment methods based on the characteristics of the medium. However, none
of these classification schemes was constructed on a theory basis but was rather
established by summarizing the patterns that emerged in their studied sets of papers.

Additionally, some reviews presented additional aspects of assessment method-
ologies of CT, including assessment tools and assessment instruments used for the
operationalization and delivery of assessment, and assessment quality indicators for
controlling the quality of the assessment method. Table 2.8 shows the reviews that
investigated those topics, following the original categorization naming presented
in the reviews. It is worth mentioning that no reviews explicitly describe what
differentiates instruments from tools.

Regarding assessment tools, Lu et al. [7] and Cutumisu et al. [20] identified and
reported them in a table, while the other reviews either examine the characteristics
of the tools or categorize the tools according to certain characteristics and exemplify
tools of those categories in text. Characteristics of the tools being studied include
the programming language necessary for the tools [20], the type of the tool [12, 31,
34], and the functionality of the tool being either summative or formative [34].

As for assessment instruments, characteristics identified include the delivery format
being either automatic or non-automatic [7, 20], computer-based or paper-based [7,
20], the type of skills included being cognitive or non-cognitive [7, 20], the number
of items and constructs included in the instrument [31], the type of assessment tasks
in the instrument such as coding projects [20].

Moreover, two reviews systematically grouped the assessment quality indicators
for evaluating the quality of the assessment methods regarding the validity, the
reliability, or both the validity and the reliability [20, 31].
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Table 2.8.: Additional characteristics of the assessment methodologies identified from

the reviews
Aspects Description Reference
Assessment Tools (6) Aspects including the name of the tool [7, 12, 20,
and the characteristics of the tools, the 31, 32, 34]
programming language, type of assessment
tool, the functionality of the tool
Assessment Instru- Aspects Including the type of instruments [7, 14, 20,
ments (5) and the characteristics of instruments, e.g. 30, 31]
delivery format, type of skills included,
type of instruments, number of factors
and items included in the instrument
Assessment Quality Validity and reliability indicators for the [20, 31]

Indicators (2) assessment methods.

RQ2C — CHARACTERISTICS OF THE ASSESSMENT CONTEXT

As shown in Table 2.4, all reviews discussed assessment contexts. However, only
a few examined every aspect of the assessment context. Table 2.9 presents the
major aspects, being academic domain, education level, educational setting, and
intervention that can affect the quality and the design of the assessment.

Table 2.9.: Characteristics of assessment context

Aspects Description Reference

Academic Do- Concerned with an investigation into academic [4, 7, 12, 13,

main (7) disciplines, programs of studies, or subject 20, 30, 34]
matter for the assessed group of users.

Education Level Concerned with the level of education for the [4, 7, 12-14,

(1) assessed group of users. 20, 30-34]

Educational Set- Concerned with the type of educational [7, 12, 14,

ting (5) activities that the assessed group of users were 20, 30]
involved in.

Intervention (6) Concerned with the actions taken for the de- [4, 13, 20,
velopment of skills and or their corresponding 30, 32, 34]

characteristics.

In total, seven reviews reported the academic domain of the assessment receiver,

with different levels of detail; meanwhile, the others mentioned it as supplementary
information or presented it in an unstructured and uncomprehensive manner. De
Jong and Jeuring [13] presented a list of academic disciplines, while the others
presented either information about the coursework within a study program or a
categorization of the coursework/the study program. Though there are various
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schemes for categorizing the academic domain or the coursework, the reviews
mainly distinguished the academic background according to the relevance of the
study program to CS, Science, Technology, Engineering, and Technology [12, 13,
30, 34]. Furthermore, all reviews revealed that most of the contributions on CT
were within the scope of STEM disciplines, CS and Programming Education, with
an increase in the number of studies regarding Non-STEM and non-CS majors and
subjects in recent years. This finding complies with the conclusions in several of the
included reviews.

Regarding the education level, all reviews included it, with some exhaustively
listing all grade levels that indicate the year of study, whereas the others presented
it at a higher level without detailed information on the year of study. For reviews
that focused on higher education [4, 7, 13], Lu et al. [7] grouped and tabulated
the grade level according to the year of study, while the other two reviews regarded
undergraduate as a category that covers all undergraduate years. The rest of the
reviews did not limit the scope to higher education, most of them made the
distinction between the K-12 and undergraduate context, with some providing finer
categorizations. Some reviews analyzed the distribution of education levels of the
included studies to gain insights into research trends [14, 31], while some others
such as Taslibeyaz et al. [34] examined the tools or assessment methods used in
certain levels of education.

Some reviews illustrated the assessment context with more details, including the
educational settings and the interventions. Educational settings provide general
information about the characteristics and the form of educational activities formal
or informal, representing in-school activities such as lectures or workshops, and
after-school activities such as coding clubs. As shown in Table 2.9, five reviews
examined the educational settings. Meanwhile, for those who presented no explicit
indication, the educational setting of the study can be deduced from the intervention
type, such as the reviews from Lu et al. [7] and Cutumisu et al. [20]. In total,
six reviews illustrated the intervention categories in different manners. However,
information on interventions covers some additional aspects, such as the intervention
duration, the pedagogical approach, and the tools used in the intervention [13, 31].

2.5. DISCUSSION

2.5.1. RQ1 TOWARDS A MORE RIGOROUS REVIEW METHOD AND MORE
EXPLORATION OF DIFFERENT ASPECTS CT ASSESSMENT IN
HIGHER EDUCATION

The findings on the bibliographical and methodological characteristics of the
reviews show an increased focus on exploring CT assessment in higher education.
Most reviews are systematic reviews that adopted existing review methodologies or
guidelines and were published in journals or, less commonly, in conferences. However,
as far as we are concerned, none of the reviews investigated comprehensively
existing reviews or reasoned on the choice of the applied methodology. Though it
can be argued that CT education, specifically in the context of higher education, is
a relatively young field, due to the number of studies and reviews that have been
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conducted, we contend that an umbrella review is necessary before conducting a
systematic review to properly locate potential gaps in the field.

Since studies of CT fall under a multidisciplinary scope, the searched databases
varied from generic indexing databases such as Scopus to domain-specific databases
such as ERIC. With these results, for reviews that aim to examine studies conducted
on the topic of CT, it is advisable to include generic databases, as well as
domain-specific databases to ensure the maximum exhaustiveness of the search. The
retrieved articles, in most of the reviews, were filtered with explicit inclusion and
exclusion criteria; however, the quality of the review process was mostly justified by
explaining the method used for resolving discrepancies. To have a more rigorous
method for reviews, we contend that it is worth discussing the methods to assure
the coverage of retrieved data as exhaustively as possible, including the selection of
databases, the establishment of inclusion and exclusion criteria, and the resolution
of discrepancies.

Topic-wise, only one review investigated CT assessment in higher education, while
the rest either studied the topic as complementary aspects of the main focus or with
an emphasis on other aspects of higher education. Since most of the reviews aim at
discussing CT assessment in higher education as a complementary topic, it should
be noted that the insights in this umbrella review may also concern mixed findings,
including existing knowledge in K-12 settings as well as in higher education, and
other aspects of CT education. Specifically, only some reviews discussed results on
assessment constructs, assessment methodologies, and assessment contexts; more
effort is necessary to enrich the field from all aspects. However, we consider our
findings as a reference for the design, scoping, and discussion of future studies.

2.5.2. RQ2 ASSESSMENT DESIGN - ASSESSMENT CONSTRUCTS,
METHODOLOGIES, AND CONTEXTS

For RQ2, we investigated the assessment constructs, assessment methodologies, and
assessment contexts of CT assessments explored in the reviews. At a high level, those
three aspects were studied in more than two thirds of the reviews, suggesting that
they can be crucial components to consider when designing assessments. For those
three aspects, a finer level of investigation provides the reader with more details on
the potential factors to consider for assessment design.

First of all, we identified 120 unique constructs, with some being clustered from
included studies and the others [7, 20] drawing on Brennan and Resnick’s CT
framework [22] and the hybrid framework [22-24]. It appears to be that the hybrid
framework covers most of the frequent constructs, which indicates a certain level
of consensus on the assessed constructs. However, it should be stressed that
these results were based on reviews that also included studies in the K-12 context.
Moreover, none of the studies examined whether certain constructs appeared more
often or were considered more appropriate to be assessed at a certain educational
level. Therefore, we argue that there is still room for exploring which constructs
should be included in various kinds of assessment within specific contexts.

Secondly, in terms of assessment methodology, we found various assessment
methods, assessment tools, assessment instruments, and assessment quality
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indicators. Methods are grouped and presented differently in four reviews and
the reviews promoted a combined use of different assessment methods. Besides
that, some reviews investigated extensively the tools and instruments and their
characteristics, depicting the delivery of assessments and the medium for assessment
less abstractly and more intuitively. Most instruments were computer-based with
non-automatic scoring, indicating a preference for computer-based assessment
over paper-based assessment. Moreover, most tools assess both cognitive and
non-cognitive skills, which complies with the idea of a more comprehensive
understanding of one’s competency level. Nonetheless, none of the reviews
systematically examined the tools or instruments regarding the level of skills
assessed. Further mapping and categorization of tools and instruments and their
intended assessment level of skills is necessary for proper progressive assessment
design. Last but not least, most reviews did not examine the validity and reliability
of the assessment, appealing for more attention on this topic.

Lastly, regarding the assessment context, we examined four aspects: academic
domain, education level, educational setting, and intervention. We found an
increased number of studies integrating CT into various disciplines, with a growing
attention to non-CS majors. Studies were mostly conducted in a formal educational
setting and assessments were mostly conducted with entry-level or lower-level
students within a course or curriculum. However, there is no consensus on which
assessment is more proper for different education levels and students from different
backgrounds within the context of higher education. Furthermore, though reviews
examined characteristics of the interventions applied for the development of CT
skills, there was hardly any focus on the relationship between intervention and
assessment design. Future studies on assessment could pay attention to constructive
alignment, meaning aligning the assessment with the learning objectives and the
interventions used in the education scenarios.

2.6. CONCLUSION AND FUTURE WORK

To gain insights on the topic of CT assessment in higher education, this study
systematically reviewed 11 reviews from the following perspectives: bibliographical
features of the reviews; methodological features of the reviews; constructs/objects
being assessed; applied assessment methodologies; assessment contexts which
provides information about the assessed participants and the learning activities.
The major findings of this study are that (1) there is an increase in the number
of studies on the topic of CT assessment in higher education, while more efforts
are still needed for exploring different aspects of the topic to further develop the
field; (2) there is little discussion on the selection of the review methodology and
the selection of databases; (3) there is a plethora of constructs available to be
included in assessments; (4) there exists no systematic investigation of the tools or
instruments regarding the level of skills being assessed; (5) there are no guidelines
for assessing certain constructs with certain methods in different contexts; (6)
constructive alignment theory is hardly applied for aligning the interventions with
the learning objectives and assessments.
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Regardless of the findings presented above, there are still questions to be explored
such that we gain more understanding and knowledge for assessing CT in the context
of higher education. In terms of assessment constructs, it can be further examined
which are necessary to include in assessments in higher education and different
contexts; towards establishing principles for assessment design, the variation of
applied assessment constructs can be studied for diverse assessment contexts; finally,
in terms of assessment context, a remaining open question is whether assessment
conducted in different contexts should vary and how this variation would affect
assessment quality.
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Efforts have been devoted to several aspects of Computational Thinking (CT) education;
however, CT assessment in higher education remains one of the challenges in the field
because of its complexity and ambiguity. Though existing reviews strive to provide
insights into the topic of CT assessments, we recognized that a review to investigate
potential aspects to be considered for assessment design is yet a gap in the realm of CT
education. Therefore, this review aims to outline the developments of CT assessment
in higher education and the potential aspects of assessment design by examining the
purpose, the constructs, the approaches, and the contexts of the assessment. Following
a systematic review method, we reviewed 47 empirical studies published between 1986
and 2021. Findings reveal that most assessments were conducted with a summative
purpose in STEM fields at the level of undergraduates, assessing CT constructs in
various naming and categorization schemes, with mainly existing assessment tools or
new ones designed by the authors. We suggest future work to study further (1) the
exploration of the use of formative assessment to understand the CT problem-solving
process and (2) the exploration of the design of assessment with an interdisciplinary
approach to link different perspectives in a holistic CT assessment approach.
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3.1. INTRODUCTION

3.1.1. DESIGN OF COMPUTATIONAL THINKING IN HIGHER EDUCATION

Computational Thinking (CT) education has developed rapidly since Wing promoted
the idea of CT for all in 2006 [1]. Until now, there has been no consensus on
the definition of CT [12] and the need for shared definitions has been especially
highlighted by educators [8]. In practice, educators and educational researchers
operationalize and assess CT differently.

Though researchers worldwide have been striving to develop and validate
assessment tools, gaps exist in the field. First of all, most of the tools focus on
K-12 education, whereas higher education has gained only more attention in recent
years [8, 12, 20, 41]. Second, only a few standardized tools exist in the field due
to the complexity and ambiguity of CT itself. Moreover, one can hardly find any
guidelines on designing CT assessments. As such, it remains a challenge to design a
CT assessment, especially at the level of higher education and different disciplines.

Following the idea that the design of the assessment is essential to successfully
assess skills, in this study, we attempt to establish common ground for constructing a
thoroughly planned assessment by aligning assessment features such as assessment
purpose, the assessed items and constructs, its context, the delivery method, and its
validity and reliability [43]. The focus of this work is a) the discussion of researchers
and educators on shared approaches for CT assessment and b) common ground for
developing assessment methods for CT.

3.1.2. RELATED WORK

To set the scope of this review, we conducted an umbrella review [21] and identified
11 reviews that investigated the characteristics of CT assessment in higher education.
Findings suggest that CT assessment in higher education received less attention
compared to CT assessment in K-12 education [8, 12-14, 20, 30-34, 41], and only
about half of the reviews focus on empirical studies [8, 12, 30, 34, 41].

All reviews focused on various aspects of the assessment of CT. For reviews that
focus on more than higher education, they studied the critical features of existing
CT assessments, with emphasis on different aspects such as the educational level,
the assessment tools, and the features of the participants [12, 14, 20, 30-34]. Only
three reviews focus merely on higher education; De Jong and Jeuring conducted a
scoping review to investigate CT interventions used in higher education and reported
assessment methods [13], Lyon and Magana identified CT assessment methods while
exploring the development of CT in higher education [8], and Lu et al. conducted
a scoping review to identify trends of empirical research and key features of CT
assessment instruments [41].

In a nutshell, existing reviews have examined CT assessment in higher education
with different emphasis on the following perspectives: the assessment context
concerning aspects like academic discipline, the educational setting, and the
educational level; the assessment method that features aspects of assessment
delivery; the assessment constructs that relate to what to be assessed and their
characteristics; the reliability and validity of the studies as well as the assessment
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tools. The review that is most relevant to this work is the one from Lu et al
[41], a scoping review that studied 33 journal papers to identify trends of empirical
research and key characteristics of CT assessment instruments in higher education.
In addition to existing reviews, in this work, we attempt to systematically analyze CT
assessment, with emphasis on potential features for assessment design, to answer
specifically the following research questions for a higher education context:

RQ1 For what purpose is the CT assessment conducted?
RQ2 Which underlying constructs are assessed?
RQ3 Which methods have been used for the assessment?

RQ4 In which context and with what kind of study design has CT been assessed?

3.2. METHOD

This review is setup based on the framework from Arksey and O’Malley (2005) and
follows the PRISMA extension for scoping literature reviews (Tricco et al., 2018). We
followed the following steps: 1) formulating the research question, 2) identifying
relevant studies, 3) selecting the eligible studies, 4) charting the data, and 5)
collating, summarizing, and reporting the results.

3.2.1. INFORMATION SOURCES, IDENTIFICATION AND SELECTION OF
THE STUDIES

To ensure the coverage of the literature, we used the following two citation databases

[37]: Web of Science (WoS) and Elsevier journal database (SCOPUS). We select the

final set of papers in three steps: identification, initial screening, and eligibility

checking. First, based on the scope of the review, the search keywords for

identification of the papers are:

* “Computational Thinking” OR “Programming Education”, AND

* “Assessment” OR “Indicator” OR “Intelligent Tutoring” OR “Feedback”

Then, the search keywords were used for search queries in the targeted databases
(search date: 2021-01-22). The results are shown in Table 3.1.

The results were exported to a spreadsheet with the title, abstract, author’s
keywords, and other meta-data from each database. Those spreadsheets were then
collated in the same format in a spreadsheet for screening. During the screening
process, exclusion criteria were applied to exclude papers based on the information
in the spreadsheet. The exclusion criteria were:

* The paper that is a duplicate or an older version/edition/release of another
document.
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Table 3.1.: Search queries and number of results in WoS and Scopus databases

Database Results Search Query

WoS 351 #1: TI=(“Computational Thinking" OR “Programming
Education") OR AB=(“Computational Thinking" OR “Pro-
gramming Education") OR AK=(“Computational Thinking"
OR “Programming Education")
#2: TI=(“Assessment Indicator" OR “Assessment" OR “In-
dicator" OR “Intelligent Tutoring” OR “Feedback") OR
AB=(“Assessment Indicator" OR “Assessment” OR “In-
dicator" OR “Intelligent Tutoring" OR “Feedback") OR
AK=("Assessment Indicator" OR “Assessment” OR “Indica-
tor" OR “Intelligent Tutoring" OR “Feedback")
#3: #1 AND #2

Scopus 693 TITLE-ABS-KEY(“Computational Thinking" OR “Program-
ming Education") AND TITLE-ABS-KEY(“Assessment Indi-
cator" OR ‘“Assessment” OR “Indicator” OR “Intelligent
Tutoring" OR “Feedback")

* The paper that is inaccessible. Some papers could not be obtained even after
contacting the author(s).

e The paper is not written in English.

° The paper is not published in a peer-reviewed journal or peer-reviewed
proceedings of a conference.

* The paper is not a full paper, e.g.,, a panel announcement, work-in-progress
paper, workshop overview, etc.

Lastly, by reading the body of the articles, the remaining papers were checked
according to the following inclusion criteria:

* The study must be an empirical study. CT must be empirically assessed, and
papers discussing theoretical frameworks proposed for CT assessment were
thus excluded.

* The educational context must be higher education. The goal of this study is to
identify the assessment of CT in higher education.

° The content must contain the assessment of CT. The study must discuss
at least one characteristic or property of assessment, such as assessment
purposes, methods, and constructs.
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3.2.2. CODING AND INFORMATION EXTRACTION

Eligible studies were bundled and imported to ATLAS.ti'. We followed the adapted
three-stage content analysis (Fraenkel et al., 2011) for the coding and extraction
of information. First, a coding scheme, initially with categories of information
to be coded, was determined through discussions between the authors to extract
information systematically. Then, in two iterations, the coding scheme was refined
between all authors and used by the first author to code the eligible papers.

3.3. RESULTS

Figure 3.1 presents an overview of the identification and selection process discussed
in Section 3.2. Database search resulted in 1044 studies, including 286 duplicates.
From the remaining 758 studies, a significant number of studies were excluded
following the exclusion criteria, resulting in 260 items for detailed eligibility
examination. Through eligibility checking, 47 studies were included for analysis.

3.3.1. RQ1: ASSESSMENT PURPOSES

According to Krathwohl [44], there are three types of assessment purposes: formative,
summative, and a combination of both summative and formative. As shown in
Table 3.2, most of the studies used assessment for a summative purpose. In total,
40 studies implemented assessment for a summative purpose, aiming to provide
specific learning performance results. For example, Altanis and Retalis [45] used
Dr.Scratch and the CT journal to analyze the students’ average CT scores to evaluate
the effectiveness of an assessment framework. As for the rest, four studies used
assessment for a formative purpose, and three studies adopted a combination of
both. Studies that use formative assessment usually come with immediate feedback
to support students in their learning process. For example, Krugel and Hubwieser
[46] used quizzes after video teaching materials on a MOOC platform to provide
learners with feedback, and Kafura et al. [47] provided students with contextualized
assistance in Blockly.

Table 3.2.: Categorization of results over assessment purpose (RQ1)

Category Sub-codes Reference
Formative (48] [47] [46] [49]
Assessment @
Purpose Summative  [50] [45] [51] [52] [53] [54] [55] [56] [57] (58] [59]
(40) [60] [61] [62] [63] [64] [65] [66] [67] [68] [69] [70]
[71] [72) [73] [74] [75] [76] [77] (78] [79] [80] [81]
[82] [83] [84] [85] [86] [87] [88]
Both (3) [89] [90] [91]

LATLAS.ti: The Qualitative Data Analysis & Research Software


https://1atlas.ti/
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Figure 3.1.: Results for the identification and selection of the studies (PRISMA chart)

3.3.2. RQ2: ASSESSMENT CONSTRUCTS

Three aspects of assessment constructs were examined: the type of constructs, the
use of scales for measuring mastery levels, and the adoption of specific frameworks.

As shown in Table 3.3, we identified eight constructs. For studies that
explicitly mentioned the type of constructs they assessed, we followed their naming
convention: CT affective outcomes (perceptions, attitudes, and perspectives on CT),
CT competency, CT concepts, CT knowledge, and CT practices. For the rest of the
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Table 3.3.: Categorization of results on assessment construct (RQ2)
Category Sub-codes Reference
The Type of Computing and Programming (2) [54] [87]
Constructs CT affective outcomes (10) [89] [56] [47] [62] [68] [76]
[77] [78] [84] [85]
CT competency (1) [81]
CT concepts (4) [45] [89] [72] [81]
CT knowledge (2) [58] [64]
CT practices (3) [45] [89] [59]
CT skills and others (25) [50] [51] [48] [58] [59] [60]
[47] [61] [62] [63] [65] [90]
[68] [69] [70] [71] [74] [75]
[79] [80] [83] [91] [84] [85]
[86]
N.A.(None-applicable) (11) [52] [53] [55] [57] [46] [66]
[67] [73] [49] [82] [88]
Other The Use of Scales (6) [45] [89] [59] [65] [71] [81]
Aspects The Adoption of Specific Frame- [45] [89] [57] [59] [65] [69] [70]
]

works (13) [71] [72] [77] [81] [84] [85]

studies, except for those that did not describe the assessed constructs (belong to the
N.A. category), constructs are categorized as CT skills and others.

For the first two categories on the type of constructs, only two studies fall into
the first category; Cabo and Lansiquot [54] assessed students’ understanding of
procedural and object-oriented programming concepts, and Thangavelu et al. [87]
assessed students’ programming tasks either from Scratch or Flowgorithm. As for the
second category (CT affective outcomes), 10 out of 47 studies assessed the attitude,
perceptions, and perspectives of CT. For example, Pulimood et al. [77] investigated
students’ affective outcomes through a four-Likert scale questionnaire over questions
derived from Wing’s definition of CT [92] and ABET’s General and ProgramSpecific
(CS) Students’ Outcomes Criteria for Accrediting Computing Programs [93]; Kafura
et al. [47] conducted group observations and interviews to examine students’ views
on CT; Choi [56] implemented questionnaires to measure learners’ perceptions and
effectiveness of CT, programming, and problem-solving.

For the rest of the categories, over half of the studies assessed constructs that fall
under one of them. For example, Romero et al. [81] measured CT competency
with the #5c21 model, which consists of six components, including CT concepts.
Since Brennan and Resnick’s [22] framework was commonly adopted, studies mainly
examined CT practices and concepts together [45, 89]. For the two studies
that assessed CT knowledge, Lee and Cho [64] implemented a questionnaire to
measure students’ knowledge of pattern analysis, condition comparison, abstraction,
automation, and algorithm design, while Francisco and Lopez [58] chose items
from Computer Olympiad Talent Search and the contest “about informatics and
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computational fluency school age” UK Bebras. A total of 25 studies fall into the
category of CT skills and others, with some explicitly mentioning the assessed
constructs as CT skills and others mentioning them as skills assessed in a CT
educational activity. For example, Park et al. [75] measured students’ ability to
read code and reason about the hierarchical relationships between different blocks,
Takemata et al.[86] measured one’s ability to abstract problems and develop one’s
thoughts and Sondakh et al. [84] measured technical knowledge as the non-affective
CT skills.

Regarding the use of scales and the adoption of frameworks, six out of 47 studies
used scales, and 13 out of 47 studies adopted a specific framework. For studies
that used a scale, while Leela et al. [65] reported a table with a list of assessed
constructs, the scoring criteria and scores for different mastery levels, the rest either
provide a scoring range or the required mastery level for each assessment item. As
for studies that adopted frameworks, most either adopted an existing framework,
such as Brennan and Resnick’s framework [22] or designed one based on the specific
educational setting, such as the #5c21 model in Romero et al.’s [81] study.

3.3.3. RQ3: ASSESSMENT METHODS

Table 3.4 presents features of assessment methods from four aspects: the assessment
perspective, the assessment format, the assessment method, and the assessment
tool.

Regarding the assessment perspective, the teacher assessment was dominantly
used. The teacher assessment usually comes with rubric grading with given criteria
[56, 71, 83, 90]. Only one paper implemented peer assessment with which students
were asked to star rate other students’ projects [48]. As for the self-assessment,
around one-fifth of the studies adopted it, primarily with Likert-scale surveys [62,
76, 78, 84, 85]. A limited number of studies used multiple types of assessment; for
example, an objective CT score (OCT) scale was scored by others, while a subjective
CT score (SCT) scale was scored by oneself [55].

As for the assessment format, most of the studies adopted a manual assessment,
while a few used an automatic assessment or a combination of both. Manual
assessment can be found in different scenarios, such as evaluating a report of a
student’s project [88] or evaluating students’ program artifacts and projects [48, 56,
71]. In contrast, the automatic assessment focuses on the automatic assessment
of programming and modelling assignments or selected-response tasks [46, 49,
51, 53]. For example, Mishra and Iyer [72] adopted rubrics to manually assess
students’ performance over problem generation tasks using CT concepts, Krugel and
Hubwieser [46] automatically graded students’ programming assignments to provide
feedback to students, and Altanis and Retalis [45] adopted both formats by using
Dr.Scratch to automatically assess student’s code and CT journal to assess students’
CT practices manually. In terms of assessment methods, traditional tests and exams
were mostly implemented, followed by questionnaires and surveys, journals, and
interviews. One significant category is labeled as miscellaneous, which includes
using tasks, assignments, projects, and design and implementation as assessment
methods. These methods are not further categorized as they normally have more
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varieties and more dynamic features regarding the contexts.

For the assessment tool, around two-fifths of the studies directly adopted existing
tools, around two-fifths of the studies developed their tools for assessment, nearly
one-fifth of the studies do not mention or describe in detail the origin of the
tools, and very few studies adapted from existing tools for assessment. First,
Pulimood et al. [77] adapted the existing ABET’s General and Program-Specific (CS)
Student Outcomes Criteria for Accrediting Computing Programs ABET Computing
Accreditation Commission [93] and Wing's definition of CT [92], and Choi [56]
modified an evaluation rubric presented in study to achieve the goal. Examples
of existing tools directly used in the studies are automatic testing software [90],
Dr.Scratch [45], CTPA [63] and Computational Thinking Test (CTT) [55]. Then,
tools that were originally designed, for example, are the #5c21 competency model
[81], which consists of six components designed by the authors, Digital ink [51]
that captures learners’ behaviors and then evaluating those behaviors, and a rubric
designed based on definitions from various associations [71].

Lastly, for the N.A. (None-applicable) category, all studies have implemented
certain assessment methods. However, it is not identifiable whether they are using
an existing tool or a tool created by the researchers, such as assessing via interview
without providing the rubrics in the article [80].

3.3.4. RQ4: ASSESSMENT CONTEXTS
Table 3.5 presents the following aspects of assessment contexts: the educational
setting, the academic domain, the educational level, and the nature of learning tasks.

Regarding the educational setting, most of the studies were conducted in a formal
setting either in a course or within a curriculum. For example, Libeskind-Hadas
and Bush [90] measured CT skills in a computing course with applications to
biology, and Mishra and Iyer [72] conducted field studies in the two Computer
Science application courses and measured CT. The other studies were categorized
as informal/Unspecified, meaning they were neither embedded in a course nor a
relevant curriculum. For example, using the Hi-ACT survey, Debby Erce Sondakh
et al. [84] conducted a pilot study to assess undergraduates’ CT proficiency across
domains in different universities. Similarly, Lee and Cho [64] surveyed 159 university
students in Korea using questionnaires on CT and students’ academic grades without
information on a course or curriculum.

As for the academic domain, most of the studies were conducted in a STEM
context. Some implemented multidisciplinary or interdisciplinary studies, such
as Wang et al. [88], an interdisciplinary course that simultaneously engages the
disciplines of engineering, science, and arts. A few studies cover only non-STEM
domains; for example, Cabo and Lansiquot [54] integrated CT into liberal arts
courses aimed at non-computer majors.
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Table 3.4.: Categorization of results on assessment approach (RQ3)

,_‘

Originally invented tool (17) [51] [62] [63] [90] [68] [69]

Category Sub-codes Reference
Assessment Peer assessment (1) [48]
Self-assessment (7) [61] [62] [76] [77] [78] [84]
Iferspec- (85]
tive Teacher assessment (35) 0] [45] 51 [52] (53] [54]
[56] [57] [58] [59] [60] [47]
[63] [46] [64] [65] [66] [67]
[90] [68] [70] [71] [72] [73]
[74] [49] [79] [80] [81] [82]
[83] [91] [86] [87] [88]
Mixed use (4) [89] [55] [69] [75]
Assessment Automatic (4) [51] [53] [46] [49]
Format Manual (36) [50] [52] [89] [48] [54] [55]
[56] [58] [59] [60] [61] [62]
[64] [65] [66] [67] [68] [69]
[70] [71] [72] [73] [74] [76]
[77] [78] [79] [80] [82] [83]
[91] [84] [85] [86] [87] [88]
Both (7) [45] [57] [47] [63] [90] [75]
[81]
Interview (2) [47] [80]
Assessment Iournelll 2) - [45] (8]
Method Questionnaire & Survey (9) [61] [62] [68] [76] [77] [78]
[84] [85] [86]
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Table 3.5.: Categorization of results on assessment context (RQ4)

Category

Sub-codes

Reference

Educational
Setting

Formal (39)

5] [51] [52] [89] [48] [53]
[56] [57] [58] [59] [60]

] [

5 ] [
[63] [46] [65] [66] [67]

] [

] [

5

62
68
9

[69] [70] [71] [72] [76]
[78] [79] [80] [81] [82]
(86] [87] [88]

o~

(54]
[47]
(901
[77]
(83]

Unspecified (8)

Q‘ILD

[61] [75] [64] [73] [74]
4

o

(85]

Academic
Domain

CS (14)

(&)

0
9

[45] [52] [89] [59] [61]
[72] [75] [77] [78] [80] [87]

[on)

[46]

Non-CS (25)

(&)

0
2

(53] [54] [55] [57] [60]
(65] [66] [67] [90] [68]
(73] [74] [75] [76] [77]
[82] [91] [87]

=X

[47]
[70]
(49]

N.A. CS/Non-CS (12)

[S21 e LN |

(48] [56] [58] [63] [64]
[84] [85] [86] [88]

o)

[79]

STEM (29)

[45] [52] [89] [48]
[61] [63] [46] [64]

1
1
1
3
0 ] [
9 ] [
0] [68] [69] [70] [71] [72]
] [
] [

© O«

\]
S

[75] [76] [77] [49]
[82] [91] [84] [85]

x© @
(=}

(58]
[67]
(73]
[79]
(87]

Non-STEM (13)

9]
W[ o

[54] [57] [60] [64] [74]
[77] [81] [84] [85] [88]

~J

6

[75]

N.A. STEM/Non-STEM (6)

[56] [47] [62] [66] [83]

Educational
Level

Graduate (2)

O‘I(J‘I

[57]

Undergraduate (41)

~

5] [51] [52] [89] [53] [54]
(58] [59] [60] [47] [61]
[64] [65] [66] [67] [90]
]
]

[
[711 [72] [73] [74] [76]

[

]

SN
(*21Ke2)]

0

~
(4=}

[78] [79] [80] [81] [82]
[84] [85] [86] [87] [88

©
e

[55]
(62]
(69]
[77]
[83]

Both (4)

1N

8] [63] [68] [75]

Nature of
Learning
Task

Programming (3)

[8)]

2] [67] [78]

Non-Programming (5)

<))

2] [46] [65] [83] [86]

Both (35)

[89] [48] [54] [55] [56]
[60] [47] [63] [66] [90]
[711 [72] [76] [77] [49]
[91] [87] [88]

@U‘IO‘I

9
2

o)

(57]
(68]
[79]

N.A. (14)

[51] [53] [59] [61] [64]

[4
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[
[73] [74] [75] [80] [81] [84] [85]

]
]
]
]
1]
0]
|
]
]
]
]
]
]
]
]
]
]
]
]
]
]
]
|
1]
0]
]
]
]
]
]
]
]
]
|
0]
8]
]
]
5]
3]

3%

[70]




3.4. DISCUSSION 43

For the educational level, most studies were at the undergraduate level, while
two were at the graduate level, and four covered both levels. For example,
Alrashidi et al. [50] recruited Masters and PhD students, Libeskind-Hadas and
Bush [90] included first-year undergraduate students, Altanis and Retalis [45]
included last-year undergraduates, and Basawapatna and Repenning [48] involved
undergraduate/graduate level students.

In terms of the nature of the learning tasks, most studies adopted a combination
of both programming and non-programming tasks. An example of using both
programming and non-programming tasks is a multi-disciplinary study [88] where
students learned knowledge from CS, Interactive Multimedia, Mechanical Engineering,
and Music to implement an open-ended team project. Only 3 and 5 studies used
programming and non-programming tasks for learning, respectively. The studies
[14, 78] that were in programming courses and used programming-related tasks for
learning and assessing, were considered as the programming category. Meanwhile,
studies that adopted programming concepts into other activities instead of using
programming tasks for learning were considered non-programming categories; for
example, Takemata et al. [86] taught students CT skills by teaching digital storytelling
instead of asking students to program code.

3.4. DISCUSSION

As different assessment purposes require different design decisions [94], it is essential
to identify the assessment purposes when designing and conducting assessments.
The results show a clear focus on summative assessment which functions primarily
as providing specific learning performance results to the learners or teachers.
However, to understand and assess the level of competence and understanding
students’ mastery of complex concepts such as CT, the development and trajectory
of developing a solution are often much more insightful than the mere snapshot of
a final solution [95]. Therefore, we argue that formative assessment and support
of learners while developing CT solutions opens many more opportunities for
assessment and learning support.

Considering the richness of the assessment, we found a broad range of constructs
and concepts assessed, ranging from Computer Science (process and Psychology
of coding) to affective and attitudinal perspectives (teacher attitudes, acceptance).
Moreover, results show that most assessments are manually conducted in formal
settings in STEM domains (especially CS majors) at undergraduate levels, either
using an existing tool or creating a new tool according to the needs. While various
naming schemes and varied approaches to measure CT in different domains provide
the designers with a broad spectrum to choose from, we argue that more integration
of different perspectives is needed in different disciplines. What is more, the use
of one type of assessment method is insufficient to capture the performance of
students given the richness of the constructs available and the complexity of the
constructs to assess in different domains. Therefore, we suggest an interdisciplinary
approach to CT as we see a focus on mono-subject teacher-driven assessment and
also a strong focus on CSE.
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3.4.1. LIMITATIONS

Though we strove to conduct the research as rigorously as possible, we identified
several limitations. The limitation can stem from the database selection (we used
only two databases), the determination of the search terms, the search strategies
applied in the databases, and the employed inclusion and exclusion criteria.
Moreover, recent studies could have been excluded from this analysis due to the final
date of the search conducted. Lastly, the coding scheme could also be a limitation
of this study.

3.5. CONCLUSIONS

This review systematically reviewed empirical studies on CT assessment in higher
education to gain insights on aspects to be considered for assessment design,
including assessment purposes (why), assessment constructs (what), assessment
approaches (how), and assessment contexts (where, who, when). Following a
systematic review method, we reviewed 47 empirical studies published between 1986
and 2021. Findings reveal that most assessments were conducted with a summative
purpose in STEM fields at the level of undergraduates, assessing CT constructs in
various naming and categorization schemes, with mainly existing assessment tools
or new ones designed initially by the authors. Our main conclusions from this
study are twofold. First, considering the design of assessment methods for CT,
we recognize that there is a further need to a) understand the process instead
of the final result, indicating the necessity of methods for formative assessment
and monitoring of CT problem-solving. Current developments in Learning Analytics
support this argument by introducing analytics sequences in problem-solving
and code development. Furthermore, we b) recognize that there is a broad
range of methods to assess CT from different perspectives to choose from, also
established in currently used frameworks. Second, most studies we found take a
very mono-disciplinary perspective on CT and do not often integrate indicators
from Computer Science (Process and Psychology of Coding), Cognitive Psychology
(Knowledge, Skills, and Competencies), or Affective and Attitudinal perspectives
(teacher attitudes, acceptance). We would strongly argue for an interdisciplinary
approach to link these perspectives in a holistic CT assessment approach.
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We do not learn from experience. We learn from reflecting on experience.

John Dewey

Parts of this chapter have been published in SEFI 2022 - 50th Annual Conference of the European
Society for Engineering Education, Proceedings, 890-901 [96].
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Digital devices surround our lives. Engineering education is essential in higher
education for future generations, and computational thinking (CT) is a core
component in various engineering curricula. At the Delft University of Technology (TU
Delft), computational concepts and activities have been integrated into the curriculum
for years. However, a comprehensive investigation of the integration of CT into the
Engineering Curriculum is yet to be performed. This study examines Master’s level
engineering curricula from the following aspects: 1) to what extent CT components
are integrated; 2) in what way CT is interpreted, and integrated into the curriculum;
3) what educational and assessment methods have been used. The results show that
CT has been largely integrated into the curriculum, mostly applying lectures as the
educational method and programming assignments for assessment. Results indicate
that understanding the context, recognizing the patterns in problems, and organizing
patterns in solutions are essential in various engineering disciplines.
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4.1. INTRODUCTION

The nature and shape of engineering education is an ongoing topic of debate
among engineering faculty members, professionals, and practicing engineers [97].
It appears that the enormous changes in societal dynamics and the development
of technology also lead to the transformation of engineering curricula. In both
the United States and Europe, an emphasis has been placed on digital skills and
literacy. In 2016, Barack Obama [2] launched the ‘Computer Science for All’ initiative.
This initiative aimed to allow American students from kindergarten through high
school to learn computer science and acquire computational thinking (CT) skills.
Computer science was referred to as a new basic skill necessary for economic
opportunity and social mobility. As for the European Union, the Joint Report of
the Council and the Commission on the Implementation of the Strategic Framework
for European Cooperation in Education and Training[3] highlights the importance
of digital competencies. In addition, the study Developing Computational Thinking
in Compulsory Education by the Joint Research Centre, which is the European
Commission’s Science and Knowledge Service, suggests that CT is a subject of
importance within the European Union.

Addressing this emphasis on digital competencies and CT, in the Netherlands, 4TU
has been created to foster collaboration between the four universities of technology
(TU Delft, Eindhoven University of Technology, University of Twente, and University
of Wageningen). In the vision for Higher Engineering Education written by Kamp
[2], the 4TU Centre of Engineering Education in the Netherlands is mentioned as a
“Free-Spirits” think tank that aims to develop suitable higher education scenarios by
2030 by examining the appearance of new engineering profiles in the coming 10 to
15 years. Inspired by the Greek Philosopher Heraclitus stating “the only constant in
life is change”, its vision states that digitalization is one of the driving forces which
makes our world more uncertain, complex, and ambiguous. This not only impacts
how people live but also requires future generations of students to be empowered
with lifelong learning and general problem-solving competencies including the use
of digital and computational tools.

CT was first mentioned by Papert[98] and then advocated by researchers and
practitioners since Wing claimed it was “a must-have skill for everyone” living in
the 21st Century rather than solely for computer scientists. Ever since there has
been extensive debate and research on the definition of CT and its relevance for
education. Several definitions are used in the field, for example, Wing [18] defined
CT as a set of problem-solving skills with which the formulation of solutions for
problems can be carried out by computing agents (either human or mechanics
computing machines). Unlike Wing’s definition, which is descriptive and theoretical,
some operational definitions attempt to identify more granular constructs that are
more practical. Brennan and Resnick’s [22] three-dimensional framework consists of
CT concepts, CT practices, and CT perspectives as well as the four compositional
frameworks with problem decomposition, pattern recognition, abstraction, and
algorithm are frequently used in research and practices. While efforts to concretize
the definition of CT are still ongoing, the importance of helping people adapt and
prepare future generations to live in a digital society is widely recognized. As a
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result, researchers, educators, policymakers and practitioners from both Science,
Technology, Engineering, and Mathematics (STEM) and non-STEM backgrounds are
currently investigating the integration of CT into different fields.

Bearing in mind that fostering students’ CT skills is a strategic focus of the 4TU,
in this work we aim to investigate their integration into engineering curricula.
Considering the effort needed for the investigation of all relevant faculties, we limit
our case study to the MSc programs of the two faculties of TU Delft that are inclined
to integrate CT into their curriculum, and we specifically aim to answer the following
research questions:

RQ1 To what extent is CT reflected in the curricula of the TU Delft?
RQ2 In what way does the interpretation or reflection of CT differ per faculty?

RQ3 Which educational and assessment methods are used in CT-integrated courses?]

4.2, METHOD

4.2.1. RESEARCH SCOPE AND SOURCE DATA

The scope of this study was limited to the MSc programmes of two TU Delft
faculties: Architecture and the Built Environment (ABE), and Electrical Engineering,
Mathematics & Computer Science (EEMCS). As our data source, we used the TU
Delft study guide, in which we initially performed a keyword-based search and then
analyzed the course data to answer the research questions. The search criteria were
informed after consultations with faculty members. The TU Delft study guide is the
formal collection of all courses and study programs offered by the different faculties
of TU Delft. Each course is listed and described in this database with information
such as its overview of course design and general course arrangement. A search
functionality offers the opportunity to search the course descriptions per faculty for
one or multiple keywords. Hence, the study guide was used as the basis for this
systematic research into how CT is reflected across the faculties of the TU Delft.

4.2.2. IDENTIFICATION OF RELEVANT KEYWORDS

To identify courses that discussed CT explicitly, the keywords “computational
thinking”, “digital skills”, and “digital competency” were applied. Besides identifying
courses that explicitly discussed CT, we were interested in identifying the courses that
implicitly included CT. To identify those courses, we leveraged the operationalization
of CT devised by BBC (2018), which comprises problem decomposition, pattern
recognition, abstraction, and algorithm design. For each of the four components
of CT, keywords were defined that signaled the presence of that step of CT (Table
4.1). The asterisk (*) in some keywords ensures courses are found where both words
occur in the text, although not sequentially. In addition, it allows for finding both
UK and US spelling in e.g. mode*ing. In addition to these general keywords,
after consultation with an associate professor for the faculty of Architecture and the
Built Environment, the keywords “parametric”, “computational”, “ algorithm”, and
“simulation” were added as ABE-specific keywords.
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Four Components Keywords
Problem decomposition | Problem*decomposition; Problem*data; Prob-
lem*pattern; Problem* abstraction

Pattern Recognition Pattern* recognition; Data*analysis;
Data*creation; Data*collection;

Data*representation; Identif* patterns
Abstraction Abstraction; Generali*ation; General*solution;

Formulating* solution

Algorithm Design Algorithm* design; Algorithmic* thinking; Al-
gorithm* problem; Algorithm* pattern; Al-
gorithm* solution; Computational* problem;
Computational* pattern

Table 4.1.: Overview of the keywords used to identify courses that implicitly include
CT

4.2.3. FILTERING OF THE RELEVANT DATA

Several filtering steps were applied after performing the keyword search (see Figure
4.1). First, BSc courses were discarded since we were solely interested in MSc
courses. Since a considerable number of courses within EEMCS included one of the
CT components, only the courses with at least two CT components were evaluated.
Then, while the presence of one or more CT components under each component
in the course description signaled the possibility of CT, it was found that merely
the appearance of those components was not sufficiently specific to signal the
presence of CT. Therefore, the keywords and their corresponding CT components
were applied, and an evaluation of the course description in the study guide was
performed to identify the courses reflecting CT. The courses were scored on the
presence or absence of each of the four components of CT. The course descriptions
which at least signaled the presence of two out of the four components of CT were
included in our validation set while courses with less than two components were
discarded. The validation sets were sent to three CT experts (second evaluators) for
evaluation together with the operationalization of CT. The courses that were rated
by at least three out of four raters as CT were included in the final selection.

4.2.4. DATA EXTRACTION AND SYNTHESIS

The selected courses were analyzed with the information extracted from CT courses.
Types and categories of the assessment method, educational methods, courses, and
other categorizations were based on observation from the dataset and aggregated by
one of the authors with consultation from experts when necessary. Table 4.2 in the
Appendix provides an overview of the extracted information per CT course (with the
last row presenting the information aggregated based on descriptions of the courses).
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ABE

EEMCS

Courses with = 1 keyword in TU Delft Study Guide

Courses with = 1 keyword in TU Delft Study Guide

n=44

y

n= 1521

Courses with = 2 keywords in TU Delft Study Guide

n= 1011

MSc courses

MSc courses

Fi:39l

n=96l

Evaluation by first evaluator
Criterion: = 2 parts of CT reflected

Evaluation by first evaluator
Criterion: = 2 parts of CT reflected

n:241 n=15 l

n:?Ol n=26 1

test set selection) n=13 1

<2 parts of CT > 2 parts of CT <2 parts of CT =2 parts of CT
reflected reflected reflected reflected
n=14 n=17

(test set selection) n=206 1

Test set: evaluated by the second evaluators
Criterion: > 2 parts of CT reflected

Test set: evaluated by the second evaluators
Criterion: > 2 parts of CT reflected

n:141 n=15 1

n:17l n=26 1

< 3 raters rated course > 3 raters rated course
as CT as CT

< 3 raters rated course = 3 raters rated course

as CT as CT

Figure 4.1.: Selection process of the CT courses. ABE: ( Architecture and the Built
Environment), EEMCS: (Electrical Engineering, Mathematics & Computer

Science)

Categories

Sub-categories

General information

Date of consultation; Keyword hits; number of
keywords; Course Title; Course code

Place in Curriculum

ECTS; Semester (Q1' Q2 Q3 Q4); Programme;
Track; MSc year; Elective vs obligatory vs
obligatory with choice

Study Description Information

Link; Offered by; E-mail; Course content —
TOPIC; Study goals — ALL; Study goals — TOPIC;
Education methods; Ass. Type; Ass”. Process;
Ass. Criteria

Evaluation

Presence of: Problem decomposition, Pattern
recognition, Abstraction, Algorithm design;
Type of course; Sure (yes/no); Notes

Table 4.2.: Extracted information per CT course
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4.3. RESULTS

4.3.1. INTER-RATER RELIABILITY ON THE IDENTIFICATION OF THE
RELEVANT COURSE

We found a low Fleiss’ kappa inter-rater reliability of 0.33 and 0.17 for the courses
of the faculties ABE and EEMCS, respectively. These low values indicate that,
although the operationalization of CT of this study was provided to the raters, their
interpretations of CT were still divergent. The provided operationalization left room
for interpretation, which led each rater to use their specific background knowledge
on CT. Zooming in on the ratings, we observe e.g. that one expert utilized a broad
perspective and considered almost all courses of the test sets to be CT, while another
expert utilized a narrow perspective and only scored about half of these courses to
be CT. Their interpretations of CT differ greatly.

4.3.2. CT IN THE CURRICULA

A total of 15 ABE MSc courses under two MSc programs (Geomatics and Architecture,
Urbanism and Building Sciences (AU&B)) were designated as CT courses while a
total of 27 EEMCS MSc courses were designated as CT courses (an additional
filtering step was applied compared to ABE). The keywords that were found in the
course descriptions of the CT courses are visualized in Figure 4.2a and Figure 4.2b,
with the font size correlating to frequency. Compared to the keywords from ABE, we
can see “algorithms” and “algorithm design” were much more frequent for EEMCS.
Meanwhile, Of the three MSc programs analyzed, unsurprisingly, Computer Science
contained the highest number of CT courses. Due to the set-up of the EEMCS MSc
programs, all courses were compulsory choices courses.

programming *problem

parametric ol
computational*problem mode*ine*solutian mesrmsiss sution
programming*problem data¥ereation
:li;'ln'uﬂ'solt:i(:il generalifation simulation *pm blem problem*deconposition
3 ro em ata cun1pul:tl}unui e pmh]cml penerala®ation
algorithm p simultion. problem . _algnrlth Iﬂ ’:‘ sf:t:\ldutlon
o . stacollecion oblem* paitem
data*analysis algorithm*problem
algorithm*solution __, , = mode®ing p .
Kh"lll'l!‘ i‘l'\lk‘ll.lll algorlthm*deslgn
computational nmde*ing‘solution pattemn *recognition algorithm® paitem
L 5 * .
mode*ing*problem mode*ing*problem
computational*solution 5 imulation*problem data®*representation t bl m % d t
general*solution pd 0 *e 1 a a
algorjthm*prOblem ‘ii]llu"l[glIEl?\lle?;E]]a YSI.S
(a) ABE (b) EEMCS

Figure 4.2.: Word cloud of the keywords in the CT courses. A larger font size
correlates with a higher occurrence

Figure 4.3 and Figure 4.4 demonstrate the different types of CT courses within ABE
and EEMCS respectively. Most courses at ABE were about learning to use a computer
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program or a modeling task that contributes to analyzing the environment or the
design of new buildings. For example, in Digital Terrain Modelling students were
taught to use datasets to reconstruct a terrain and use these for applications related
to the built environment, and in Geomatics as support for energy applications
students are taught to build 3D city models. Another type of CT course at ABE
were courses that comprised large projects with a computational component of
varying extent. For example, in MEGA students designed a special big building in
multi-disciplinary teams. Within this team, just one of the students was responsible
for the computational design. On the other hand, in Earthy the design of the building
is completely computational. Finally, the course Operations Research Methods was
specifically on teaching research methods and using mathematical modeling to make
decisions.

Solve pre-defined problem s/answer assignments through
programming/simulating/modelling/coding
Leamn to program/simulate/model/code/use a computer
program

Project with a (partly) computational approach

Formulating problem definitions

Learning research methods

=]
[ ¥
E=S
[=2%
ca

Figure 4.3.: ABE — Types of reflection of CT in courses

As for EEMCS, the largest part of the courses includes learning about the context
and patterns in problems and solutions; frequently in the form of students being
taught to recognize which algorithms to use for which problems. For example, in
Object Classification with Radar two of the four learning goals specifically refer to
recognizing patterns in the data and the type of problem and deciding on the
approach dependent on these patterns: ‘Analyse and compare the different domains
of radar data that can be exploited for objects classification, and the convenience of
use of one rather than the other in different situations’ and ‘Propose and evaluate
possible approaches for given classification problems based on radar sensors data’
Furthermore, more than half of the courses involved a larger project with a (partly)
computational approach. Interestingly, whereas the ABE faculty always started with
a problem (e.g., I want to design a building and I need to know the terrain)
and then took a computational approach to solve the problem, the EEMS faculty
also frequently took the algorithm as a starting point and then went looking for a
problem to be solved, sometimes looking at other faculties of the TU Delft to provide
problems to be computationally solved.
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Figure 4.4.: EEMCS - Types of reflection of CT in courses

4.3.3. EDUCATIONAL METHODS

Zooming in on the different educational methods, we see that a wide variety of
methods was used in CT courses at ABE (See Figure 4.5). Contrary to what one
might expect given the practical nature of CT, lectures were the most common
instructional method. However, within one course approximately 4 educational
methods were used, signaling that lectures were often used in conjunction with
different educational methods. For example, in the course Geomatics as Support
for Energy Applications three education methods are used: lectures to provide the
theoretical background, practicals to allow the student to practice building models
while supervision is present, and self-study to further dive into the theoretical
background and do more modeling. Besides lectures, practicals, and self-study,
computational assignments were a common educational method, which is in line
with expectations: computational assignments allow the student to apply their CT
skills in practice. In addition, notable is that a fair number of courses included
tutoring sessions. These sessions are a common way of teaching in the ABE faculty,
during which a tutor provides feedback on the work or design of the student or
students.

Figure 4.6 demonstrates the utilized educational methods at EEMCS, with on
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Figure 4.5.: ABE - Occurrences of different educational methods in CT courses
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Figure 4.6.: EEMCS - Occurrences of different educational methods in CT courses

average 3 educational methods per course with lectures being the most used
educational method. In 37% of the courses, practicals and/or computational
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assignments were used as educational methods. Larger computational groups or
individual projects were more common in the EEMCS faculty. For example, in the
course Crowd Computing students are working throughout the entire course for six
hours per week in a group on an extensive computational project. Besides this
group project, the other utilized education methods are lectures and computational
assignments. Notable is the occurrence of some more innovative instructional
methods like recorded lectures for the course Applied Machine Learning and lectures
by students for the course Machine Learning in Bioinformatics.

4.3.4. ASSESSMENT METHODS

For the assessment at ABE and EEMCS, most courses used more than one assessment
method, and an overview of assessment methods being used for both faculties
is presented in Figure 4.7 and Figure 4.8 respectively, with the computational
assignment (s) being the most common assessment method. The more traditional
written exam was also frequently used, often in combination with computational
assignments e.g. Geoweb Technology, Geographical Information Systems (GIS), and
Cartography and Python Programming for Geomatics. Group presentations, group
reports, and individual reports were also common; it should be noted that often
these reports were about the developed computational model. For example, in
Operations Research Methods the assessment was based on a written assignment
and a report on two mathematical models. In addition, they were often used
in parallel (e.g., Algorithms for Intelligent Decision Making, Artificial Intelligence
Techniques, and Evolutionary Algorithms). Oral exam is also used as an assessment
type; though it might be labour-intensive.
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Figure 4.7.: ABE - Occurrences of different assessment methods
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Figure 4.8.: EEMCS - Occurrences of different assessment methods

4.4. CONCLUSION, LIMITATIONS, AND FUTURE WORK

With the preliminary results of this work so far, several conclusions can be made:
First of all, aligned with the findings of the group concept mapping study from
Specht et al. (2019), this work finds that agreement on definitions and the relations
between different competences and skills under CT is still vague even for experts.
For developing an embedding of CT skills in an engineering curriculum necessary
definitions and focus should be aligned. Secondly, the examples from the two
different faculties of TU Delft show different approaches and embedding CT concepts
into the curriculum. On the one hand, fundamental developments or algorithms
and computational abstractions need to be developed extending CS curricula and
their focus, on the other hand, more design-oriented engineering disciplines embed
computational tools and skills often in concrete design and project work. Last, but
not least, we observed course designs in which computational tools and digital skills
can be linked to specific subtasks of design challenges but also more generic courses
that integrate computational tools as a base element of engineering design.
However, the authors spotted major limitations of this work regarding its
methodology and its scope, mainly being: that this is a case study on specific
faculties of one university and, even though both are large and well-established
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faculties, they might not be representative of engineering faculties in other countries.
Also, the study was based on the information in the study guide which, even if it is a
requirement that it is updated yearly, might not fully reflect the instruction methods
that the instructors apply. Furthermore, the course descriptions used for this work
were limited to the academic year 2020-2021, which indicates that the effectiveness
of the findings in this study is time delimited and engineering education is changing
with the technological and societal dynamics, which indicates that longitudinal
observations and investigations are needed. Regarding the methodology, though this
work follows a certain level of systemic and considers the potential bias caused
by individual work, several aspects should be noted: Information coding and data
synthesis were weak regarding the verification of the validity; the conclusions were
made merely with observation and analysis from course descriptions, making it weak
as actual situations may differ from the course descriptions.

To further advance this work, the authors plan to conduct focus group studies
or interviews to gain more insights about integrating CT into the Engineering
curriculum and establish more solid coding schemes and verification standards to
improve the validity of the extracted information in future work.
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Any genuine teaching will result, if successful, in someone’s knowing how to bring
about a better condition of things than existed earlier.

John Dewey

Parts of this chapter have been published in 2024 IEEE Global Engineering Education Conference
(EDUCON) [99].
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While no official policy or teaching framework has been established on Computational
Thinking (CT) education in the Netherlands, there have been various initiatives
for integrating CT into the curriculum. In this study, we surveyed Dutch tertiary
education teachers’ perceptions and intentions. Our survey encompassed: (1) teachers’
perceptions of C1, and (2) their intentions to integrate CT into pedagogical activities.
38 teachers completed our questionnaire. Results show that teachers possess an
inadequate understanding of the relationship between CT and Computer Science,
have limited training experiences in CT, and hold differing opinions on when and
which constructs of CT should be integrated. Moreover, exhibited a strong positive
correlation between performance expectancy, attitude towards CT, and behavioral
intention to implement CT in learning activities. To foster the integration of CT
in tertiary education, our findings suggest further development of higher education
teacher training programs on CT and its relation to CS and further exploration of
how to enhance teachers’ performance expectancy and effort expectancy.
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5.1. INTRODUCTION

Computational Thinking (CT) has gained recognition as a crucial competence for
students. The international educational and research communities have witnessed
numerous practical and theoretical initiatives aimed at promoting CT in K-12
education [100]. In this context, teacher training has emerged as a key factor for
successfully facilitating CT integration in the curriculum [101, 102]. Scholars such
as Cuny [103] and Lye and Koh [104] have highlighted the significance of proper
training and support for teachers in integrating CT into their daily teaching activities.
According to Yadav et al. [5] beside the fact that there is an active discussion shaped
by the Academy’s report from The Royal Dutch Academy of Arts and Sciences (an
advisory body to the Dutch government) in 2013, as well as explorative studies for
example by Thijs et al. in 2014 [6] there is not yet an official national policy on
integrating CT in the curriculum. It is worth noting that most existing studies on
CT in the Netherlands have focused on the K-12 context [9], while scholars have
identified the need for more implementations of CT within higher education I8,
41]. To identify the facilitators of CT education in the Netherlands, it is crucial
to understand teachers’ perceptions and intentions to integrate CT into their daily
teaching activities in higher education.

Technology acceptance models, such as the Technology Acceptance Model (TAM)
[105] and the Unified Theory of Acceptance and Use of Technology (UTAUT) [106],
are utilized to address users’ perception and acceptance of new technologies or
technological skills [107]. Several studies have applied these models to investigate
teachers’ perceptions and attitudes toward specific skills. For instance, Oluwole
[108] employed TAM to explore the relationship between Information Literacy Skills
and technology acceptance, revealing the influence of Internet knowledge on the
perceived security of E-marketing. Additionally, Ling et al. [107] investigated teachers’
perceptions of CT in Malaysian primary education using TAM-based questions and
found a strong correlation between perceived ease of CT integration and teachers’
attitudes toward behavioral intention. Similarly, Fessakis and Prantsoudi [109]
surveyed Computer Science (CS) teachers in Greek primary and secondary schools
regarding their perceptions, beliefs, and attitudes toward CT, employing the Theory
of Reasoned Action (TRA) and TAM. One of their findings indicated that teachers
considered secondary education as the most suitable level for CT integration.

In the context of the Netherlands, Bruggink [110] utilized the Theory of Planned
Behavior (TPB) to identify factors influencing teachers’ intention to implement CT
in primary education programs, leading to the finding of the significant influence
of subjective norm and perceived control on teachers’ intention to integrate CT
in teaching programs. Most related to our work is that of Specht and Joosse
[111], who developed a questionnaire based on the UTAUT model to investigate
teachers’ attitudes and acceptance factors toward integrating CT skills in primary
and secondary education classrooms. They suggested using the UTAUT model to
assess teachers’ intention to implement coding skills in the curriculum. To the
best of our knowledge, although the UTAUT model explains 70% of the variance in
behavioral intention and outperforms previous models [106], it has not been applied
in the higher education context.
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To contribute evidence for designing effective training programs and providing
proper support to teachers for the integration of CT in education, our study aims to
investigate teachers’ perceptions of CT skills and their intention to integrate CT into
teaching and learning practices in the higher education context. To achieve this, we
adopted items from the UTAUT model [106] and other existing studies that capture
teachers’ perceptions and intention on CT integration [107, 109, 111]. The research
questions guiding our study are as follows:

RQ1 What are higher education teachers’ perceptions of CT skills?

RQ2 What factors influence higher education teachers’ intention to integrate CT in
teaching and learning practices, and how do these factors relate to each other?

Regarding teachers’ perception of CT, we examined their previous training,
understanding the relation between CT and CS, scoring on the importance of
CT constructs, views on who can teach CT, and what education level would be
appropriate for CT integration. Regarding teachers’ intention to integrate CT into
pedagogical activities, we utilized the adopted UTAUT model and tested seven
hypotheses.

The following sections present the background knowledge and theoretical bases
for this study, the methodology we employed, the results and findings from a
questionnaire-based survey of teachers, and finally, a discussion and conclusion
based on the results.

5.2. BACKGROUND AND RELATED WORK

5.2.1. CT, CT FRAMEWORKS, AND THE HYBRID THREE-DIMENSIONAL
CT FRAMEWORK

Over the past few decades, numerous studies have focused on advancing CT
education in various aspects, such as curriculum design, the development of
teaching materials and tools, assessment frameworks, and teacher training programs.
Wing emphasized the significance of CT, positioning it alongside essential skills such
as reading, writing, and counting [1]. Research has shown that CT can enhance
higher-order thinking skills and improve problem-solving abilities [112-114].

Integrating CT concepts into classrooms and effectively delivering them requires
comprehensive exploration and identifying appropriate support mechanisms to assist
teachers in their teaching practices. However, one challenge in this regard is the lack
of a universally agreed operational definition of CT.

Throughout the years, various operational definitions of CT have emerged,
encompassing key concepts, skills, and examples of its integration in different
scenarios.  For instance, Wing suggested that CT involves dimensions such
as abstraction, problem decomposition, pattern recognition, algorithmic thinking,
and logical thinking [1]. Computer Science Teachers Association (CSTA) and
International Society for Technology in Education (ISTE) included nine core
concepts and capabilities in CT, including data manipulation (collection, analysis,
representation), problem decomposition, abstraction, algorithms and procedures,
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automation, parallelization, and simulation [115]. Other dimensions have been
proposed in other studies (e.g. [29, 100]. However, most operational definitions
primarily cover limited dimensions and are predominantly adopted in K-12 contexts.

In the context of higher education, the latest comprehensive framework is a hybrid
three-dimensional framework from Lu et al. [7], which is derived from Weintrop et
al.’s CT framework for mathematics and science classrooms [116], Grover and Pea’s
two-dimensional framework [117], and Brennan and Resnick’s three-dimensional
framework [42]. This hybrid framework encompasses 26 dimensions, shown in
Figure 5.1, and it serves as the adopted framework in the present study.

Computational Thinking Hybrid Framework

Computational Concepts Computational Practices Computational Perspectives
+ Logic and logical thinking ¢ Abstraction +  Creativity and creation
¢ Critical thinking ¢ Problem decomposition +  Communication
+ Data * Reasoning + Collaboration and
+  Synchronization ¢ Problem solving cooperation
+  Algorithms / Algorithmic ¢ Organization » Self-efficacy, self

thinking ¢ Planning competency, and confidence
+ Pattern recognition ¢ Testing and debugging » Expressng and questioning
+ Information processing ¢ Modulanzing / Modeling * Reflection
+  Ewaluation ¢ User interactivity + Generalization
+  Automation + Being incremental and

tterative

Figure 5.1.: Hybrid three-dimensional CT framework [7]

5.2.2. TECHNOLOGY ACCEPTANCE MODELS

Several theories and models have been developed in the past few decades to
examine users’ acceptance or rejection of specific technologies or technological skills
for decision-making purposes. These models focus on the factors influencing users’
intention to implement the technology in their practices.

One well-known model is the TAM, proposed by Davis [105], which originated
from the psychological theories of reasoned action and planned behavior. TAM
assumes that perceived ease of use and perceived usefulness mediate the relationship
between system characteristics (external variables) and potential system usage. Other
models that have been utilized in this area include the Theory of Planned Behavior
[118], Diffusion of Innovation theory [119], Theory of Reasoned Action [120], Model
of PC Utilization [121], Motivational Model [122], Unified Theory of Acceptance and
Use of Technology (UTAUT) [106], and Social Cognitive Theory [123].

Several technology acceptance models have been applied to investigate the
integration of CT in education. For instance, Ling et al. [107] employed the
Technology Acceptance Model (TAM) to explore Malaysian teachers’ perceptions of
CT in primary education through a questionnaire. Specht and Joosse [111] utilized
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the UTAUT model to examine teachers’ attitudes and acceptance factors regarding
the integration of CT skills in primary and secondary education in the Netherlands.
Bruggink [110] employed the Theory of Planned Behavior (TPB) to identify factors
influencing teachers’ intention to implement CT in primary education programs in
the Netherlands. Fessakis and Prantsoudi [109] used the Theory of Reasoned Action
(TRA) and the Technology Acceptance Model (TAM) to survey Computer Science
(CS) teachers in Greece, investigating their perceptions, beliefs, and attitudes towards
CT in primary and secondary school.

Among the various models mentioned, the UTAUT model [106], which was
developed based on earlier models, has shown superior performance by explaining
70% of the variance in behavioral intention. The UTAUT model comprises four key
constructs: effort expectancy (EE), performance expectancy (PE), social influence
(SI), and facilitating conditions (FC). Additionally, it includes four moderating
variables: age, gender, experience, and voluntariness of use. Specht and Joosse
[111] investigated the attitude and acceptance factors by including PE, EE, SI, FC,
and attitude (AT) as independent variables. Considering that this study aims to
investigate teachers’ perceptions of CT skills and their intention to integrate CT
into teaching and learning practices, we have adapted Venkatesh et al’s (2003)
[106] UTAUT model through discussions between the authors. The adapted model
includes PE, EE, SI, FC, BI (behavioral intention), AT, and voluntariness of use.

5.3. METHOD

5.3.1. DESIGN

This survey study adheres to the research procedure outlined by Bethlehem [124],
encompassing study design, data collection, data editing, non-response correction,
data analysis, and publication. The primary research design employed in this study
is predominantly quantitative, aiming to investigate the relationship between various
factors measured using scale-rated questions. The specific areas under investigation
in this research encompass participants’ demographic information, their perceptions
of CT, and their intention to integrate CT into teaching and learning practices. To
examine participants’ perceptions of CT, relevant questions have been adapted from
existing works, as indicated in Section 6.3.3. For assessing the intention to integrate
CT in higher education, in this study, we utilized the UTAUT model for its high
explainability [106] similar to how it has been applied in [111]. Within the UTAUT
framework, the dependent variable is behavioral intention (BI) to incorporate CT
into teaching and learning practices, while the independent variables consist of
performance expectancy (PE), effort expectancy (EE), social influence (SI), facilitating
conditions (FC), attitude (AT), and voluntariness of use (VU).

5.3.2. PARTICIPANTS - POPULATION AND SAMPLING

The participants of this study consisted of experienced teachers in higher education
in the Netherlands, with a particular focus on teachers from non-computer science
(CS) domains. To ensure compliance with General Data Protection Regulation
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(GDPR) regulations and to facilitate the practicality of conducting survey research, a
combination of convenience sampling and referral sampling methods was employed
as the sampling approach.

Convenience sampling involved selecting participants who were readily available or
easily recruitable for the study. Various strategies were employed, such as displaying
QR codes and distributing leaflets during workshops and other institutional events
where higher education teachers were likely to participate, as well as utilizing social
media platforms like blog posts, LinkedIn, Twitter, and institutional newsletters to
disseminate the survey.

Referral sampling, on the other hand, encompassed two techniques. Firstly,
network sampling was utilized, wherein a probability sample of a larger population
likely to have connections to the target population was obtained by contacting
communication officers and different contact persons at institutions such as Delft
University of Technology. Secondly, snowball sampling was employed, whereby
research participants who volunteered to be part of the study were requested to
identify and invite additional individuals who met specific characteristics and were
potentially willing to participate in the research. Participants were also encouraged
to share the survey study within their network.

Before their participation, the teachers were provided with an informed consent
form explaining the purpose of the research. A total of 84 individuals responded
to the questionnaire, and out of the total responses received, 38 responses were
complete and were deemed suitable for analysis.

5.3.3. MATERIALS - INSTRUMENTATION

A comprehensive questionnaire consisting of a total of 13 questions, including
sub-questions within certain items, was employed as the data collection instrument.
The construction of the survey involved a systematic process of identifying constructs
appropriate for answering the research questions via reviewing relevant literature and
engaging in discussions with subject matter experts. The primary author formulated
an initial survey draft based on these constructs, which was subsequently refined
iteratively through feedback received from both experts and the remaining authors.
The final version of the survey encompassed the following key components: (1)
Informed Consent: Participants were provided with an informed consent section
outlining the purpose and nature of the study; (2) Demographic Information:
Participants were requested to provide demographic details, including gender
(Q1), age range (Q2), educational background (Q3), as well as their teaching
and training experiences (Q4-Q5); (3) Perceptions and Understanding of CT: The
questionnaire included items (Q6-Q10) aimed at assessing participants’ perceptions
and understanding CT; (4) UTAUT Model Factors: Questions (Q11) pertaining to
factors derived from the UTAUT model were incorporated to explore their potential
influence on participants’ intention to integrate CT into teaching and learning
practices; (5) Optional Questions: Two additional questions (Q12-Q13) were provided
on an optional basis; one question invited participants to provide supplementary
comments on skills they deemed important in higher education within their
respective domains; the second question sought to identify whether participants
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were located outside the Netherlands. An overview of the questions can be found
in the Appendix A. The subsequent subsections will elaborate further on the specific
items included in the study.

RQ1 - TEACHERS’ PERCEPTIONS AND UNDERSTANDING ON CT (Q6-Q10)

Questions Q6 to Q10 were specifically included to address RQ1, which focused on
exploring participants’ perceptions of CT. The selection and adaptation of these
questions were guided by relevant scholarly works in the field.

Q6, derived from the study conducted by Ling et al. [107], was incorporated to
assess respondents’ understanding of computer programming, CT, and computers.
This question aimed to gain insights into participants’ existing knowledge and
comprehension of these concepts.

Q7, adapted from Fessakis [109], served to examine participants’ understanding of
the relationship between CT and computer science (CS). By utilizing this question,
the study sought to gauge participants’ awareness of the connection between CT
and the broader field of CS.

To investigate the significance of various CT dimensions in participants’
understanding, Q8 included CT constructs identified in Lu et al.’s [7] comprehensive
review. This question aimed to explore participants’ perceptions of the importance
attributed to different facets of CT.

Additionally, Q9 and Q10, adapted from Fessakis [109], were included to probe
participants’ views on who should teach CT and when it is deemed appropriate to
integrate CT, respectively. These questions aimed to shed light on the perspectives
regarding the stakeholders involved in CT education and the optimal timing for its
integration into teaching and learning practices.

Last but not least, concerning respondents’ perceptions regarding the importance
of CT skills, Q12 aimed to explore the skills within the realms of computer science
(CS), data science, or machine learning that are deemed relevant to graduates in the
respondents’ respective domains.

The incorporation of these specific questions aimed to gather comprehensive
insights into participants’ perceptions of CT and its various dimensions, thereby
addressing the research objective outlined in RQ1.

RQ2 - UTAUT MODEL STRUCTURE AND DEFINITION OF EACH CONSTRUCT (Q11)

To address RQ2, we operationalized the constructs and sub-constructs of our
research model based on the UTAUT framework proposed by Venkatesh et al. [106].
These constructs were integrated into Question 11 of the questionnaire. This section
of the survey enabled the assessment of both the independent and dependent
variables outlined in the UTAUT model, utilizing a 5-point scale.

The questionnaire items related to the independent variables were distributed as
follows: Performance Expectancy (PE) comprised four questions, Effort Expectancy
(EE) included four questions, Attitude (AT) consisted of four questions, Social
Influence (SI) encompassed four questions, Facilitating Conditions (FC) involved four
questions, and Voluntariness of Use (VU) comprised four questions. Each of these
variables was measured using a 5-point scale to capture participants’ perceptions.
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The dependent variable in the questionnaire pertained to the “intention to
integrate CT into teaching" and was assessed through three sub-questions presented
in the supplementary file. These questions aimed to gauge participants’ intentions
to incorporate CT into their teaching practices and were rated on a 5-point scale.

By employing the UTAUT framework and utilizing a comprehensive set of items,
this section of the questionnaire allowed for the measurement of the independent
variables and the dependent variable in our research model. The inclusion of these
specific items enabled the exploration of participants’ perceptions and intentions
regarding the integration of CT into teaching and learning practices.

Hypotheses for the Constructs: Based on the constructs incorporated in the research
model, the following hypotheses were formulated:

° H1: There exists a positive relationship between performance expectancy and
teachers’ intention to integrate CT.

* H2: There exists a positive relationship between effort expectancy and teachers’
intention to integrate CT.

* H3: There exists a positive relationship between social influence and teachers’
intention to integrate CT.

° H4: There exists a positive relationship between facilitating conditions and
teachers’ intention to integrate CT.

e H5: There exists a positive relationship between attitude and teachers’
intention to integrate CT.

° H6: There exists a positive relationship between voluntariness of use and
teachers’ intention to integrate CT.

e H7: There exists a relationship between different pairs of independent
variables.

5.3.4. PROCEDURE
SURVEY IMPLEMENTATION AND DISTRIBUTION

In line with the survey design, an online questionnaire was developed using
the Qualtrics platform. A copy of the questionnaire can be accessed through
a provided link: https://docs.google.com/document/d/1gJcjIlzfn0zBcWIXi _
vulimlpK5C2KfhTh8iEux4ablA/edit?usp=sharing. To ensure data anonymization,
IP address tracking was disabled in the implemented Qualtrics survey. Before the
formal commencement of the survey study, a pilot testing phase was conducted.
Professionals in higher education were approached through the authors’ network
to seek their feedback and suggestions. This pilot testing aimed to refine the
questionnaire and ensure its content validity. Subsequently, the questionnaire was
distributed as addressed in Section 6.3.2. The questionnaire yielded a total of 84
responses from October 2022 to May 2023, out of which 38 responses (45.2%) were
deemed valid for analysis.
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DATA INSPECTION, EDITING, NON-RESPONSE CORRECTION

By May 2023, a total of 84 responses were received for the survey. Some of these
responses were deemed unusable due to incompleteness or other errors commonly
encountered in survey data. To facilitate data processing, including data editing
and non-response correction, the responses were downloaded from the Qualtrics
platform in Excel files. Incomplete responses and test cases created by the authors
were subsequently excluded from the completed sample. As a result, a final sample
size of 38 responses remained for further analysis.

5.3.5. DATA ANALYSIS TECHNIQUES

The collected data underwent several analyses to assess the reliability of the
questionnaire, explore descriptive statistics of the sample, and investigate the
hypothesized relationships between the measured variables.  These analyses
included basic data analysis, calculation of Cronbach’s alpha coefficient to evaluate
questionnaire reliability, and correlation analysis to examine the associations among
variables.  Additionally, regarding the open-text question Q12, among the 34
respondents who provided answers to this optional open-text question, their
responses were analyzed using directed content analysis, applying existing skill
categories shown in Figure 5.1.

5.4. RESULTS AND ANALYSIS
5.4.1. DESCRIPTIVE ANALYSIS OF THE SAMPLE (Q1-Q5 AND Q13)

A summary of participant profiles is provided in Table 6.2. According to answers to
Q13, all respondents in the study were or had been involved in teaching activities
within the Netherlands, with males constituting the majority. The age distribution
indicated that most participants fell within the 31-40 age group. Furthermore,
a significant proportion of the respondents held a Ph.D. degree and had more
than 10 years of teaching experience in the field of Beta domain, as per the
categorization outlined in the document provided by the National Research Council
of the Netherlands. Additionally, Figure 5.2 presents a word cloud representing the
frequency of terms in the responses to Q5. The larger the size of the term, the
higher its frequency in the dataset. The most frequently occurring terms in the word
cloud include science, design, and engineering.

5.4.2. RQ1: TEACHERS’ UNDERSTANDING AND PERCEPTIONS OF CT IN
HIGHER EDUCATION (Q6-Q8, AND Q12)

Teachers’' training and workshops on CT/CS/Programming were captured with Q6,
the results presented in Table 5.2 present the findings. It reveals that 26.3% of the
participants reported never attending any workshops or training related to computer
science or programming. At the same time, a larger proportion, specifically 63.2%,
indicated no attendance in workshops or training specifically focused on CT.

When examining participants’ understanding of the relationship between CT and
computer science (CS), only 26.3% of the respondents provided the anticipated
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Table 5.1.: Descriptive analysis of the sample (Q1-Q5)

Items Category Frequency %
Gender Female 10 26.3 %
Male 26 68.4 %
Prefer not to say 2 53 %
Age 21-30 5 13.2 %
23-40 13 34.2 %
41-50 10 26.3 %
51-60 7 18.4 %
Above 60 3 7.9 %
Education Bachelor of Science (BSc) 1 2.6 %
Master of Arts (MA) 1 2.6 %
Master of Science (MSc) 9 23.7 %
Ph.D. 25 65.8 %
Others 2 5.3 %
Experience in 1-3 year (s) 7 18.4 %
teaching in 3-5 year 3 7.9 %
higher education 5-10 year 9 23.7 %
More than 10 years 19 50.0 %
Alfa 6 15.8 %
Beta 20 52.6 %
Teaching Gamma 5 13.2 %
Domain Alfa and Beta 1 2.6 %
Classification Alfa and Gamma 2 5.3 %
Beta and Gamma 3 2.6 %
Not applicable 1 7.9 %

Figure 5.2.: Word cloud for the domains/subjects. (Q5)

response, acknowledging that CT and CS intersect and are not entirely distinct. A
majority of the participants (57.9%) expressed that CS is a subset of CT (Table 5.3).
These results show that the respondents seem to have an inadequate understanding
of the relationship between CT and CS.
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Table 5.2.: Training with CS and/or Programming and CT (Q6)
Item Category Frequency %
I have attended workshops / Never 10 263 %
.. Once 3 7.9 %
training related to .
- Sometimes 15 39.5 %
computer science and /
. Repeatedly 6 15.8 %
or programming.
Regularly 4 10.5 %
Never 24 63.2 %
I have attended workshops / Once 2 53 %
training related to Sometimes 7 18.4 %
Computational Thinking. Repeatedly 3 79 %
Regularly 2 53 %

Table 5.3.: Teachers’ understanding of the relation between CT and CS (Q7)
Category Frequency %
CT is a concept wider than CS, because it further 22 57.9 %
includes the ability to solve problems in various
disciplines, even without the use of computers.

CT and CS have common attributes, but each one also 10 26.3 %
has special, discrete attributes.
CS is a concept wider than CT, because it further 6 15.8 %

includes, e.g. the study of computation, programming
languages, and computer hardware.

In terms of respondents’ perceptions regarding the importance of CT dimensions
and constructs, we examined the mean and standard deviation values on the
transformed Likert scale (ranging from 1 for “Not important” to 5 for “Very
important"). The findings, as presented in Table 5.4, indicate that all CT dimensions
(CT concepts, CT practices, and CT perspectives) are deemed important. Notably,
CT perspectives exhibit the highest standard deviation, suggesting greater variability
in respondents’ perceptions. Furthermore, the correlation analysis conducted on the
importance of CT dimensions reveals moderate correlations among all dimensions.
This implies that the various CT dimensions are interconnected to some extent. The
distribution of the importance values for each CT construct is visually represented
in Figure 5.3. It can be observed that most constructs have a median value of 4,
indicating a relatively high level of importance attributed to them. However, none
of the constructs reached the maximum value of 5, indicating that no respondents
considered any of the constructs as “Very important."”

Concerning respondents’ perceptions regarding the importance of CT skills,
Question 12 aimed to explore the skills deemed relevant to graduates in the
respondents’ respective domains, specifically within the realms of computer science
(CS), data science, or machine learning.



5.4. RESULTS AND ANALYSIS 73

By analyzing the answers to the open-text question, we identified eight
constructs from CT practices (abstraction, being incremental and iterative, debugging,
modularization/modeling, organizing, planning, problem decomposition, problem-
solving), six constructs from CT concepts (algorithm / algorithmic thinking, critical
thinking, data, evaluation, logic and logical thinking, pattern recognition), and three
constructs from CT perspectives (collaboration, communication, generalization).

Among the various responses, the most frequently mentioned CT constructs were
abstraction, algorithm / algorithmic thinking, critical thinking, data, logical thinking,
and modeling. Additionally, respondents from different domains often referenced
programming, software engineering, artificial intelligence, and machine learning in
their answers, indicating their significance within the context of CT skills.

Table 5.4.: Means and standard deviations for each CT dimension (Q8)

Variable Mean Standard deviation
avg_CT concepts 3.47 0.292
avg_CT practices 3.48 0.350
avg_CT perspectives 3.50 0.514
User interactivity [ —
Testing and Debugging o —_—
Synchronization ——1T  —
Self-efficacy, Self-competency, and confidence o |
Reflection o —_—
Reasoning o
Problem Solving o o
Problem Decompastion —
Planning ——— T ]
Pattern Recognition _—
Organizing —_—— ]
Madularizaing / Modelling -_—
Logic and Logical thinking o —
Information Processing —_—
Generalization —
Expressing and Questioning o e e I
Evaluation o o o
Data _—f
Critical Thinking o o
Creativity and Creaticn —
Communication o —_—]
Collaboration and Cooperation o -— 00/
Being Incremental and Interative o —
Automation — ]
Algorithm [ Algorithmic Thinking o 7
Abstraction —_—
1 2 3 H 5

Figure 5.3.: Summary of values on the importance for each CT dimension (Q8)

Question Q9 aimed to investigate respondents’ perceptions regarding the
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individuals who should teach CT. The findings, summarized in Table 5.5, reveal
that a majority of the respondents (52.6%) believe that all teachers could effectively
teach CT after receiving appropriate training. Conversely, a smaller portion of the
participants expressed the view that only teachers with a background in computer
science (CS) education should be responsible for teaching CT. Notably, a significant
number of respondents hold the belief that anyone can teach CT, irrespective of
prior experience in CS.

Regarding the integration of CT into different levels of education (Q10), respondents
primarily identified secondary and tertiary education as the most suitable contexts
for incorporating CT. In contrast, the responses regarding both primary and
secondary education were relatively limited, accounting for only 2.6% of the total, as
presented in Table 5.5.

Table 5.5.: Who can teach CT (Q9)

Items Count %

All teachers, regardless of Computer Science (CS) education 16 42.1 %
experience

Teachers with Computer Science (CS) education 2 5.3 %
Teachers with proper training in Computer Science (CS) 20 52.6 %
knowledge

Table 5.6.: Integration and teaching of CT in education (Q10)

Items Count %
Primary school (primary education) 5 13.2 %
High School (secondary education) 6 15.8 %
Tertiary education (higher education) 4 10.5 %
Primary school (primary education) & High School (secondary 1 2.6 %
education)

High School (secondary education) & Tertiary education (higher 10 26.3 %
education)

Primary school (primary education) & High School (secondary 12 31.6 %

education) & Tertiary education (higher education)

5.4.3. RQ2: TEACHERS’ INTENTION TO INTEGRATE CT - THE UTAUT
MODEL

To explore respondents’ intention to integrate CT into their teaching and learning
practices, we analyzed the responses to the UTAUT items. Firstly, we examined
the descriptive statistics of the UTAUT items, assessing their reliability and validity.
Subsequently, we calculated coefficients for the variables within the adapted UTAUT
model. The mean and standard deviation values for each dimension are presented
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in Table 5.7, indicating that most dimensions had a mean score above three and a
standard deviation higher than 0.6.

To assess the internal consistency of the items, Cronbach’s alpha was calculated for
each dimension, as shown in Table 5.8. All dimensions demonstrated an acceptable
level of internal consistency.

Table 5.7.: Means and standard deviations for each UTAUT dimension used in this
study (Q11)

Variable Mean Standard deviation
avg PE 3.51 0.604
avg EE 3.02 0.796
avg AT 3.66 0.791
avg_SI 2.43 0.644
avg FC 2.74 0.744
avg VU 3.50 0.828
avg BI 3.20 0.951

Table 5.8.: Construct reliability for each dimension

Construct Cronbach’s Alpha
Performance Expectancy (PE) 0.702
Effort Expectancy (EE) 0.825
Social Influence (SI) 0.924
Facilitating Conditions (FC) 0.715
Attitude (AT) 0.678
Voluntariness of Use (VU) 0.875
Behavior Intention (BI) 0.945

To test each of the hypotheses, Pearson correlation analysis was employed. The
correlation model is illustrated in Figure 5.4. Out of the six hypotheses (H1 to H6),
five were accepted, as they exhibited strong correlations. Performance expectancy
(PE), effort expectancy (EE), social influence (SI), facilitating conditions (FC), and
attitude (AT) significantly influenced respondents’ behavioral intention (BI) at varying
levels of significance, thereby supporting H1 to H5. Among these factors, social
influence (SI) demonstrated a relatively weaker correlation with behavioral intention.
Notably, there was a slightly negative correlation between respondents’ behavioral
intention (BI) and voluntariness of use (VU), thus rejecting H6.

Regarding H7, the correlations varied between different pairs of independent
variables. Among all the determinants of behavioral intention (BI), attitude
(AT) emerged as the most influential factor, primarily influenced by performance
expectancy (PE) and effort expectancy (EE).
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Figure 5.4.: Adapted UTAUT model with correlation values (Q11), Note. The p values
are indicated by the number of *(s): * p <.05, ** p <.01, ** p <.001

5.5. DISCUSSION

To examine teachers’ perception of CT and their intention to integrate CT into
their pedagogical activities, we adopted and adapted questions from existing studies,
including items adopted from the UTAUT model. Regarding teachers’ perception of
CT, we examined their training with CS and/or programming and CT, understanding
the relation between CT and CS, scoring on the importance of CT constructs, views
on who can teach CT, and what education level would be appropriate for CT
integration. Regarding teachers’ intention to integrate CT into pedagogical activities,
we utilized the adopted UTAUT model and tested seven hypotheses, six of which
were supported. The findings of this study are further discussed below.

5.5.1. TEACHERS’ PERCEPTION ON CT

As shown in the last section, current CT education remains largely dominated
by STEM subjects. A significant proportion of respondents reported never having
attended workshops or training related to CT, and a majority demonstrated a low
level of understanding regarding the relationship between CS and CT. We speculate
that the low understanding level regarding the relationship between CS and CT
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could be attributed to the lack of CT-specific workshops or training, despite having
attended workshops or training in CS. Prior works [125, 126] have emphasized the
importance of adequate preparation for teachers to effectively incorporate CT into
their teaching and learning practices. This suggests that one potential approach
to enhancing CT education is to equip teachers with CT knowledge via structural
training. Meanwhile, it is notable that more than a third of the respondents believed
that individuals could teach CT regardless of their experience in CS education. The
authors advocate here that it is vital to understand the connotation of CT for the
teachers, investigate the common ground among teachers, and identify what can
be taught by teachers regardless of their experience in CS education. Additionally,
the results show that respondents consider all levels of education, from primary to
tertiary, as appropriate for implementing CT. This raises questions regarding what
should be taught at each level and how to facilitate a smooth transition in teaching
practices between different educational levels, if necessary.

The investigation also reveals that six constructs from the hybrid CT framework
used in this study (i.e., abstraction, algorithm/algorithmic thinking, critical thinking,
data, logical thinking, and modeling) are identified as important for graduates
across various domains. These constructs align with those commonly found in
K-12 education frameworks, suggesting consistency in curriculum design from K-12
to higher education. However, further exploration is needed to determine how
these constructs should be operationalized within the context of higher education.
Additionally, respondents identified other skills, such as programming, software
engineering, artificial intelligence, and machine learning, as important for their
graduates.

5.5.2. TEACHERS’ INTENTION TO CT INTEGRATION

The second part of this research aimed to examine teachers’ intention to integrate
CT skills into their pedagogical activities. All hypotheses, except for H6, received
support. The study found that attitude, effort expectancy, facilitating conditions,
performance expectancy, and social influence significantly influenced teachers’
behavioral intention to integrate CT into their pedagogical activities. —Notably,
attitude (AT) exerted the most influence on teachers’ behavioral intention, with
performance expectancy (PE) and effort expectancy (EE) playing major roles in
shaping attitudes. Although the original UTAUT model does not emphasize attitude,
this finding aligns with studies by Specht and Joosse [111], Ling et al. [107], and
Fessakis et al. [109], highlighting the significance of attitude in the integration of CT
into education across different levels. Regarding PE and EE, when teachers have
higher PE and EE, believing that integrating CT can help them teach well, such as
improving their teaching efficiency and quality, and believing that integrating CT is
easy, the intention of integrating CT is likely to be higher. This shows that helping
the teachers understand the usefulness of CT integration and making it accessible
for teachers to implement CT integration is vital for promoting CT integration in
education.
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5.6. LIMITATIONS & THREATS TO VALIDITY

A threat to the external validity of this study concerns the sample of respondents.
Since the participation in the survey was voluntary, the sample can be considered
occasional and there was no prior mechanism to ensure its representativeness,
which is susceptible to self-selection bias. Even though the respondents reported
specializing in a wide range of scientific domains, some disciplines were not
represented adequately or at all, which did not allow for exploring interdisciplinary
differences. Moreover, it is vital to note that the responses were obtained in the
context of higher education in the Netherlands, which might not guarantee the
generalizability of results in other contexts.

Concerning construct and internal validity, most of the questions used in this
study were adopted from existing studies, the survey was reviewed by all authors and
experts, and tested by a pilot study to examine ambiguities. Nonetheless, some items
in the survey can still be misinterpreted by participants as the authors and the group
of participants involved in the pilot study may not be sufficiently representative of
the covered respondents.

Additionally, it should be noted that, limited by the method, this research could
not explain causality.

5.7. CONCLUSION

This study investigated higher education teachers’ perceptions of CT and their
intention to integrate CT via a survey that collected data from teachers in various
disciplines. =~ Through this study, we found a necessity to improve teachers’
understanding of CT, potentially by offering training and workshops. Moreover, we
identified the need to raise teachers’ intention to integrate CT into their pedagogical
activities within the context of the Netherlands, mainly regarding changing their
attitudes that can be dominantly determined by performance expectancy and effort
expectancy. Last but not least, discussions on what and when to integrate CT is
needed as various views were identified in this study. It should be noted that, while
disciplinary differences can significantly influence teachers’ perceptions of CT and
their intention to integrate CT into pedagogical activities, this study did not allow
for exploration in this direction. Therefore, future work can further explore the
disciplinary differences with more focused groups of participants.

5.8. APPENDIX

Table 5.9.: All questions in the questionnaire

Category No. Question Question
Type
Gender Q1 MCQ' I am a: A. Male B. Female C. Non-binary / third

gender D. Prefer not to say

IMultiple-choice question
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Age Range

Q2

MCQ

My age is in the range of: A. 20 or below 20 B.
21-30 C. 31-40 D. 41-50 E. 51-60 E Above 60

Educational
background

Q3

MCQ

My highest academic degree is: A. Bachelor of
Science (BSc) B. Bachelor of Arts (BA) C. Master
of Science (MSc) D. Master of Arts (MA) E. PhD
E Others ____

Experiences

Q4

Q5

MCQ

Open text

I have been teaching in higher education
(including university, college) for: A. 1-3 year (s)
B. 3-5 years C. 5-10 years D. More than 10 years
I have mainly taught top-
ics/areas/domains/majors of (in higher edu-
cation) ... (If there is more than one, please
list them and use a comma to separate different
items, e.g. art, civil engineering, statistics,
finance.)

Perceptions
on CT

Q6

Q7

Five-point
Likert

scale (for
two sub-
dimensions)

MCQ

The following statements match my experience
with Computer Science (CS) and/or Programming
and Computational Thinking (CT): (1) I have
attended workshops/training related to computer
science and/or programming. (2) I have attended
workshops/training related to Computational
Thinking.

In my understanding, the relation between
Computational Thinking (CT) and Computer
Science (CS) is: A. CT is a concept wider than
CS, because it further includes the ability to solve
problems in various disciplines, even without the
use of computers B. CT and CS have common
attributes, but each one also has special, discrete
attributes C. CS is a concept wider than CT
because it further includes, e.g. the study
of computation, programming languages, and
computer hardware D. CS and CT are the same
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Q8 Five-point
Likert
scale
(26  sub-
dimensions)

Q9 MCQ

Q10 MCQ

I consider the following Computational Thinking
(CT) dimensions, in my domain(s) as: (26
dimensions of CT presented for the participants
to rank the importance of the construct)

* CT concepts: Logic and Logical thinking,

Critical Thinking, Data, Synchronization,
Algorithm / Algorithmic Thinking, Pat-
tern Recognition, Information Processing,
Evaluation, Automation

CT practices: Abstraction, Problem De-
composition, Reasoning, Problem-Solving,
Organizing, Planning, Testing and De-
bugging, Modularizing / Modelling, User
interactivity, Being incremental and itera-
tive

CT perspectives: Creativity and creation,
Communication, Collaboration and coop-
eration, Self-efficacy, Self-competency, and
confidence, Expressing and questioning,
Reflection, Generalization

In my opinion, Computational Thinking (CT)
can be taught by: A. Teachers with Computer
Science (CS) education B. Teachers with proper
training in Computer Science (CS) knowledge C.
All teachers, regardless of Computer Science (CS)
education experience

I think it is proper to integrate CT into education
at (it is possible to choose more than one
answer): A. Tertiary education / Higher education
B. High school / Secondary education C. Primary
school / Primary education
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UTAUT
model
tors

fac-

Q11 Five-point
Likert
scale
(27 sub-
dimensions)

PE 1. I would find integrating CT into
teaching useful in my job 2. Integrating CT
into teaching enables me to accomplish tasks
more quickly 3. Integrating CT into teaching
increases my productivity 4. Integrating CT in
teaching increases my chances of getting a raise in
salary/employment opportunities

EE 5. The way of integrating CT into teaching
would be clear and understandable 6. It would
be easy for me to become skillful at integrating
CT into teaching 7. I would find integrating CT
into teaching easy to implement 8. Learning to
integrate CT into teaching is easy for me

AT 9. Integrating CT into teaching is a good idea
10. Integrating CT into teaching makes work more
interesting 11. Integrating CT into teaching is
fun 12. I would like to do teaching where CT is
integrated

SI 13. People who influence my behavior think that I
should integrate CT into teaching 14. People who are
important to me think that I should integrate CT
into teaching 15. The senior management of this
school/department has been helpful in the
integration of CT into teaching 16. In general, the
organization has supported the integration of CT
into teaching

FC 17. T have the knowledge necessary to integrate

CT into teaching 18. I have the resources necessary to

integrate CT into teaching 19. Integrating CT into
teaching is conflicting with other educational plans
of the organization 20. A specific person (or group)
is available for assistance with difficulties of
integrating CT into teaching

° VU 21. Although it might be helpful, integrating CT
into teaching would certainly not be compulsory in

my job 22. My boss would not require me to
integrate CT into teaching 23. My superiors would
not expect me to integrate CT into teaching 24.
Integrating CT into teaching would be voluntary
(as opposed to required by superiors/job)

BI 25. I intend to integrate CT into teachingin

the near future 26. I predict I would
integrate CT into teaching in the near future 27. 1
plan to integrate CT into teaching in the near future
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Optional Q12 Open text Which skills related to computer science, data
questions science, or machine learning do you think
are important for the graduates in your do-
main/area/topic?

Q13 Open text If you are currently teaching outside of country
X, can you please indicate which country that is?
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ASSESSMENT OF ALGORITHMIC
ABSTRACTION SKILLS IN HIGHER
EDUCATION

The purpose of abstraction is not to be vague, but to create a new semantic level in
which one can be absolutely precise.

Edsger Dijkstra

Parts of this chapter have been accepted by 2025 IEEE Global Engineering Education Conference
(EDUCON)
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Abstraction is essential in computer science (CS) and computational thinking
education. In the literature, abstraction has been defined on four cognitive levels on
which learners can grasp the idea of an algorithm: problem, algorithm, program, and
execution level. We designed a study based on these cognitive abstraction levels to
examine students’ abstraction skills in understanding sorting algorithms. The study
investigated the following aspects: (1) the performance of students from CS and non-CS
domains on algorithmic abstraction tasks, (2) the association of demographic factors,
training experiences, self-perception of proficiency with programming languages, and
self-perception of mastery and necessity of algorithmic abstraction skills, with one’s
performance on algorithmic abstraction tasks. By applying analyses on both qualitative
and quantitative data, we found that both CS and non-CS students need abstraction
skills at least at the Algorithm Level, with many requiring at the Program Level or the
Execution Level. This is especially important for STEM students, highlighting the need
for tailored educational approaches for non-CS participants, who show a larger gap
between perceived and needed mastery levels. Training and programming experience
strongly correlate with performance, emphasizing the importance of targeted training
in computational thinking, programming, and algorithmic abstraction. Such training
should vary across disciplines, with a minimum requirement at the Algorithm Level.
Future work can focus on developing discipline-specific curricula, comprehensive
training programs, longitudinal studies on skill development, and cross-disciplinary
collaboration.



6.1. INTRODUCTION 87

6.1. INTRODUCTION

Algorithmic problem-solving is crucial for creating computational solutions and
promoting computational thinking (CT) in Computer Science (CS) and non-CS
fields. It requires diverse skills and knowledge, including basic mathematics,
problem-solving techniques, and programming skills. Abstraction is a key element
of CT, essential for understanding and solving problems, and translating them into
algorithmic solutions [127].

In algorithmic problem-solving, abstraction involves simplifying the problem by
removing irrelevant details while keeping its core elements. This process includes
refining the solution at different levels until the algorithm is clear and detailed
and then converting it into a program. According to Nakar et al.[128], algorithmic
problem-solving consists of reformulating the problem, designing an algorithm,
implementing it in a programming language, and testing the solution. This method
uses a specific form of abstraction known as algorithmic abstraction.

Some scholars believe Nakar et al.’s method [128] may promote computational
thinking (CT), but courses often cover only part of algorithmic problem-solving
[127]. The relevance of different aspects of algorithmic problem-solving for higher
education students remains unexplored. While endeavors are made to promote
CT in both CS and non-CS contexts, within which abstraction is essential, most
assessments of abstraction skills in higher education focus on self-evaluation and
programming tasks in CS. The PGK framework describes four levels of algorithmic
abstraction: problem, algorithm, program, and execution levels [16]. By using this
framework, Aharoni [129] found that undergraduate students struggled with abstract
data structure; Perrenet et al. [15] validated a tool for measuring thinking levels with
algorithm questions. The use of the PGK framework to assess algorithmic abstraction
skills for both CS and non-CS students in higher education is yet to be explored.

In this study, we designed an instrument by operationalizing the PGK framework
to assess algorithmic abstraction skills for both CS and non-CS students. The
algorithmic concept adopted in the design is sorting, which is both a basic CS
concept and a common concept in our daily lives. The research questions we aim to
answer are:

RQ1 What are the differences in performance on algorithmic abstraction tasks for
CS and non-CS students?

RQ2 Which factors, among demographic factors, training experiences on CS,
programming or algorithmic problem-solving, self-perception of proficiency
with programming languages, and self-perception of mastery and necessity
of algorithmic abstraction skills, are associated with one’s performance on
algorithmic abstraction tasks?

This study is organized as follows: Section 6.2 presents relevant background and
related research results. Section 6.3 describes the method used for the study, after
which results and analysis will be presented in Section 6.4. We provide concluding
discussions on the results in Section 6.5.




88 6. ASSESSMENT OF ALGORITHMIC ABSTRACTION SKILLS IN HIGHER EDUCATION

6.2. RELATED WORK

Studies on CT across different contexts and age levels show that students often
struggle with understanding and using abstraction, especially algorithmic abstraction
[130]. Methods for teaching algorithmic abstraction vary: some courses use
abstraction implicitly without emphasizing the use of it, while others explicitly
emphasize the use of it. Findings suggest that explicitly teaching abstraction is more
effective for meaningful learning.

Many studies assess abstraction and algorithmic abstraction. For instance, Cutts
et al. [130] developed “the abstraction transition taxonomy" to evaluate the degree
of abstraction present in tasks, with three levels of abstraction: English, CS speak,
and Code. Moreover, Hazzan’s theoretical framework [131] on abstraction levels has
demonstrated significant relevance for studies addressing abstraction in CS [132,
133]. According to Hazzan [131], students initially perceive new concepts at a lower
level of abstraction to reduce cognitive effort. While this may be a temporary learning
stage, some students might remain at this lower level, limiting their understanding.

Building on Hazzan’s work [131], Perrenet et al.[16] developed the PGK hierarchy
to evaluate undergraduate students’ understanding of algorithms. The PGK hierarchy
has four levels that correspond to different cognitive abstraction stages necessary for
a comprehensive understanding of an algorithm. Each higher level is an abstract
representation of the one below it, and each lower level is a concrete representation
of the one above it. The levels are:

* Level 4: Problem Level - This is the highest level, where one can reason about
an algorithm in terms of the problem it solves and its characteristics. At this
level, an algorithm is perceived as a black box, requiring a high degree of
abstraction.

* Level 3: Algorithm (Object) Level - Here, an algorithm is seen as an object
independent of any specific programming language. Complexity measures
such as time and space efficiency become relevant at this stage.

* Level 2: Program (Process) Level - At this level, an algorithm is viewed as a
process, described by a specific executable program written in a particular
programming language.

* Level 1: Execution Level - The lowest level, where an algorithm is interpreted
as a specific run on specific input on a concrete machine.

Following Perrenet et al.[16], many studies have used the PGK hierarchy to examine
high school and middle school students’ understanding of algorithmic abstraction
[127, 134]. For example, it has been applied in primary school curricula, especially
with teachers, where the Algorithm Level is seen as a preliminary design phase
[127]. In higher education, Aharoni used the PGK hierarchy to study undergraduate
students in a data structure course and found that they generally understand data
structures at the Algorithm Level [129].
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6.3. METHOD

6.3.1. STUDY DESIGN

This cross-sectional study followed Bethlehem’s procedure [124]. We designed the
material to collect participants’ demographic information, training experience in
programming, CS, and algorithmic problem solving, self-perception in programming
language proficiency, self-perception on mastery and necessity of algorithmic
abstraction skills, and performance on algorithmic abstraction tasks. Items were
revised iteratively based on expert feedback and trials with participants. Data were
analyzed using basic descriptive statistics and qualitative analysis.

6.3.2. PARTICIPANTS - POPULATION AND SAMPLING

The study involved Bachelor, Master, and PhD students across diverse disciplines in
higher education in the Netherlands. To comply with GDPR and facilitate practical
survey research, we applied non-probabilistic sampling methods like convenience
and referral sampling. Approval was obtained from the Human Research Ethics
Committee of Delft University of Technology. Convenience sampling targeted easily
accessible participants through QR codes, online and physical leaflets, social media,
and the university’s recruitment system. Snowball sampling involved participants
inviting others to join the study. Before participating, individuals received an
informed consent form detailing the research’s purpose. A total of 30 respondents
completed the questionnaire and received a 10 Euro compensation voucher upon
survey completion.

6.3.3. MATERIALS - INSTRUMENTATION

The experiment material is a questionnaire implemented on the Qualtrics platform,
consisting of: (1) questions on participants’ demographic information, experience in
programming, CS experience, and algorithmic problem solving, self-perception on
programming languages proficiency; (2) problem solving tasks based on the PGK
framework for the assessment of participants’ algorithmic abstraction skills in solving
everyday problems; and (3) self-perception on their mastery and the importance of
algorithmic abstraction skills. The content is available in Appendix B.

To begin with, for (1), participants were requested to provide demographic details,
including gender (Q1), age range (Q2), level of the study program (Q3), year of
study (Q4), study domain (Q5-Q6), past training experience in Computer Science,
programming, Computational Thinking, or algorithmic problem-solving (Q7), as well
as proficiency with programming languages (Q8). The questions asked in this part
are mostly multiple-choice questions and Likert scales.

For (2), participants completed tasks based on the PGK hierarchy. Tasks at
the Problem Level (SP1-Q1 to SP1-Q3) tested their ability to recognize algorithms
by the problems they solve, define algorithms, and apply them in different
scenarios. Moving to the Algorithm Level (SP2-Q1 to SP2-Q6), tasks evaluated
participants’ skills in creating step-by-step procedures for solutions, considering
various versions of procedures and the complexity of the solution, and expressing
them in pseudo-code or natural language. At the Program Level (SP3-Ql to
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SP3-Q2), participants rearranged disorderly code implementations of algorithms and
implemented solutions using Python. Finally, tasks at the Execution Level (SP4-Q1
to SP4-Q3) focused on analyzing implementations’ execution, debugging issues, and
providing strategies for verifying implementation functionality. In this part, almost
all questions are open-text questions, a few are multiple-choice and re-ordering
questions.

For (3), in two multiple-choice questions (from P-Q1 to P-Q2), the participant was
asked to reflect on the necessity of the level of algorithmic abstraction skills and
their perceived mastery level. This part only contains multiple-choice questions.

6.3.4. PROCEDURE
DATA COLLECTION

We created an online environment on the Qualtrics platform with basic multiple-
choice and rating questions, along with tasks covering the four levels of algorithmic
abstraction as described earlier. Participants were assigned anonymous IDs unrelated
to their backgrounds to ensure confidentiality. Before starting, participants received
guidance on using the platform and seeking assistance. During the survey, a
researcher remained nearby to offer support as needed. Each session lasted
approximately one hour.

The experiment yielded 30 records in the dataset. After reviewing the dataset, all
valid data underwent editing for further analysis. This editing process involved data
pre-processing steps such as cleaning, transformation, coding, and aggregation.

6.3.5. DATA ANALYSIS

To understand participants’ demographics, training experience in CS or algorithmic
problem-solving, programming language proficiency, and perceptions on mastery
and necessity of algorithmic abstraction skills, we first applied descriptive analysis to
questions Q1 to Q8. These questions are in multiple-choice and Likert scale formats.

To answer RQl, we scored participants’ algorithmic abstraction skills using a
rubric' based on the PGK framework. Since each level had different total scores, we
used Min-Max normalization to standardize the data, transforming the minimum
value to 0, the maximum to 1, and all other values to decimals between 0 and 1.
We then used an independent student’s t-test on the normalized scores to check for
significant differences between CS and non-CS participants.

We analyzed tasks at different levels of algorithmic abstraction using thematic
analysis based on Kiger et al’s [135] guidance. Initial codes were generated from
the rubric criteria used for scoring tasks. These codes were then organized into
themes for each level of algorithmic abstraction as defined by the PGK framework.
For the Problem Level, we analyzed SP1-Q2 and SP1-Q3, where participants defined
the concept of sorting and gave examples of its daily or professional applications.
For the Algorithm Level, we analyzed SP2-Q3, SP2-Q2, and SP2-Q4. Participants
reasoned the applicability of an algorithm, considered its complexity and provided a

IThe rubric can be accessed via author requests.
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step-by-step plan. For the Program Level, we analyzed SP3-Q2, where participants
implemented their proposed algorithm and reflected on implementation problems.
For the Execution Level, we analyzed SP4-Q3, where participants described their
debugging strategies for a piece of buggy code. The final hierarchy is shown in Table

6.1.

Table 6.1.: Thematic analysis Hierarchy for Qualitative

Algorithmic Abstraction Tasks

Data from Each Level of

Dimensions

Themes

Codes

Problem Level

Different understanding of an
algorithm concept (Answers from
SP1-Q2 and SP1-Q3)

Sorting as grouping def-
inition as well as the
application of sorting in
daily and professional
life.

Sorting as ordering def-
inition as well as the
application of sorting in
daily and professional
life.

Sorting as both grouping
and ordering.

Algorithm Level

Different levels of consideration
over the complexity of the algo-
rithm (Answers from SP2-Q3)

Consideration over the
complexity of the prob-
lem.

Consideration of the
strategy for solving the
problem.

Levels of concreteness on the
step-by-step plan for the solution
(Answers from SP2-Q2 and SP2-

Q4)

Generic plan on a strat-
egy that does not contain
specific operational steps.

Concrete plan that in-
cludes the basic opera-
tion of the algorithm.

Program Level

Problems with Implementation
(Answers from SP3-Q2)

Time, Indication of using
existing functions, Python
proficiency

Execution Level

Level of specificity on debugging
strategies Answers from SP4-Q3

Detailed plan for debug-
ging and execution.

Generic descriptions of
overall strategy.

To answer RQ2, we first performed a basic statistical analysis of the multiple-choice
answers (P-Q1 and P-Q2) to study their perceptions of the mastery and necessity
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of algorithmic abstraction skills. We then conducted a correlational analysis to
examine how demographic factors (Q1-Q6), programming language proficiency and
training experience in CS or algorithmic problem-solving (Q7-Q8), and perceptions
of the mastery and necessity of algorithmic abstraction skills (P-Q1 and P-Q2) are
associated with participants’ scores on algorithmic abstraction tasks.

6.4. RESULTS AND ANALYSIS

Table 6.2.: Descriptive analysis of the sample (Q1-Q7)

Items Category Frequency %
Gender Female 17 56.7 %
Male 11 36.7 %
Non-binary/Third gender 1 33 %
Prefer not to say 1 33 %
Age 20 or below 20 2 6.7 %
21-30 25 83.3 %
31-40 2 6.7 %
41-50 1 33 %
Education Level = Bachelor of Science (BSc) 6 20.0 %
Master of Science (MSc) 18 60.0 %
Ph.D. 6 20.0 %
Year of Study 1st Year 9 30.0 %
2nd Year 8 26.7 %
3rd Year 6 20.0 %
4th Year 5 16.7 %
8th Year 1 33 %
15th Year 1 33 %
Study Domain Non-STEM 1 33 %
STEM 29 96.7 %
Study Subject CS 12 40.0 %
Non-CS 18 60.0 %
Never 1 3.3 %
Once 3 10.0 %
Experience ° Sometimes 12 40.0 %
Repeatedly 4 13.3 %
Regularly 10 333 %

Table 6.2 shows the analysis of results from Q1 to Q7. Most participants are
males aged 21 to 30 and enrolled in Master of Science programs. Nearly all
participants are from STEM fields, with the majority having a non-CS background.
Additionally, nearly all participants have had more than one training experience in
CS, CT, programming, or algorithmic problem-solving. Analysis of results from Q8
indicates that all participants reported low competence in at least one programming
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language. Python was the most commonly cited language in which participants had
above-average competence.

6.4.1. DIFFERENCES IN PERFORMANCE ON ALGORITHMIC ABSTRACTION
TASKS
For RQ 1 (What are the differences in performance on algorithmic abstraction tasks

for students with CS or non-CS backgrounds?), we analyzed the scores of tasks, with
an independent Student’s t-test being an additional measurement.

ANALYSIS ON THE SCORES

To examine whether the CS background plays an important role in the level of
algorithmic abstraction skills, we started with a descriptive analysis of scores. Table
6.3 shows that participants with a CS background obtained a higher average score
for every level of algorithmic abstraction skills. Meanwhile, the results show a trend
in decrease in the average score from the Problem Level to the Execution Level, and
participants obtain more than half of the scores on the Problem Level.

Table 6.3.: Descriptive statistics and Student’s T-Test of scores for different algorithmic
abstraction levels and total scores

Levels Domain N Mean SD® p-value
1
S 12 0.840 0.1061 0.009
Problem Level Non-CS 18 0.714 0.1511
. S 12 0.449 0.1598 0.139
Algorithm Level (' s 18 0.389 0.1349
oroaram Level  C5 12 0389 0.1436 0.338
& Non-CS 18 0.366 0.1489
Eroontion Lovel  CS 12 0286 0.1518 0.305
Non-CS 18 0257 0.1544
S 12 0471 0.0902 0.041
All Levels Non-CS 18 0412 0.0861

Furthermore, we conducted an independent samples T-test to examine if the
scores of the CS participants were significantly higher than those of the non-CS
participants. Table 6.3 shows that there is a significant difference between the CS
and the non-CS groups regarding the scores for the Problem Level and the sum of all
levels, but not a significant difference regarding the Algorithm Level, Program Level,
and the Execution Level.

THEMATIC ANALYSIS

At the Problem Level, participants demonstrated various understandings of the
concept of an algorithm. Definitions of sorting varied, with participants applying
it to different scenarios. Four non-CS participants defined sorting as a technique
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for grouping items. The remaining participants described sorting as a method for
ordering items or as a technique that can be used for both grouping and ordering.
Here are examples of each category from their answers. Sorting as a technique
to group things: “Sorting is dividing a larger group of items into different smaller
groups, where they have a distinct feature.”, “I work in administration for my football
association, and I work a lot with excel where for each member there are some yes-no
questions, for example, if they have completed some steps in the registration process.
Then it is very easy for me to sort the whole list, by selecting the members that have
not yet sent me a certain document, and I will contact them." Sorting as a technique
to put things into a certain order: “Sorting is ordering items based on properties
that can be compared to each other and said to be higher, lower, or equal.”, “When
creating backups of my files, going from smaller to bigger files ensures the biggest
amount of files is uploaded, in case the internet cuts off halfway through." Sorting
as a technique for both grouping things and putting things into a certain order:
“Sorting is the act of arranging a set of elements in order or in groups based on
some characteristic.", “I sort my clothes based on when I last wore them, so that I go
through my whole closet, and do not repeat the same clothes too soon."

At the Algorithm Level, we examined participants’ approaches to algorithm design
and the concreteness of their step-by-step plans. Seven CS-background participants
considered the complexity of the problem, while the rest focused on problem-solving
strategies or less relevant aspects for computational efficiency. Regarding the
step-by-step plans, 11 participants (including four from a CS background) provided
generic, strategic plans lacking specific operational steps. Most participants, however,
offered concrete plans detailing basic algorithm operations such as compare and
swap. Consideration of the complexity of the problem: “The way to sort a deck of
cards can be used to organize over 5,000 books, but I think it might be computationally
intensive. especially as letters are involved and strings need to be compared ..."
Consideration of the strategy for solving the problem or other aspects: “The way to
sort a deck of cards cannot be used to organize over 5,000 books, it depends on which
properties you divide them." Generic plan on a strategic level that does not contain
specific operational steps: “In the desired order the cards are arranged numerically in
increasing order. So I would just look for the card with a small number and keep it to
the left." Concrete plan that includes the basic operation of the algorithm: “Start
on the left side. Pick the first (leftmost) card. Compare it to the card to the right of it.
If the card is higher than its rightside neighbour, swap them. Do this until you don’t
swap anything anymore and move on to the next card."

At the Program Level, we analyzed the reflections of seven participants who did
not implement the algorithm in Python. Their reflections were categorized into
three main areas: time constraints, Python proficiency, and reliance on existing
functions. Here are examples for each category. Time: ‘It takes time for me to
come up with a logic step by step and implement it." Python Proficiency: "I am not
able to generate Python code spontaneously.” Indication of using existing functions:
“I would normally not sort anything myself since sorting algorithms are already
implemented and available in most languages."

At the Execution Level, eight participants, including five with a non-CS background,
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provided concrete plans for debugging and execution. The remaining participants
gave more generic descriptions of their overall debugging and execution strategies.
Detailed plan for debugging and execution: “Write out the effects of the code in
an example calculation, use a supporting code editor error analyzer", “Check syntax
errors, debugging print statements, stepwise execution, logically thinking about the
algorithm the code is following." Generic descriptions of overall strategy: “Run with
test example" or "Write some tests with simple examples."

6.4.2. FACTORS ASSOCIATED WITH ONE’S PERFORMANCE ON
ALGORITHMIC ABSTRACTION TASKS

For RQ2, (which factors, among demographic factors, training experiences on CS,
programming or algorithmic problem-solving, self-perception of proficiency with
programming languages, and self-perception of mastery and necessity of algorithmic
abstraction skills, are associated with one’s performance on algorithmic abstraction
tasks?), we started with a basic statistical analysis of the answers on perceptions
of mastery and the necessity of algorithmic abstraction skills. Table 6.5 shows that
the variance is larger in the rating of the mastered level, with the CS participants
achieving a higher mean and median. This indicates that the perceived mastered
level of skills for CS participants is on average higher than that of the non-CS
participants. Moreover, the results show that the lowest needed level of algorithmic
abstraction skills is at the Algorithm Level for both CS and non-CS participants,
and most participants deemed it needed to master the Program Level or even the
Execution Level. Meanwhile, for the perceived needed level of algorithmic abstraction
skills, both the mean and median of the level of algorithmic abstraction skills for CS
participants is close to that of non-CS participants. However, the gap between the
mastered level and the needed level is higher for non-CS participants than for CS
participants. Moreover, both CS and non-CS participants indicated that the lowest
level of algorithmic abstraction skills needed is the Algorithm Level.

Regarding how factors correlate with student performance, the results show no
significant correlation between the total score across all tasks and demographic
factors. Table 6.4 illustrates that these total scores correlate significantly with
participants’ training experience and programming language proficiency. Meanwhile,
there is no significant correlation between total scores and the perception of
the mastered level and needed level of algorithmic abstraction skills, respectively.
Furthermore, the analysis shows that training experience correlates significantly
with programming experience, and study subjects correlate significantly with both
training and programming experience.

6.5. DISCUSSION AND CONCLUSION

6.5.1. LIMITATIONS OF THIS STUDY

The study has several limitations. Firstly, the findings are based on a small sample
size from a specific context in the Netherlands, limiting their generalizability. To
enhance generalizability, replication in diverse contexts is crucial. Secondly, the




96 6. ASSESSMENT OF ALGORITHMIC ABSTRACTION SKILLS IN HIGHER EDUCATION

sampling methods used are constrained by practical limitations, which also affect the
study’s broader applicability. Additionally, maintaining rigor in the thematic analysis
of qualitative data is challenging, particularly due to the researcher’s presence during
data collection, which can influence participant responses and the interpretation of
results.

6.5.2. IMPLICATIONS ON ALGORITHMIC ABSTRACTION SKILLS
EDUCATION

Based on the findings from RQ2, both CS and non-CS participants indicated the
lowest perceived need for algorithmic abstraction skills at the Algorithm Level.
Moreover, most participants expressed a necessity to master skills at the Program
Level or the Execution Level. Given that nearly all participants are from STEM
fields, we recognized the need to cultivate STEM students with at least algorithmic
abstraction skills at the Algorithm Level, and potentially up to Execution Level
depending on their backgrounds. Furthermore, non-CS participants show a larger
gap between their perceived mastery and their perceived need compared to CS
participants. Addressing these discrepancies is crucial for designing educational
strategies that meet students’ needs, requiring a careful examination of challenges
and potential solutions.

The performance differences in algorithmic abstraction tasks between CS and
non-CS participants highlight significant educational challenges. CS participants
consistently scored higher across all levels compared to non-CS participants, with
statistically significant differences observed mainly at the problem level and in the
total scores across all levels. This suggests that CS participants may encounter fewer
obstacles in understanding and reformulating algorithmic problems. This finding
correlates with the observation that non-CS participants tend to define algorithm
concepts differently, often diverging from computational contexts. In contrast to
Aharoni’s findings [129], where understanding was centered at the Algorithm Level
of data structures, participants in this study typically grasp algorithmic abstraction
at the Problem Level. Potential contributing factors include differences in the
application context of the PGK framework, variations in the assessment instruments
derived from the framework, and differences in sample composition compared to
Aharoni’s study [129].

There were also notable performance differences observed at other levels of
algorithmic abstraction skills. At the Algorithm Level, CS participants demonstrate
greater awareness of computational complexity in algorithm design compared to
non-CS participants. This finding is consistent with a study [96] that explored
the integration of computational thinking in engineering curricula, highlighting
that non-CS students have less emphasis on mastering computational design
compared to CS students. At the Program Level, concerns primarily revolve around
time constraints and proficiency in programming languages when implementing
algorithms. Moreover, only a minority of participants offered detailed plans for
debugging and executing algorithms.

The findings from RQ2 suggest potential strategies for addressing challenges
identified in the study. Both training experience and programming language
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proficiency significantly correlate with participants’ performance, irrespective of
their background. Building on these findings and considering the performance
disparities revealed in RQ1, along with factors influencing performance identified
in RQ2, it is recommended to prioritize training in CS, CT, programming, and
algorithmic abstraction skills to enhance students’ abilities in algorithmic abstraction.
Furthermore, tailored training programs should address specific needs across
different backgrounds. For STEM students in general, achieving proficiency at the
Algorithm Level appears crucial. This can be facilitated through discussions on
algorithmic concepts and introducing computational complexity, which is particularly
beneficial for non-CS students. Educational initiatives aiming to enhance skills
at the program level should account for learners’ familiarity with programming
languages and the time required for implementation. The challenges and impact
of detailed debugging and execution plans across different domains warrant further
investigation, particularly at the Execution Level.

6.5.3. IMPLICATIONS FOR FUTURE RESEARCH

This research operationalized the PGK framework to investigate differences in student
performance on algorithmic abstraction tasks, how demographic factors, training
experience, programming proficiency, and students’ perceived and actual mastery
of these skills are correlated to their performance. Future work can build on this
by focusing on several key areas: developing domain-specific curriculum modules
tailored to the needs of various STEM fields to address gaps in understanding
algorithm concepts and computational complexity; designing comprehensive training
programs in computational thinking and programming for both CS and non-CS
students to bridge the gap between needed and actual skill levels; conducting
longitudinal studies to monitor the development of algorithmic abstraction skills
and the effects of different educational interventions over time; fostering cross-
disciplinary collaboration to integrate algorithmic thinking into non-CS curricula
through interdisciplinary projects; and researching effective methods for teaching
computational complexity to non-CS students, evaluating the benefits of introducing
these concepts early in the curriculum.
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Table 6.4.: Correlational analysis between the total score and demographic variables

Gender Age Education Year Study Study Training Programming  Perception Perception
Level of Do- Sub- Experi- Language Pro- on Mas- on
Study main ject ence ficiency tered Needed
Level Level
Score_All  Person’s 0.143 -0.114  0.132 -0.286  -0.227 -0.316  0.402* 0.423* 0.223 -0.112
Levels r
p-value 0.450  0.548  0.487 0.126  0.227  0.089  0.028 0.020 0.237 0.556

Note: * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 6.5.: Participants’ perceptions of the mastered and level of algorithmic

abstraction skills
Mastered Level Needed Level ﬂ
CS Non-CS CS Non-CS
Mean 3.58 2.44 3.50 3.17
Median 4 2 4 4
Standard Deviation 0.793 1.04 0.905 0.985
Minimum 2 1 2 2

Maximum 4 4 4 4







SUMMARY AND CONCLUSION

7.1. SUMMARY

With the prevalence of digital device usage in every aspect of our lives, Computational
Thinking (CT) is an increasingly important skill set to obtain. Despite the importance
of CT skills, there is limited attention paid to them when it comes to the integration
and assessment of CT in higher education. In this thesis we approached several
questions considering the existing level of knowledge on the topic of CT assessment
in higher education, the current practices in CT assessment in higher education,
teachers’ understanding of CT and their perceptions of integrating CT into practices.
Furthermore, we analysed the integration of CT into teaching practices and the
factors influencing teachers’ intention to embed it into their teaching practices. This
dissertation explores the integration of CT into Higher Education curricula and CT
assessment in higher education.

In this dissertation, Part I has been designed to investigate the state-of-the-art
of CT assessment in higher education in the literature, with which we gained a
theoretical understanding regarding the topic of CT assessment in higher education.
Aspects of assessment design, including a) methods, b) constructs, and c¢) contexts,
and empirical knowledge on CT assessment in higher education regarding those
aspects, were investigated through a systematic umbrella review and a systematic
review in Chapter 2 and Chapter 3, respectively.

To facilitate designing effective assessment, we examine how in practice CT has
been integrated and what needs to be assessed. Based on findings from Part
I, Chapter 4 and Chapter 5 in Part II (addressing Objective II), explored the
CT integration in higher education, especially the integration of CT into Master’s
level engineering curricula at Delft University of Technology, and analysed teacher’s
perceptions of CT in Engineering Education and their intentions to integrate it into
teaching.

Taking together the research investigated aspects of CT assessment and practical
information from CT integration in higher education from Part I and Part II, and
Part III aiming at (Objective 3) the focused design of assessment materials to
measure algorithmic abstraction skills (one of the core components of CT skills).
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7.2. MAIN FINDINGS
7.2.1. THE STATE-OF-THE-ART OF CT ASSESSMENT IN HIGHER
EDUCATION (PART I)
The systematic umbrella review in Chapter 2 provides insights from 11 reviews on
computational thinking (CT) assessment in higher education. The findings highlight
various dimensions related to assessment methods, constructs, and contexts. Most
reviews do not solely focus on CT assessment in higher education. While a
combination of different assessment methods is recommended, clear guidelines for
effective assessment design are still lacking. We identified 120 unique constructs
and about 10 types of assessment methods. In addition to that, a combined usage
of different assessment methods for measuring CT skills is recommended from the
findings.

Additionally, the systematic review in Chapter 3 analyzed 47 empirical studies
on CT assessment in higher education, published between 1986 and 2021. Most
assessments were summative, and conducted in STEM fields at the undergraduate
level. These studies assessed CT constructs using various naming and categorization
schemes, employing both existing and newly designed assessment tools. Moreover,
most of the studies apply manual teacher assessment in the form of traditional test
& exams.

7.2.2. CT INTEGRATION IN HIGHER EDUCATION (PART II)

In Chapter 4, we examined the integration of computational thinking (CT) into
the Master’s level Engineering curriculum at Delft University of Technology. Our
findings reveal that CT is well-integrated into the curriculum, with lectures serving
as the primary educational method and programming assignments being the most
common assessment tool. Additionally, we observed that understanding the context
and patterns in problems and solutions is crucial across different courses and
engineering disciplines.

In Chapter 5, we surveyed 38 teachers in tertiary education in the Netherlands
about their (1) perceptions of computational thinking (CT) and (2) intentions to
integrate CT into their teaching. We found that teachers generally lack a clear
understanding of the relationship between CT and Computer Science, have limited
training in CT, and hold varying opinions on when and which CT constructs
should be integrated into different subjects. Additionally, there is a strong positive
correlation between teachers’ performance expectancy, attitude toward CT, and their
intention to incorporate CT into their teaching. To promote CT integration in higher
education, our findings highlight the need for enhanced teacher training programs
focused on CT and its connection to Computer Science.

7.2.3. CT ASSESSMENT IMPLEMENTATION IN HIGHER EDUCATION (PART
I1I)

In Chapter 6, we designed an assessment tool for a learning task about sorting
algorithms and conducted a study to evaluate students’ abstraction skills in
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understanding sorting algorithms. Our findings indicate that both CS and non-CS
students need abstraction skills at least at the Algorithm Level, with many requiring
skills at the Program Level or the Execution Level. This is particularly crucial
for STEM students, emphasizing the need for tailored educational approaches for
non-CS students, who exhibit a larger gap between their perceived and required
mastery levels. Training and programming experience correlate strongly with
performance, underscoring the importance of targeted training in computational
thinking, programming, and algorithmic abstraction. Such training should be
discipline-specific, with a minimum requirement at the Algorithm Level.

7.3. GENERAL DISCUSSION

7.3.1. CT ASSESSMENT IN HIGHER EDUCATION NEEDS MORE EMPIRICAL
RESEARCH

As suggested by the results and findings in Part I through Chapters 2 and 3, the
topic of CT assessment in higher education encompasses a wide range of sub-topics.
CT has been defined, operationalized, and implemented differently across various
contexts, as highlighted in Part II through Chapters 4 and 5, which examine
curricula and teachers’ perceptions and understandings from diverse domains. These
variations introduce complexities when designing effective assessment instruments
for measuring CT skills.

Designing effective assessments requires carefully considering what, how, when,
whom, where, and why to assess. Empirical experiences provide valuable insights
into what has worked and potential directions for future exploration. While the
literature lists various constructs to assess and available assessment methods in
Chapters 2 and 3, there are limited empirical studies investigating CT assessment
in higher education. Consequently, the generalizability and applicability of existing
assessment instruments and practices remain uncertain. More empirical research
is needed to refine these instruments and ensure they are effective across different
educational contexts.

7.3.2. NOT EVERYONE NEEDS THE SAME SET OF CT SKILLS AT THE SAME
LEVEL

As demonstrated in Chapters 4 and 5, while computational thinking (CT) is essential
for everyone, its integration requires careful consideration of both the content and
method. Not all individuals need to master every CT construct, and this variability
should be taken into account when designing assessments. It is crucial to identify
the specific constructs that need to be assessed for different backgrounds before
applying general assessment constructs.

Chapter 2 reveals that there are 120 unique constructs measured in CT
assessments, with abstraction and algorithmic thinking being among the most
frequently mentioned. Our findings in Chapters 4 and 5 further emphasize that
algorithms and abstraction are critical constructs to master, particularly in STEM
domains. Based on these insights, we designed the study in Chapter 6, which
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reinforced the understanding that not everyone requires the same set of CT skills
at the same level. This realization underscores the importance of thoughtfully
integrating CT into curricula and designing appropriate CT assessment instruments
tailored to different needs and contexts.

7.3.3. TRAINING IS NEEDED FOR BOTH TEACHERS AND STUDENTS FOR
PROMOTING CT FOR ALL

The findings from this dissertation underscore the critical need for targeted training
programs to effectively promote CT across higher education. As CT becomes
increasingly essential in our digital age, its integration into curricula requires
comprehensive training for both educators and students.

Our research reveals significant gaps in teachers’ understanding of CT at a basic
level, particularly in distinguishing it from traditional Computer Science concepts.
The survey of tertiary educators in Chapter 5 highlighted that many educators lack
a clear grasp of CT’s relevance across disciplines, compounded by limited formal
training in CT. To address this, tailored training programs should be developed to
deepen teachers’ understanding of CT and provide strategies for incorporating it into
their curricula. Such professional development would empower teachers and ensure
consistent and effective CT education for students across various fields.

The need for student training is equally vital, particularly as CT becomes a
foundational skill across disciplines. In Chapter 6, the study evaluating students’
abstraction skills in sorting algorithms revealed significant proficiency gaps, especially
among non-CS students. These students often struggle with the abstraction levels
necessary for understanding and applying CT concepts, indicating a need for
focused, discipline-specific training programs. Targeted educational interventions
should be designed to build foundational CT skills, for example in algorithmic
abstraction, tailored to the context of their specific fields. By addressing the training
needs of both teachers and students, we can foster a more comprehensive and
inclusive approach to CT education in higher education.



SAMENVATTING

Met de prevalentie van het gebruik van digitale apparaten in elk aspect van ons
leven, is Computational Thinking (CT) een steeds belangrijkere vaardigheid om te
verwerven. Ondanks het belang van CT-vaardigheden, wordt er weinig aandacht
aan besteed als het gaat om de integratie en beoordeling van CT in het hoger
onderwijs. In dit proefschrift benaderden we verschillende vragen met betrekking
tot het bestaande kennisniveau over het onderwerp CT-beoordeling in het hoger
onderwijs, de huidige praktijken in CT-beoordeling in het hoger onderwijs, het begrip
van docenten van CT en hun percepties van het integreren van CT in praktijken.
Verder analyseerden we de integratie van CT in onderwijspraktijken en de factoren
die van invloed zijn op de intentie van docenten om het in hun onderwijspraktijken
op te nemen. Dit proefschrift onderzoekt de integratie van CT in curricula van het
hoger onderwijs en CT-beoordeling in het hoger onderwijs.

In dit proefschrift is Deel I ontworpen om de stand van zaken van CT-beoordeling
in het hoger onderwijs in de literatuur te onderzoeken, waarmee we een theoretisch
begrip hebben gekregen met betrekking tot het onderwerp CT-beoordeling in het
hoger onderwijs. Aspecten van beoordelingsontwerp, waaronder a) methoden, b)
constructies en c) contexten, en empirische kennis over CT-beoordeling in het hoger
onderwijs met betrekking tot die aspecten, werden onderzocht via een systematische
paraplubeoordeling en een systematische beoordeling in respectievelijk Hoofdstuk 2
en Hoofdstuk 3.

Om het ontwerpen van effectieve beoordeling te vergemakkelijken, onderzoeken
we hoe CT in de praktijk is geintegreerd en wat er moet worden beoordeeld. Op basis
van bevindingen uit Deel I, Hoofdstuk 4 en Hoofdstuk 5 in Deel II (met betrekking
tot Doelstelling II), onderzochten we de CT-integratie in het hoger onderwijs, met
name de integratie van CT in masteropleidingen voor ingenieurs aan de Technische
Universiteit Delft, en analyseerden we de percepties van docenten over CT in het
ingenieursonderwijs en hun intenties om het te integreren in het lesgeven.

Door het onderzoek samen te voegen werden aspecten van CT-beoordeling en
praktische informatie uit CT-integratie in het hoger onderwijs uit Deel I en Deel
II, en Deel III onderzocht, met als doel (Doelstelling 3) het gericht ontwerpen van
beoordelingsmaterialen om algoritmische abstractievaardigheden te meten (een van
de kerncomponenten van CT-vaardigheden).
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8.1. ALGEMENE DISCUSSIE

8.1.1. CT-BEOORDELING IN HET HOGER ONDERWIJS HEEFT MEER
EMPIRISCH ONDERZOEK NODIG

Zoals gesuggereerd door de resultaten en bevindingen in Deel I tot en met
Hoofdstukken 2 en 3, omvat het onderwerp CT-beoordeling in het hoger onderwijs
een breed scala aan subonderwerpen. CT is in verschillende contexten op
verschillende manieren gedefinieerd, geoperationaliseerd en geimplementeerd, zoals
benadrukt in Deel II tot en met Hoofdstukken 4 en 5, die curricula en
de percepties en inzichten van docenten uit diverse domeinen onderzoeken.
Deze variaties introduceren complexiteiten bij het ontwerpen van effectieve
beoordelingsinstrumenten voor het meten van CT-vaardigheden.

Het ontwerpen van effectieve beoordelingen vereist zorgvuldig overwegen wat, hoe,
wanneer, wie, waar en waarom beoordeeld moet worden. Empirische ervaringen
bieden waardevolle inzichten in wat heeft gewerkt en mogelijke richtingen voor
toekomstige verkenning. Hoewel de literatuur verschillende constructen voor
beoordeling en beschikbare beoordelingsmethoden in hoofdstukken 2 en 3 vermeldst,
zijn er beperkte empirische studies die CT-beoordeling in het hoger onderwijs
onderzoeken. Bijgevolg blijven de generaliseerbaarheid en toepasbaarheid van
bestaande beoordelingsinstrumenten en -praktijken onzeker. Er is meer empirisch
onderzoek nodig om deze instrumenten te verfijnen en ervoor te zorgen dat ze
effectief zijn in verschillende onderwijscontexten.

8.1.2. NIET IEDEREEN HEEFT DEZELFDE SET CT-VAARDIGHEDEN OP
HETZELFDE NIVEAU NODIG

Zoals aangetoond in hoofdstukken 4 en 5, is computationeel denken (CT) essentieel
voor iedereen, maar vereist de integratie ervan zorgvuldige overweging van zowel
de inhoud als de methode. Niet alle individuen hoeven elk CT-construct onder de
knie te krijgen en deze variabiliteit moet in acht worden genomen bij het ontwerpen
van beoordelingen. Het is cruciaal om de specifieke constructen te identificeren
die moeten worden beoordeeld voor verschillende achtergronden voordat algemene
beoordelingsconstructen worden toegepast.

Hoofdstuk 2 onthult dat er 120 unieke constructen worden gemeten in CT-
beoordelingen, waarbij abstractie en algoritmisch denken tot de meest genoemde
behoren. Onze bevindingen in hoofdstukken 4 en 5 benadrukken verder dat
algoritmen en abstractie cruciale constructen zijn om onder de knie te krijgen,
met name in STEM-domeinen. Op basis van deze inzichten hebben we de studie
in hoofdstuk 6 ontworpen, die het begrip versterkte dat niet iedereen dezelfde
set CT-vaardigheden op hetzelfde niveau nodig heeft. Deze realisatie onderstreept
het belang van het zorgvuldig integreren van CT in curricula en het ontwerpen
van geschikte CT-beoordelingsinstrumenten die zijn afgestemd op verschillende
behoeften en contexten.
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8.1.3. TRAINING IS NODIG VOOR ZOWEL DOCENTEN ALS STUDENTEN OM
CT VOOR IEDEREEN TE PROMOTEN

De bevindingen van dit proefschrift benadrukken de cruciale behoefte aan gerichte
trainingsprogramma’s om CT effectief te promoten in het hoger onderwijs. Omdat
CT steeds belangrijker wordt in ons digitale tijdperk, vereist de integratie ervan in
curricula uitgebreide training voor zowel docenten als studenten.

Uit ons onderzoek blijkt dat er aanzienlijke hiaten zijn in het begrip van CT
door docenten op basisniveau, met name in het onderscheiden van traditionele
computerwetenschapsconcepten. Het onderzoek onder docenten in het hoger
onderwijs in hoofdstuk 5 benadrukte dat veel docenten geen duidelijk begrip hebben
van de relevantie van CT in verschillende disciplines, wat nog eens wordt verergerd
door de beperkte formele training in CT. Om dit aan te pakken, moeten er op
maat gemaakte trainingsprogramma’s worden ontwikkeld om het begrip van CT door
docenten te verdiepen en strategieén te bieden om het in hun curricula op te
nemen. Dergelijke professionele ontwikkeling zou docenten meer macht geven en
consistente en effectieve CT-educatie voor studenten in verschillende vakgebieden
garanderen.

De behoefte aan studententraining is net zo belangrijk, met name omdat CT
een fundamentele vaardigheid wordt in verschillende disciplines. In hoofdstuk 6
onthulde de studie die de abstractievaardigheden van studenten in sorteeralgoritmen
evalueerde, aanzienlijke vaardigheidshiaten, met name onder niet-CS-studenten.
Deze studenten worstelen vaak met de abstractieniveaus die nodig zijn om
CT-concepten te begrijpen en toe te passen, wat wijst op de behoefte aan gerichte,
disciplinespecifieke trainingsprogramma’s. Gerichte educatieve interventies moeten
worden ontworpen om fundamentele CT-vaardigheden op te bouwen, bijvoorbeeld
in algoritmische abstractie, afgestemd op de context van hun specifieke vakgebieden.
Door in te spelen op de trainingsbehoeften van zowel docenten als studenten,
kunnen we een uitgebreidere en inclusievere benadering van CT-onderwijs in het
hoger onderwijs bevorderen.
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Welcome

Computational Thinking is thinking process that allows one to formulate a solution to a
problem to be executed by any information processing agency (being either human or electronic
machine).

This survey is conducted by the Delft University of Technology. The aim of the research is
to gain insight into teachers' perceptions and views on both Computational Thinking (CT) skills
and intention of integrating them into teaching. That means, you will answer questions on your
understanding and attitudes towards CT skills and integration of CT into teaching and learning
practices.

Your answers will be gathered in a manner that each individual is unrecognizable. The results
will be reported in national and international scientific publications, international conferences
and in the media.

Filling out the survey will take approximately 10 minutes of your time. Your answers will be
treated confidentially. The results will be aggregated and will not be traceable to individuals or
schools.

Thanks for your participation and cooperation. If you have any questions about this research,
please contact X.Zhang-14@tudelft.nl

* To get the best user experience for filling out the survey, Chrome browser is recommended. *

Consent

e | give permission for the use of the data (the answers for the questions) collected in this
questionnaire for scientific research.

e | have read the information regarding this research and | have had the opportunity to ask
the researcher additional questions if there are any uncertainties.

e |lunderstand that any information | provide in relation to this research will be collected
anonymously and cannot be traced back to me.

e | understand that | may discontinue this questionnaire at any time without giving any
reason.

If you have read the above points and agree to participate in the study.
please digitally sign the consent form by entering the information asked below.

Signature
| agree to participate in this research.

To confirm that you participate in this study voluntarily and make sure we can track back to
your answers without your real name and ID (if you want to discontinue with the
questionnaire, a code will be generated by you according to a rule given below). Therefore,



mailto:X.Zhang-14@tudelft.nl

please note it down and keep it somewhere until you are sure you will not discontinue
this research.

We kindly ask you to enter a code that align with the following rule:

Rule: the date today + the birthday of your favorite person + the capitalized first letters of
your favorite person's first name and last name.

For example: for 2022 October 24th + 1991 November 21th + Karson Mars the code would
be 2022102419911121MK.

Greetings Hi there!
It is so great to have you as a participant of this survey study.

We hope you enjoy filling out the survey and find it helpful also for your sake to reflect on your
own thoughts.

Let's get started!

Q1 lama:
Male (1)
Female (2)
Non-binary / third gender (3)
Prefer not to say (4)
Q2 My age is in the range of:
20 or below 20 (1)
21-30 (2)
31-40 (3)
41-50 (4)
51-60 (5)

Above 60 (6)



Q3 My highest academic degree is:
Bachelor of Science (BSc) (1)
Bachelor of Arts (BA) (2)
Master of Science (MSc) (3)
Master of Arts (MA) (4)

PhD (5)

Others (6)

Q4 | have been teaching in higher education (including university, college) for
1-3 year (s) (1)
3-5 years (2)
5-10 years (3)
More than 10 years (4)

Q5 | have mainly taught topics / areas / domains / majors of (in higher education)...
(If there is more than one, please list them and use a comma to separate different items, e.g.
art, civil engineering, statistics, finance.

Q6 The following statements match my experience with Computer Science (CS) and / or
Programming and Computational Thinking (CT):

Never

1M

Sometimes Repeatedly

Once (2) 3) @)

Regularly (5)
| have attended
workshops / trainings
related to computer
science and / or
progamming (1)

| have attended
workshops / trainings
related to Computational
Thinking . (2)



Q7 In my understanding, the relation between Computational Thinking (CT) and Computer
Science (CS) is

CT is a concept wider than CS, because it further includes the ability of solving problems
in various disciplines, even without the use of computers (1)

CT and CS have common attributes, but each one also has special, discrete attributes

@

CS is a concept wider than CT, because it further includes, e.g. the study of
computation, programming languages, and computer hardware (3)

CS and CT are the same (4)

Q8 | consider the following Computational Thinking (CT) dimensions, in my domain(s) as:

not important slightly fairly

i very
M important (2)  important (3) MPerant )

important (5)
Abstraction (1)

Algorithmic
Thinking (2)

Automation (3)

Being
Incremental
and lterative (4)

Collaboration
and
Cooperation (5)

Communication

(6)

Creativity and
Creation (7)

Critical Thinking
®)

Data (9)

Evaluation (10)



Expressing and
Questioning

(1)

Generalization
(12)

Information
Processing (13)

Logic and
Logical
Thinking (14)

Modularization /
Modelling (15)

Organization
(16)

Pattern
Recognition
(17)

Planning (18)

Problem
Decomposition
(19)

Problem
Solving (20)

Reasoning (21)

Reflection (22)

Self-Efficacy,
Self-
Competency,
and Confidence
(23)

Synchronization
(24)

Testing and
Debugging (25)



User
Interactivity (26)

Q9 In my opinion, Computational Thinking (CT) can be taught by:

Teachers with Computer Science (CS) education (1)

Teachers with proper training on Computer Science (CS) knowledge (2)

All teachers, regardless of Computer Science (CS) education experience (3)

Q10 | think it is proper to integrate CT into education at (It is possible to choose more than

one answer.)

Tertiary education / Higher education (1)

High school / Secondary education (2)

Primary school / Primary education (3)

Q11 For the following statements, please indicate if you agree or disagree:

| would find integrating
CT into teaching useful
in my job (1)

Integrating CT into
teaching enables me to
accomplish tasks more

quickly (2)

Integrating CT into
teaching increases my
productivity (3)

Integrating CT in
teaching increases my
chances of getting a
raise in salary /
employment
opportunities (4)

The way of integrating
CT into teaching would
be clear and
understandable (5)

St rongly Somewhat Neither Somewhat
isagree

; agree nor
) disagree (2) disagree (3) agree (4)

Strongly
agree (5)



It would be easy for me
to become skillful at
integrating CT into
teaching (6)

| would find integrating
CT into teaching easy to
implement (7)

Learning to integrate CT
into teaching is easy for
me (8)

Integrating CT into
teaching is a good idea

©)

Integrating CT into
teaching makes work
more interesting (10)

Integrating CT into
teaching is fun (11)

| would like to do
teaching where CT is
integrated (12)

People who influence
my behavior think that |
should integrate CT into

teaching (13)

People who are
important to me think
that | should integrate
CT into teaching (14)

The senior management
of this school /
department has been
helpful in the integration
of CT into teaching (15)

In general, the
organization has
supported in the

integration of CT into

teaching (16)

| have the knowledge
necessary to integrate
CT into teaching (17)



| have the resources
necessary to integrate
CT into teaching (18)

Integrating CT into
teaching is conflicting
with other educational

plans of the organization
(19)

A specific person (or
group) is available for
assistance with
difficulties of integrating
CT into teaching (20)

Although it might be
helpful, integrating CT
into teaching would
certainly not be
compulsory in my job
(21)

My boss would not
require me to integrate
CT into teaching (22)

My superiors would not
expect me to integrate
CT into teaching (23)

Integrating CT into
teaching would be
voluntary (as opposed to
required by superiors /
job) (24)

I intend to integrate CT
into teaching in the near
future (25)

| predict | would
integrate CT into
teaching in the near
future (26)

| plan to integrate CT
into teaching in the near
future (27)

Q12 Which skills related to computer science, data science, or machine learning do you
think are important for the graduates in your domain / area / topic?



Q13 If you are currently teaching outside of Netherlands, can you please indicate which country
that is?




B
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Welcome to this survey!

Computational Thinking skills are vital for problem-solving. Algorithms and abstraction are
essential components of computational thinking. By participating in this study, you will be
applying computational thinking to solve problems.

This study is conducted by the Delft University of Technology. The research aims to learn what
level of algorithmic abstraction skills people have and need in different domains. The survey
includes questions about your age, major, as well as questions about algorithmic abstraction
and problem-solving methods on different levels of difficulty.

Your answers will be gathered in a manner in which each individual is unrecognizable. The
answer will have no impact on your study/grades, it will be only used for research purposes.The
results will be shared in national and international scientific publications and international
conferences.

Participation in this study will take an hour of your time. You will be rewarded a voucher of
value 10 EURO for participating in this study. If you have questions, please contact the
researcher at <X.Zhang-14@tudelft.nl>

Consent

e | give permission for the use of the data collected during this research for scientific
research.

e | give permission for the de-identified data that | provide to be archived in Project
Storage at TU Delft and Git(lab)/subversion repository at TU Delft so it can be used for
future research and learning.

e | have read the information regarding this research and | have had the opportunity to ask
the researcher additional questions if there are any uncertainties.

e lunderstand that | will be compensated for my participation by receiving a gift card with
a value of 10 euros.

¢ | understand that any information | provide in relation to this research will be collected
anonymously and cannot be traced back to me.

e |understand that | may discontinue this research at any time without giving a reason.

¢ If you have read the above points and agree to participate in the study, please digitally
sign the consent form below by entering the information asked below.

Signature

| agree to participate in this research. Enter the participant ID from the SONA system or the
researcher in the cell below. This code will be used if you want to discontinue this research,
therefore please write it down and keep it somewhere until you are sure you will not discontinue
this research.



mailto:X.Zhang-14@tudelft.nl

In this part, you'll share some basic details about yourself.

B-Q1 I identify myself as:
Male (1)
Female (2)
Non-binary / third gender (3)
Prefer not to say (4)

B-Q2 | am between the ages of:

20 or below 20 (1)
21-30 (2)

31-40 (3)

41-50 (4)

51-60 (5)

Above 60 (6)

B-Q3 | am currently enrolled in a program for:
Bachelor of Science (BSc) (1)
Bachelor of Arts (BA) (2)
Master of Science (MSc) (3)
Master of Arts (MA) (4)

PhD (5)

Other, please specify: (6)



B-Q4 1am in the:
1st year of study (1)
2nd year of study (2)
3rd year of study (3)
4th year of study (4)

Other, please specify: (5)

B-Q5 I am in the field of:

Science, Technology, Engineering, Mathematics (STEM) studies (1)

Non-STEM studies (e.g. History, Arts, Music) (2)
B-Q6 My current area of study is:
Computer Science (1)

Non Computer Science (2)

Other, please specify (3)

B-Q7 The following statement match my experience:

Never Sometimes
(1) Once (2) 3)

| have taken or am
currently taking courses
/workshops/training in

computer science,

programming,
Computational Thinking,
or algorithmic problem-
solving. (1)

Repeatedly
“4)

Regularly (5)



Display This Question:

If The following statement match my experience: != Never

B-Q7a Please tell us about the computer science, programming, or algorithmic problem-
solving courses/workshops/training you've taken or are currently taking.

B-Q8 Regarding programming, my experience with the following programming language can be
identified as:

Average level  Moderately

No level of Low level of . High Level of
competence competence of high level of competence
A) ) competence competence (5)
) 4)
Python (1)
C(2)
C++ (3)
Matlab (4)
Java (5)
R (7)

Other, please
specify: (6)



Next, you'll read a story about Lisa's day and assist her with some issues. The story has four
parts, and your task is to use your knowledge to help Lisa as best as you can.

LISA's Day - Part 1

Lisa recently started working as a library assistant, and her friend Lee is curious about her job.
Lisa shared that her main tasks involve digitizing the library catalog and assisting with
organizing activities. Lee asked for more details about Lisa's daily work, and Lisa explained:

"I begin my day with coffee and review the to-do list, usually messy, in an Excel sheet. To
streamline, | categorize tasks into very urgent, urgent, and not-that-urgent, then rearrange them
by priority.

Currently, I'm digitizing the library services, dealing with over 5,000 books listed in the Excel
sheet arranged by topics. The current list is with some missing information for some books, and
it is only possible to look up books by topics. To make it more efficient to look up books and
insert new books. | am focusing on:

e Completing missing information for existing books.

¢ Planning an efficient arrangement of books, alphabetically or numerically, such as author
or editorial.

¢ Implementing system functions for lending, returning, exchanging, adding, and removing
books.

¢ | spend much of my day thinking about ways to optimize these tasks."

SP1-Q1 In Lisa's day, sorting can make her work more efficient. Can you point out where and
how sorting can be used in Lisa's day? Please select the sentences where sorting
activities are mentioned in the text.

SP1-Q2 Please explain what sorting is, and give an example of how it can be done.

SP1-Q3 Please provide an example from your everyday life or work where sorting is
helpful?

LISA's Day - Part 2
After listening to Lisa, Lee became intrigued by the method used to efficiently organize books by



names, authors, publisher, or year of publication. Lee asked Lisa to explain the design of the
solutions further, and Lisa compared it to sorting a deck of cards.

Cards unsorted:
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SP2-Q1 Please provide your solution to get the unsorted cards sorted.

Let's make this more specific.

You start with the card order:
7 5 7 4 9
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SP2-Q2 Please describe the operation that you take for each step to get the cards sorted,
and show the results of each round using the solution you described for the previous
question.




SP2-Q3 Can the way you sort a deck of cards be used to efficiently organize over 5,000
books? If not, suggest a strategy you think would be suitable for efficiently sorting such
a large number of books.

Yes (1)

No (2)

SP2-Q4 Please provide a step-by-step guide to explain to Lee how to organize books in
A-Z order?

Pseudo-code is a simple way to explain algorithms and software programs. This is an initial step
in learning programming, as it provides a more organized and formal description of the steps in
an algorithm.

Two examples of pseudo code for finding the maximum number between two numbers.

Example 1:
Function findMaximum{(num1, numz2):
if num1 > num2:
return num1
else:
return num2
Example 2:

Start with two numbers, let's call them num1 and num2.

If num?1 is greater than num2, then:
The maximum is num1.

Else:
The maximum is num2.

Print or return the maximum value.

SP2-Q5 Please create a pseudo-code for the sorting process you explained in answer to
the last question (SP2-Q4)?




After Lisa explained sorting in simple terms (organizing books in A-Z order), Lee asked about
other strategies or designs for solving the problem. Lisa shared a list of strategies she learned
online for sorting a list of items.

SP2-Q6 Please specify which strategies from the list below you recognize. Also, provide an
example scenario where that strategy can be applied.

A. Swap adjacent elements if they are in the wrong order. (1)

B. Divide items into smaller lists, sort each, and merge them for the final sorted
list. (2)

C. Choose an element as a pivot, arrange the list around it for the correct
position. (3)

D. Select the smallest (or largest) element from the unsorted part and move it to
the sorted part. (4)

E. Similar to sorting playing cards in your hands, virtually splitting the list into
sorted and unsorted parts, and placing values in the correct positions. (5)




LISA's Day - Part 3

Meanwhile, Lee discovered that Lisa needed to use Python programming to apply the strategy
for organizing books alphabetically. Curious to see how it's done, Lisa demonstrated what a
program solution might look like for sorting a list of books in A-Z order in Python.

Note: The book names are stored as a list of names.

Accidentally, Lee found a potential Python solution for sorting a deck of cards. The solution is
given as a list of statements. Lisa looked at the statements and rearranged them to create a
functional Python solution.

SP3-Q1 Can you arrange them in the correct order? (Drag and drop the statements to the
correct order)
def sort_books(book_list): (1)
j=i-1(2)
return book_list (3)
while j >= 0 and current_book < book_list[j]: (4)
for i in range(1, len(book_list)): (5)
book_list[j + 1] = book_list[j] (6)
current_book = book_list[i] (7)
book_list[j + 1] = current_book (8)
j-=1(9)

T

SP3-Q2 Write a basic Python algorithm to organize books in alphabetical order (from A —
Z) using the strategy you provided in SP2-Q5.

(Please use the function template provided below)
def sort_books(book_list):
# Here is the code python algorithm

return book_list

LISA's Day - Part 4
Lisa generated solutions quickly, but unfortunately, her solution had some errors.
SP4-Q1 Can you help find problems in the code and fix them?

def sort_books(book_list):
for i in range(1, len(book_list) + 1):



current_book = book_list[i]
j=i

while j > 0 and current_book < book_list[j - 1]:
book_list[j + 1] = book_list[j - 1]
j-=1

book_list[j + 1] = current_book

return book

What is the problem of the code above?

SP4-Q2 Can you help find problems in the code and fix them?
def sort_books(book_list):
for i in range(len(book_list)):
current_book = book_list]i]
i-=1
while i > 0 and current_book > book_list[i - 1]:
book_list[i] = book_listi - 1] + 1
i-=1
book_list = current_book

return book_list

What is the problem of the code above?

SP4-Q3 Please suggest Lisa some strategies to identify her errors in the code above.




R - Q1 For tasks from Part 1 to Part 4 of LISA's day, which part includes the most challenging
task(s) for you? Please share your thoughts on potential causes for you to make that choice.

Part 1 Recognize and define sorting in a scenario. (1)

Part 2 Design a sorting plan based on a scenario. (2)

Part 3 Implement the sorting plan in a specific programming language (3)

Part 4 Rectify the errors in the implementation of the sorting plan in a specific
language. (4)

None of the above (5)

In algorithmic abstraction problem-solving, different levels require understanding and solving
problems based on the skills needed. Here are the definitions of the levels.



P-Q1 Which levels of algorithmic abstraction have you already mastered?

A. Problem Level: | understand and represent input-output examples based on a
given problem description. (1)

B. Algorithm Level: | comprehend the problem, devise a solution, and design a
step-by-step plan using clear components, executable by computers or humans. (2)

C. Program Level: | understand the problem, create a solution design, and
transform it into a written program in a specific programming language. (3)

D. Execution Level: | understand the problem, create a solution design, transform
it into a written program, review the solution by executing the program, and learn from the
process. (4)

None of the above. (5)

P-Q2 Which levels of algorithmic abstraction do you think are essential to master in your
domain?

A. Problem Level: Understand and represent input-output examples based on a
given problem description. (1)

B. Algorithm Level: Comprehend the problem, devise a solution, and design a
step-by-step plan using clear components, executable by computers or humans. (2)

C. Program Level: Understand the problem, create a solution design, and
transform it into a written program in a specific programming language. (3)

D. Execution Level: Understand the problem, create a solution design, transform
it into a written program, review the solution by executing the program, and learn from the
process. (4)

None of the above. (5)
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