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Kurzfassung

Heutzutage kommen Kinder schon früh mit Technologie und Themen aus der Informatik
in Berührung, weshalb Informatikinhalte in vielen Lehrplänen bereits früh eingeführt wird.
Umso wichtiger ist es, dass junge Lernende früh Problemlösungsstrategien entwickeln und
ermutigt werden, sich mit Informatikproblemen auseinanderzusetzen. Insbesondere in
der unteren Sekundarstufe, wo Informatikthemen in der Regel erstmals in den Lehrplan
aufgenommen werden, lohnt es sich, zu untersuchen, wie Kinder algorithmische Probleme
intuitiv lösen und wie diese Strategien als Grundlage für spätere formale Konzepte dienen
können.

Das Ziel dieser Dissertation ist es, intuitive Strategien junger Lernender im Alter zwischen
10 und 14 bei der Lösung eines algorithmischen Poblems zu identifizieren, zu untersuchen,
wie sie ihre Erkenntnisse auf ähnliche Probleme übertragen können, und zu diskutieren,
was dies für die Informatikausbildung bedeutet.

Diese Arbeit konzentriert sich auf drei verschiedene Aspekte der intuitiven algorithmi-
schen Problemlösung: (1) die Wahrnehmung des Begriffs Algorithmus, (2) die intuitiven
Problemlösungsstrategien bei einer kollaborativen Sortieraufgabe und (3) die Übertragung
von Strategien auf ähnliche Sortierprobleme.

Die erste Studie verwendet eine qualitative Inhaltsanalyse der Antworten von Kindern
auf die Frage, was sie unter einem Algorithmus verstehen. Die zweite und dritte Studie
verwenden eine qualitative Analyse von Videoaufnahmen von Lernenden im Alter von 10
bis 14 Jahren, die ohne vorherige formale Einführung eine gemeinsame Sortieraufgabe
lösen. Dabei beobachten wir ihre algorithmischen Strategien und verbinden sie mit
bekannten algorithmischen Konzepten, insbesondere Sortieralgorithmen. Die Ergebnisse
zeigen, dass alle Kinder einen dreistufigen Ansatz verfolgten, um das Sortierproblem
intuitiv zu lösen: (1) Vorbereitung der Eingabe, (2) schrittweises Sortieren der Elemente
und (3) Erstellen einer sichtbaren sortierten Ausgabe. Ihre Strategien ähnelten oft
bekannten Sortieralgorithmen wie dem Auswahlsortieren.

Darüber hinaus zeigt unsere Analyse, dass intuitive Strategien als Einstieg in das Thema
genutzt werden können und dass eine gezielte CS-Unplugged-Intervention den Lernenden
helfen kann, ihre neu erworbenen Sortierfähigkeiten auf ein ähnliches Problem zu über-
tragen. Die Kinder waren in der Lage, weniger intuitive Sortieralgorithmen wie Mergesort
und Bucketsort anzuwenden und dabei ihre bisherigen intuitiven Strategien anzupassen.
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Diese Dissertation trägt zu einem besseren Verständnis der frühen Entwicklung des
algorithmischen Denkens im Kontext der Informatikausbildung mithilfe des CS-Unplugged-
Ansatzes bei. Sie bietet eine Grundlage und Orientierung für die Gestaltung eines
altersgerechten, lernendenzentrierten Unterrichts in der zukünftigen Informatikausbildung
und zeigt, wie die ersten Intuitionen der Schüler für komplexere Konzepte genutzt werden
können.



Abstract

Today’s children come into contact with topics related to technology and computer science
from early childhood. Therefore, computer science content is covered in many school
curricula from the beginning. It is crucial to develop young learners’ problem-solving
strategies early and to encourage them to address computing problems. Especially in
lower secondary school, where computer science topics usually start finding their way
into the curriculum, it is worth investigating how children intuitively solve algorithmic
problems and how these strategies can serve as a basis for later formal concepts.

The goal of this dissertation is to identify intuitive strategies of young learners aged
between 10 and 14 when solving a computational problem, to examine how they can
transfer what they have learned to similar problems, and to explore what this means for
computer science education.

This thesis focuses on three different aspects of intuitive algorithmic problem solving: (1)
the perception of the term algorithm, (2) intuitive problem-solving strategies during a
collaborative sorting task, and (3) the transfer of strategies to similar sorting problems.

The first study uses a qualitative content analysis of children’s answers to the question of
what they think an algorithm is. The second and third studies use qualitative analysis
of video recordings of students aged 10–14 solving a collaborative sorting task without
prior formal instruction. In these, we observe their algorithmic strategies and connect
them to known algorithmic concepts and sorting algorithms. The results show that all
children followed a three-step approach to intuitively solve the sorting problem: preparing
the input, stepwise sorting of the elements, and creating a visible sorted output. Their
strategies often resembled well-known sorting algorithms such as selection sort.

Furthermore, our analysis shows that intuitive strategies can be used as an entry point
to the topic, and that a targeted CS unplugged intervention can help learners transfer
their newly acquired sorting skills to similar problems. The children were able to apply
more non-intuitive sorting algorithms such as merge sort and bucket sort, and thereby
adapt their previous intuitive strategies.

This doctoral thesis contributes to a better understanding of the early development of
algorithmic thinking in the context of computer science education. It offers a basis and
orientation for creating age-appropriate, student-centred learning in future computing
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education and demonstrates how students’ first intuitions can be leveraged for more
complex concepts.
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CHAPTER 1
Introduction

Algorithms are at the heart of Computer Science (CS), yet for many students their
first encounter with algorithmic concepts and the term algorithm itself happens not in
classrooms, but in everyday experiences, metaphors, and playful activities. The term
is often mentioned, for example in connection with social media, which influences and
limits the idea children get of the broader concept of algorithms and their role in CS.

In addition, one challenge we face as researchers and educators, is teaching core CS
concepts because they are often highly abstract and difficult to connect to children’s
everyday experiences[5]. For learners, it can therefore be difficult to see why they are
relevant and how they apply to problems they actually encounter. This includes fostering
a solid and fundamental understanding of what algorithms are and how they work.
Very early in CS education, the idea of explaining the basic concept of an algorithm
with a recipe occurs [40]. This analogy is only suited to illustrate some algorithmic
properties, such as the concept of single steps and a sequential process. Algorithms
described as simple step-by-step instructions to solve a problem [31, 59] are used in many
teaching books, both for university and K–12 education [19, 35, 37]. The recipe analogy
illustrates the concept of a sequence of steps well, but also limits the perception of other
elements such as loops and branches, as well as other properties, such as determinism
and effectiveness.

Looking at the developments in K-12 computing education in recent years, the call in our
community to teach CS to a younger audience is urgent [50, 76] as the young generation
grows up in a digital world where algorithms and AI systems shape everyday experiences,
and countries that do not invest in computing education risk increasing social inequality
and facing economic disadvantages [91]. The intention to foster ideas and abilities needed
in CS is by far not new: fostering Computational Thinking (CT) [94] and teaching CS
concepts in an explorative and creative way [7, 66] to a young audience have been part
of CS education for decades now. Approaches such as CS Unplugged [7] have shown that
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1. Introduction

playful hands-on activities can make complex CS concepts accessible without computers
and thus provide a promising setting for studying intuitive strategies for children.

What has changed since the early implementations of computing curricula in the 2000s?
We have to take into account that our world now is digitally driven and fast changing.
The exposure of children to social media starts earlier than ever, and this may also shape
their perception of the concepts of algorithms. Recent work highlights that computing
education is deeply value-laden and shaped by different rationales and traditions, and
that there is no unified way of talking about computing and algorithms [74]. The recipe
analogy never captured the richness of all algorithms’ properties. It is even more difficult
to connect it to today’s children’s experiences, as they encounter the term algorithm far
more frequently than children did at the beginning of computing education in schools.
They encounter the term in contexts such as YouTube or TikTok recommendations,
where the concept of algorithms might appear as a powerful system rather than a step-
by-step-procedure. Further considering that we do not have a formal definition of the
term algorithm that is both precise and accessible for younger children, this leaves a
tension for educators: on the one hand, the recipe analogy offers a low-threshold entry
point, but on the other hand it risks oversimplifying the concept.

The expansion of computing curricula since the 2000s, the early exposure of children
to algorithmic systems in social media and the term itself, and the ongoing debates
about Artificial Intelligence (AI) highlight the need to investigate how children actually
perceive algorithms. We do not know what the learning transfer of CS concepts for
today’s children, with their very different experiences in life, looks like. We know very
well that children learn through the connection of new experiences with existing ones [68],
but we do not know how transfer works with their daily encounters with algorithms on
social media, games, digital devices, and, of course, AI systems.

The learning of algorithmic concepts is strongly related to problem solving, in particular
also Computational Thinking (CT), as CT is widely considered as a set of problem
solving abilities. CT has become a key educational objective in CS education [39, 75],
fostering skills and abilities for problem solving, such as abstraction, pattern recognition,
evaluation, optimisation, and algorithmic thinking applied to a computational context.
With the advent of the CT movement, these skills were integrated into many school
curricula worldwide, especially in Europe. This trend reflects a global push to provide all
students with the foundational skills necessary to thrive in the 21st century [91].

Yet despite the efforts in computing education and research since the rising popularity
of CT, a significant gap remains: we know very little about how children employ
algorithmic and problem-solving strategies intuitively. As future CS education increasingly
targets a younger audience, it is essential for educators to know more about which
strategies naturally occur while solving computational problems with their own intuition.

Addressing this gap is the core aim of this dissertation. It sets the groundwork for
the design of future learning activities and teaching materials, and also opens new
pathways of future research that directly relates to children’s experiences and their
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1.1. Research Questions

natural intuition. In this way, learning transfer can become smoother, making sure that
the topics taught in CS are age-appropriate and aligned with a modern understanding
of CT and algorithmic thinking.

1.1 Research Questions

To address this research gap and gain more insight into intuitive problem-solving strategies,
this thesis focuses on the algorithmic concept of sorting. Sorting is a core element of
computing and essential part in computing education. Furthermore, it has inspired a
wide range of educational interventions, such as CS Unplugged. Sorting can easily be
demonstrated with physical objects, which allows us to observe how children approach
this specific algorithmic problem and to make their thought processes visible through
their sorting actions, but also apply to a large range of everyday actions.

In order to fully understand students’ approaches, it is necessary to consider both their
conceptual and their procedural knowledge. Conceptual knowledge refers here to how
students perceive and describe the notion of an algorithm (RQ1 and RQ2). In contrast,
procedural knowledge becomes visible in their actions when solving sorting problems
(RQ3–RQ5). Starting from the conceptual level helps us to situate students’ everyday
understandings of algorithms before we examine the intuitive strategies they apply in
practice.

The Research Questions (RQ) are guided by the motivation outlined in the introduc-
tion. The aim is to gain a deeper understanding of students’ intuitive problem-solving
strategies when encountering algorithmic sorting tasks without prior formal instruction.
Furthermore, we explore whether students can be prompted or engaged to refine their
initial approaches and to develop more efficient, abstract, or generalised solutions through
a targeted CS Unplugged activity. Therefore, this thesis is guided by the question: How
do students perceive and apply algorithmic ideas when engaging with unplugged sorting
tasks?

This question is interesting and relevant for future CS education, as its answer can provide
us with connection points for creating smooth learning transfer. However, considering all
of its facets would go beyond the scope of one dissertation. Therefore, this thesis focuses
on the specific domain of learning about algorithmic concepts and sorting problems and
investigates the following three guiding research questions.

RQ1: How do upper elementary school students describe and explain what
an algorithm is?

This preliminary question explores the perception of one of the most foundational terms
in CS, the term algorithm. Answering this question provides insights into which everyday
experiences children draw on, and how they describe the term ‘algorithm’. It allows us to
see both the notions they hold and the potential misconceptions that arise when learning
about algorithms. It is especially important to know how children perceive the term, as
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1. Introduction

they encounter it in their everyday lives already before they receive any formal instruction
in school, and how they relate such formal explanations to their own experiences.

RQ2: In what aspects do students’ conceptions of what an algorithm is
differ from established definitions?

Closely connected to the first research question, this second question focuses on the
aspects and properties that algorithms must have according to the children’s explanations
and how these differ from established definitions. The CS community itself does not agree
on a unified definition of the concept of algorithm [90]. This ambiguity is also reflected
in education, where students and teachers disagree on which procedures should count
as algorithms [11]. Answering this question provides further insight into the aspects of
everyday life and the properties children associate with the term ‘algorithm’.

While RQ1 and RQ2 focus on the perception of the term algorithm,RQ3 to RQ5 address
the students’ actual behaviour and intuitive approaches in practice while solving sorting
problems. They investigate the intuitive approaches children employ during collaborative
educational sorting interventions and transfer identical and similar CS unplugged tasks.

RQ3: What intuitive algorithmic strategies and sorting behaviours do K-12
students display when engaging in a collaborative unplugged task?

This question addresses students’ actions and intuitive approaches when solving an
unplugged sorting problem in practice. By answering this question we gain insights into
the strategies students employ naturally without having received prior formal instruction
in problem-solving or in the underlying CS concepts connected to sorting algorithms. This
provides a baseline for the subsequent research questions, as it captures the strategies
students display before an intervention.

RQ4: How do students revise their intuitive sorting strategies based on
collaboration with peers if they encounter the same sorting problem again?

Complementing RQ3, this question examines how students revise their intuitive strategies
through collaboration with peers while solving the same sorting problem again. It focuses
on the transfer that happens during collaborative work without formal instruction, asking
how much children can adapt and refine their intuitive strategies through interaction
alone. Understanding this process is important for designing future learning interventions
that build on students’ own intuition and peer collaboration.

RQ5: How do students revise their initial strategies when encountering a
similar unplugged sorting task?

With this last RQ we investigate whether and how students adapt or revise their initial
intuitive strategies when they encounter a similar, but not identical, unplugged sorting
problem. We examine the impact of a short intervention with a new instance of the
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1.2. Thesis Outline

sorting task, asking whether these experiences encourage students to adapt their prior
strategies and to develop more efficient, abstract, or collaborative solutions.

The five questions structure the overall research and are revisited in the concluding
discussion. Each empirical study addresses them in more depth.

By addressing these five research questions, this thesis makes the following contributions
to the research domain of K–12 CS education, focussing on the research field of algorithmic
problem-solving in school contexts. Specific contributions include:

• An analysis of how pupils aged 11–12 perceive the term ‘algorithm’, and which
concepts or misconceptions they show in their notion of this term.

• An explorative study of intuitive problem-solving strategies of pupils aged 10–13
shows which strategies pupils naturally employ while solving algorithmic problems
without prior instruction. A description of these strategies and their links to CS
concepts, is provided.

• An analysis of how these strategies we uncovered change when students are exposed
to a similar problem in another context. A description of the changes is provided,
as well as reasoning about the factors that influence these adaptations.

• Methodological contributions through the use of qualitative video analysis to
examine group tasks in CS education.

• Insights to the social component of collaborativesorting problem, showing how
students negotiate strategies with peers, use their own language to describe their
actions in the sorting process, and adapt their approaches through interaction with
each other.

To provide a clear structure for the reader, the following gives an outline of the thesis
and its composition. It briefly introduces each chapter and its purpose.

1.2 Thesis Outline

This section is intended to guide the reader through this thesis and the different studies
carried out throughout the dissertation project. Each chapter is briefly described, and
its value to the overall thesis is mentioned. Previous publications are clearly marked. All
included previously published work of the author is peer-reviewed.

Chapter 2: Conceptual Background. Provides the theoretical background and defi-
nitions used in the thesis, including algorithms, CT, problem-solving, and CS Unplugged,
and how the author interprets them throughout the thesis. A summary of different views
of these concepts is guided by relevant related work and positions the study within the
broader field. It also describes the relevant knowledge of the outreach workshop setting
in which the thesis studies were conducted at TU Wien Informatics eduLAB.
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1. Introduction

Chapter 3: Research Design. Describes the overall research design, which connects
the three big studies conducted between 2022 and 2025 and how they intertwine with
each other. The section offers an overview of the general participant selection and the
methods used, especially qualitative video analysis, across the studies.

Chapter 4: The Perception of What Algorithms Are. This chapter represents
the first of the three large studies we conducted during the research of this thesis. It
presents a first perception of what sixth-grade pupils aged 11 to 12 years old think an
algorithm is. Pupils highlighted different properties of algorithms, such as a step-by-step
procedure, but also repetition as a concept. Data was qualitatively analysed on the basis
of Mayring’s qualitative content analysis [56]. The results show that pupils are able to
formulate what an algorithm is in a manner strongly connected to their everyday life.
This is the first study to show how pupils describe an algorithm in a classroom setting,
which aligns with our preliminary goal of knowing how learners perceive the term, and
further describing the concept of an algorithm. We believe that our study contributes to
a wider investigation of the relationship between conceptual and procedural knowledge
of algorithms and when and how the concept is best taught. It is imperative that we not
only teach a thorough conceptual understanding of (specific) algorithms, but also discuss
the general concept of algorithms.

Chapter 4 is based on the article: “Something that Happens Each Day” - Students’
Explanations of What Algorithms Are [48].

Chapter 5: Intuitive Problem Solving Strategies. This study dives into pupils’
intuitive strategies in solving a collaborative CS Unplugged sorting task. We highlight
the algorithmic strategies that emerge during a group task and their revision through
repeated attempts. The chapter addresses RQ3 and RQ4, and using video analysis of
six groups of pupils, we identified patterns of action that resemble formal algorithmic
approaches. We discuss the implications for teaching algorithmic concepts through
unplugged activities, arguing that our findings can offer insights into how to bridge the
gap between intuitive and formal reasoning of learners.

The results of this chapter exist in a shortened version and are planned to be published.

Chapter 6: From Intuition to Algorithm: Revision of Intuitive Sorting
Strategies. This chapter addresses RQ5 by examining how pupils adapt their strategies
after a short CS Unplugged sorting intervention between the two attempts of the task
described in Chapter 5. The data consist of an additional five workshop recordings,
similar to the data collection in Chapter 5. We compared strategies before and after
the intervention, highlighting both the continuities and the transformations that took
place. The findings will contribute in two different ways: first, they allow us to observe
whether and how previously intuitive strategies become more structured or algorithmically
grounded after a short CS Unplugged intervention, targeting the same concept but in a
different application. Second, they help us understand to what extent children can adopt,
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1.3. Contributions

adapt, or critically evaluate newly introduced sorting algorithms, and how these ideas
manifest in their individual and group strategies. These strategies offer new possibilities
in future K–12 classrooms, like introducing data structures, especially arrays.

The results of this paper are original research of this thesis. We plan to publish a summary
of these results in the future.

Chapter 7: Overall Discussion. The ‘Overall Discussion’ chapter integrates the find-
ings from all studies, revisits the guiding research questions, and reflects on implications
for CS education and research methodology.

Chapter 8: Conclusion and Outlook. Summarises the main contributions of the
thesis, highlights its relevance for research and practice, and provides suggestions for
future work.

1.3 Contributions

This thesis includes a number of peer-reviewed publications. The following article is
directly included as part of the main research for the RQ1 and RQ2:

[48] Landman, Martina and Tobias Kohn. “Something that Happens Each Day” –
Students’ Explanations of What Algorithms Are. In: Proc. of the 2024 on
Innovation and Technology in Computer Science Education V. 1 (ITiCSE ’24).
ACM, 2024, pp. 199–205.

Further, while working on this thesis, the author was also involved in closely related
research and practical projects in K–12 CS education. Some of these have already been
published as independent contributions, all of them peer reviewed. These works were
published independently, yet they are strongly connected to the overall research agenda
of this thesis. Their thematic overlap and shared empirical basis increased the experience
and background knowledge of the author of this work. They both inspired the design of
the studies reported here and are, in turn, referenced in various sections of this thesis to
provide broader context and validation.

[50] Landman, M.; Rain, S.; Kovács, L.; Futschek, G. 2023. Reshaping Unplugged
Computer Science Workshops for Primary School Education. In: Informatics in
Schools. Beyond Bits and Bytes: Nurturing Informatics Intelligence in Education
(ISSEP 2023), LNCS 14296. Springer, Cham, pp. 139–151.

[92] Vielsack, A.; Landman, M. 2026. Finding the Right Balance: Facilitating the
Exploration of Sorting Strategies using 3D-Printable Weights and Scales. In: 28th
Australasian Computing Education Conference (ACE 2026), ACM, 2026.
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[51] Lehner, L.; Landman, M. 2024. Unplugged Decision Tree Learning — A Learning
Activity for Machine Learning Education in K–12. In: Creative Mathematical
Sciences Communication, LNCS 15229. Springer Nature, Cham, pp. 50–65.

[52] Lenke, M.; Lehner, L.; Landman, M. 2025. “I’m actually more interested in AI
than in Computer Science” — 12-year-olds describing their first encounter with AI.
In: 2025 IEEE Global Engineering Education Conference (EDUCON).

[81] Steinert, F.; Kummer, J.; Landman, M.; Lehner, L. 2024. From Concept to Code:
A Two-Day Workshop for Secondary Students on Computational Thinking and
Programming. Olympiads in Informatics 18, pp. 89–100.

[47] Landman, M.; Futschek, G.; Unkovic, S.; Voboril, F. 2022. Initial Learning of
Textual Programming at School: Evolution of Outreach Activities. Olympiads in
Informatics 16, pp. 43–53.

[89] Unkovic, S.; Landman, M. 2023. Supporting Non-CS Teachers with Programming
Lessons. In: 16th International Conference on Informatics in Schools: Situation,
Evolution, and Perspectives (ISSEP 2023), Local Proceedings, pp. 61–74. Zenodo.

Additionally, the thesis and its by-products, especially the designed learning interventions
and materials, were recognised by the CS education community through the following
invited articles, presentations, and workshops:

[46] Landman, M. 2024. Probleme algorithmisch lösen lernen. OCG Journal 49(1),
pp. 32–33.

[49] Landman, M.; Lehner, L. 2024. Vom Schlagwort zur Praxis: Computational
Thinking in der Theorie und im eduLAB. OCG Journal 49(4), pp. 24–26.

• Invited workshop: Unplugged Group Activities for Solving Algorithmic Problems,
IT-õpetajate ja õppejõudude suvekool, Estonia, August 2025.

• Invited workshop: Unplugged Power: Solving Computing Problems Without Com-
puters, Indian Institute of Technology Gandhinagar, India, April 2025.

• Invited colloquium talk: Algorithmen unplugged: Wie Schüler:innen sortieren,
entscheiden und Informatik entdecken, University of Cologne, January 2025.

• Invited workshop: Algorithmen unplugged: Wie Schüler:innen sortieren, entscheiden
und Informatik entdecken, Informatiktag STIU, ETH Zürich, June 2023.

• Workshop at conference: Computational Thinking in Teacher Education, World
Conference on Computers in Education (WCCE), Hiroshima, Japan, August 2022.

The work on this dissertation was supported and further acknowledged through the
following scholarships and awards:
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• Scholarship: ‘netidee’, Austria’s Internet Foundation — Grant to support the
research in this doctoral project (11/2024).

• Award: ‘Outstanding Student Presentation Award’ - for presenting “Reshaping
Unplugged Computer Science Workshops for Primary School Education” [50] — at
the International Conference on Informatics in Schools (ISSEP 2023), 10/2023.
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CHAPTER 2
Conceptual Background

This chapter briefly introduces the most important terms, concepts and models, related
work, and background information on the setting of this research. Firstly, we will explain
what is meant by the term algorithm, how Computational Thinking (CT) is used and
understood, some ideas from problem-solving and learning theories, and finally why CS
Unplugged plays a role here. We will explore the background of these terms and how we
understand and use them throughout this thesis. These overviews are not full reviews.
They provide enough context to understand the later analysis.

Secondly, we will give insights into the TU Wien Informatics eduLAB, the outreach
programme that was the setting in which the main studies from Chapters 4–6 were
carried out.

2.1 Key Concepts

Our work uses specific CS Unplugged-inspired learning activities, focused on sorting and
further on the general understanding of the concept algorithm. To fully understand the
outcome of our research, we first give an overview of the concepts used and the didactical
approach behind them. We also address the general problem of what an algorithm
actually is as there is no consensus among experts. In particular, we discuss three key
concepts that are central for this thesis: how algorithms are defined and understood, how
CT is conceptualised, and why CS Unplugged plays a role in this research.

2.1.1 Algorithms

We come into contact with algorithms every day; it is a term that students usually
encounter in their everyday lives even before a formal introduction to school. As in
Computer Science (CS) education, one goal is to teach algorithmic concepts, we first need
to know what we as researchers and educators understand by this term. Interestingly,
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there is no consensus on how to define the the term algorithm with all its properties
in CS. It is an ongoing discussion in our field [90], as as intuitive notions of algorithms
are often used in practice. Working in the field of CS does not require a standardised
definition, as a working definition or notion is usually enough in practical applications
and work in CS.

What has become increasingly important in recent years, and suggests building a proper
definition of the term, is the growing field of Artificial Intelligence (AI). The urgency
of a precise definition arises from the current prevalence in the media, which makes it
increasingly important to define the term algorithm [54]. Policymakers are currently
working to develop standards for the evaluation and audit of algorithms in the field of
AI, but there is likely to be disagreement about what constitutes an algorithm [54].

Source Definition

Hetland “An algorithm is a procedure, consisting of a finite set of steps, possibly
including loops and conditionals, that solves a given problem. A Turing
machine is a formal description of exactly what problem an algorithm
solves [...].” [35]

Hromkovic “An algorithm for solving a task is a description of a procedure that
leads to the solution of the task. The description consists of a sequence
of instructions that can be executed by anyone[...].” [translated] [37]

Grover & Pea “Algorithms are precise step-by-step plans or procedures to meet an
end goal or to solve a problem; algorithmic thinking is the skill involved
in developing an algorithm.” [31]

Cormen “Informally, an algorithm is any well-defined computational procedure
that takes some value, or set of values, as input and produces some
value, or set of values, as output. An algorithm is thus a sequence of
computational steps that transform the input into the output. We can
also view an algorithm as a tool for solving a well-specified computational
problem. The statement of the problem specifies in general terms the
desired input/output relationship. The algorithm describes a specific
computational procedure for achieving that input/output relationship.”
[19]

Merriam-Webster
Dictionary

“a step-by-step procedure for solving a problem or accomplishing some
end” [59]

Herold “An algorithm can be understood as a set of instructions, which can be
executed by a mechanical or electronical working device, or also by a
human.” [translated] [34]

Gumm “An algorithm is a detailed and explicit instruction to a stepwise solution
of a problem.” [translated] [32]

Table 2.1: Selection of different algorithm definitions from common teaching books, some
translated to English.

This disagreement is also reflected in the definitions used in textbooks and research
(Table 2.1). While some definitions highlight formal properties such as finiteness, definite-
ness, and input–output relations [19, 35, 37], others describe algorithms more generally
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as step-by-step instructions or everyday processes [31, 32, 34, 59].

When we refer to the term algorithm throughout this thesis, we generally follow the
definition by Knuth [41]. Knuth managed to define the term in a very precise way,
while still allowing a more practical description such as a step-by-step procedure or even
the recipe analogy (Table 2.2). He formulates five clear features that must be fulfilled
in order to decide whether something can be called an algorithm: (1) finiteness, (2)
definiteness, (3) input, (4) output, and (5) effectiveness, with their respective details
explained in Table 2.2.

Feature Description

Finiteness The algorithm must always terminate after a finite number of steps.

Definiteness Each step of an algorithm must be precisely and unambiguously
defined.

Input An algorithm has zero or more inputs provided before or during
execution.

Output An algorithm has one or more outputs that are related to the input
in a specific way.

Effectiveness Each operation is basic enough to be carried out exactly and in a
finite time, by a human or machine.

Table 2.2: Knuth’s five defining features of an algorithm [41]

In fact, from a historical and etymological perspective, the term algorithm derives from
the name of the Persian mathematician al-Khwārizmı̄ [24, 41, 20], whose name appears
in mediaeval Latin sources as Algorizmi. Al-Khwārizmı̄ was named, as was typical at
the time, after his place of origin, Khwarazm, an oasis region located between today’s
Uzbekistan and Turkmenistan. Al-Khwārizmı̄ did not invent the concept of algorithms,
but his way of systematically writing algebraic calculations as stepwise instructions made
his work influential and comparatively easy to learn and therefore widely accessible in
Europe. Over time, his name was Latinised and later generalised to refer to a rule-based
technique of calculation [96].

Considering the history of the term and the procedure behind it shows that algorithms
have existed for a much longer time than computers. This contributes to a modern
interpretation of the term algorithm in which it is not necessarily tied to execution on a
computer or to a computer program. Instead, it refers more generally to the idea of the
unambiguous interpretability of a procedure.

2.1.2 Computational Thinking and Problem-Solving

CT is a widely used but also highly debated term [39, 87, 74]. The roots of its idea can
be seen in Seymour Papert’s Mindstorms [66], while Jeannette Wing’s article in 2006 [94]
made the term popular and highly visible. Both stressed that CS education is not just
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about programming, but about fundamental ways of solving problems where a special
way of thinking is needed. Wing describes this as “Thinking like a computer scientist”,
which includes more than just being able to programme [94].

Since then, many definitions have been suggested, and there is still no single agreement
(e.g. [75, 30, 65]). Selby and Woollard [75] compared definitions and listed five cognitive
processes that are usually mentioned: abstraction, decomposition, algorithmic thinking,
evaluation, and generalisation. These highlight that CT is often described as a set of
problem-solving skills.

Kafai et al. [39] remind us that CT can be framed differently: as a set of cognitive skills,
as situated practice in communities, or as a critical perspective on society and power
structures. Our short interventions mainly address the cognitive frame, although we keep
in mind that CT also has social and cultural dimensions. The Hybrid Interaction System
(HIS) model by Schulte and Budde [73] highlights these social dimensions: The model
aims to conceptualise the interaction between humans and technological aspects. Guzdial
et al. [33] even argue that for children “computational thinking is just thinking.”

Other authors raise a more methodological concern: Nelson and Ko [63] suggest that we
need domain-specific theories to avoid overloading our research with vague theoretical
frameworks. This is also important for our work, as we focus on algorithmic problem-
solving in a very concrete setting.

The different views about CT can be located in a spectrum of narrow and broad
applicability as it has been discussed by Curzon et al. [20]. At the narrow end CT
aligns closely with learning how to program, therefore focussing on developing solutions
intended to be executed by a computer or a machine. At the broad end of the spectrum
CT is considered to be a general problem-solving skill, useful for all disciplines and not
limited to CS. Curzon et al. suggest that it is best to stay in the middle of the spectrum
beside personal preferences. This aligns with our work in this thesis as the pupils act as
computational agents executing a computational problem applied to the real world with
our unplugged card sorting task.

A further challenge is the assessment of CT. Attempts such as Bebras tasks or smaller
tools [21, 53] exist, but there is no consensus on how to measure progress in CT skills.
This makes it difficult to judge the success of interventions.

For this thesis, we therefore view CT as a broad idea, mainly as a set of different
problem-solving skills solving computational problems. The ability to develop, adapt,
and reflect on strategies to solve a problem is central and is exactly what we investigate
in our studies.

2.1.3 CS Unplugged

The CS Unplugged approach can be defined quite simply as learning about CS without
using computers [10]. It is a collection of activities that explain concepts such as
algorithms, data representation, or sorting without relying on digital devices, nor needing
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prior programming education. The idea of a low-threshold entry into CS is not entirely
new, but has gained much attention with the rise of the CT movement. One example
is the interactive Abenteuer Informatik exhibition, which uses a wide range of haptic
materials to make core CS ideas tangible [28]. This constructivist approach emphasises
that students should explore the principles themselves rather than only having them
explained by an instructor [8].

(1) Explorative and open-ended tasks in context of CS Unplugged can enhance CT skills,
such as abstraction, decomposition and generalisation[18]. In particular, they create
situations where problem-solving becomes central. (2) Further, learning through actions
with physical objects, such as CS unplugged, relates to the enactive layer and therefore
provides the foundation for the first step of learning [14]. Research in mathematics
education shows that manipulatives, which are hands-on objects and tools to make
abstract mathematical concepts tangible and easier to understand, can enhance abstract
thinking [16]. (3) At the same time, these benefits require careful design, because if tasks
are too open-ended they may risk causing cognitive overload and hinder learning [82].
The need to find the right amount of instruction when guiding CS Unplugged activity is
crucial [16]. Therefore, our activities are designed to always include at least a supportive
tutor, who can provide hints and guidance. They are structured to remain short-cycled
in order to avoid long phases of frustration.

(4) Another important aspect of unplugged activities is that they reduce barriers to entry.
In traditional programming courses, prior knowledge of a programming language can be
a major obstacle [8]. In contrast, unplugged tasks start with everyday actions, stories,
and physical materials, making them accessible to a much wider audience. This low
entry point also reduces the risk of mental overload, which, according to the principles of
Cognitive Load Theory (CLT), should be an important goal in educational design [83].

Taking the four described aspects above together, they show that CS Unplugged activities
(1) foster central CT skills such as abstraction and decomposition, (2) provide a hands-on
entry that connects to fundamental learning processes, (3) can balance openness with
the need for guidance to avoid overload, and (4) lower barriers to entry by building on
everyday experiences. For these reasons, they form a promising context for investigating
how students approach algorithmic sorting problems.

2.2 Teaching Sorting in Practice

This section gives an overview on how CS Unplugged is realised in practical applications.
We will introduce existing unplugged sorting activities, and how they are applied in
learning settings, such as the TU Wien Informatics eduLAB.

We used the setting of TU Wien Informatics eduLAB to serve as the base of our research
and learning interventions. The eduLAB follows common third-mission traditions that can
also be found in the international CS community, aiming to foster early interest, broaden
participation, and address challenges such as gender imbalances and inclusion [57, 71, 64].
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It also offers a space for experimentation and for studying how learners engage with
computing concepts outside formal classrooms [48], making it suitable for research with
learners aged 7 to 19.

Sorting depending on the setting of the activity and the age group can mean both
classifying and ordering. In this thesis when we refer to sorting we mean ordering a set
in an ascending or descending order.

2.2.1 Sorting in CS Unplugged

Sorting is a central algorithmic problem and therefore a common theme in CS Unplugged
activities. Various approaches, such as balance scales, sorting networks and sorting cards
have been designed to make the concept of sorting tangible. Each approach has its
own strengths, depending on which aspect of sorting the intervention focuses on. In the
following sections we explain three well-known CS Unplugged sorting approaches and
how they are implemented in practice.

Sorting Networks

Sorting networks are a great opportunity to make sorting visible. They are well-known
by CS Unplugged enthusiasts and in the official material collection [10], as well as in
the Abenteuer Informatik book and exhibition [28]. The official CS Unplugged website 1

offers a variety of prepared teaching lessons and printables, targeting age groups from
4 to 14 year-old learners using sorting networks. The idea of a sorting network is to
visualise all comparison operations for sorting a range of sortable items. The eduLAB
hosts the Abenteuer Informatik exhibition in their entrance hall and therefore has a
sorting network printed on the floor, big enough to sort people (Figure 2.1). Our example
focuses on a sorting network for the size of six sorting items, as this is the size used in
Abenteuer Informatik, but the idea is adaptable to any size [85].

The sorting process with the sorting network presented in Figure 2.1 starts with six
sortable items placed in the orange squares of the network. In each step, the elements
follow a line into a black ellipse. The ellipse stands for a binary comparison between the
two items in them – the larger item follows e.g. the blue line, the smaller item the other
one. When all items are in a green square at the end, the algorithm ends and the items
are sorted.

This can be done with pen and paper, objects on a printed sorting networks, or learners
experiencing sorting through acting as sortable items by walking through a big sorting
network [50]. For this purpose, the learners step into the orange squares (Figure 2.1).

Balance Scales

While a parallel sorting network visualises parallelisation and algorithmic step-by-step
procedures which the learners have to follow showing the concept of pairwise comparisons

1CS Unplugged: https://www.csunplugged.org/en/resources/sorting-network/
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Figure 2.1: Diagram of a sorting network as it is used in Abenteuer Informatik (left) and
the implementation of it on the floor in the entrance hall of TU Wien Informatics during
an eduLAB school workshop (right, ©Amélie Chapalain).

like a computer would compare, they are not meant to teach or conceptualise classical
sorting algorithms. For this purpose the CS Unplugged approach of using a balance scale
to compare weights can be beneficial [10].

The balance scale fulfils the role of the comparator being able to only compare two items.
The weights are the items to be sorted. The key idea behind the weights is that learners
do not know which element is the smallest/lightest or largest/heaviest right away by
looking at it. The different weights should be of the same size and differ only marginally
in mass so the learners cannot feel the difference easily. This results in the need of the
scale, and also the need of an algorithmic concept on how to find the lightest or heaviest
element.

The scale can be used in an enactive and explorative way to find the lightest or heaviest
element [10], but also in a demonstrative way of visualising each step of a specific sorting
algorithm [28].

Cards

Using cards to sort is an easy way to make the sortable items tangible and moveable.
For example, cards can be easily arranged on a table and arranged in different structures
as stacks and arrays, e.g. by laying the cards out on the table in a list or as a card stack.
While using cards with sortable entities written or drawn on them and arranging them
in a sorted list or stack are closest to how sortable items are organised in a computer.
Therefore, they offer a good visualisation of the data to be sorted.

They are also very low-cost and easy self-made through printing or crafting. The items
that are displayed on the cards can be varied easily and adapt to the learners prior
knowledge, e.g. using animals in different sizes instead of numbers for very young learners
who are not comfortable yet with numbers [50], or using playing cards, e.g. from ace to
king [79].
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Figure 2.2: A group of children using the balance scale during an eduLAB intervention,
using the adapted materials from the Abenteuer Informatik exhibition.

Connections Between Approaches

These three approaches illustrate how sorting can be addressed from different perspec-
tives in CS Unplugged. Sorting networks highlight step-by-step procedures and make
parallelisation visible, while balance scales highlight the binary nature of comparisons and
the necessity of algorithmic strategies to identify minima or maxima. Cards, in contrast,
provide a highly flexible medium that can be adapted to different age groups, different
kinds of sortable attributes, and allow the modelling of classical sorting algorithms in
practice.

What these approaches have in common is that they make the limited operations of
a computer tangible. Humans can compare and arrange several items at once while
sorting and often use multiple attributes such as colour, size or value simultaneously.
In contrast, a computer can only perform pairwise comparisons and needs repeated
step-by-step procedures to address additional attributes. Humans swap items seamlessly,
while a computer requires a temporary placeholder, which adds an extra step to the
algorithm [79]. The challenge in unplugged sorting activities is therefore to encourage
learners to adopt a computer’s perspective rather than relying on their own intuitive and
natural strategies.

Carefully designed materials, such as balance scales, sorting networks, and cards, enable
learners to experience different aspects of sorting in the way that a computer sorts data
items. They offer opportunities for discovery learning as well as guided learning sessions,
in action, and to connect their experiences with the algorithmic strategies computers
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apply when sorting data.

2.2.2 Computer Science Education in the eduLAB

To better understand how CS Unplugged can be applied in practice, and how studies
can be carried out in the eduLAB, we provide a short overview of how the eduLAB is
organised and what it has to offer.

All people affiliated with the eduLAB are members of TU Wien Informatics. All activities
are organised by CS education researchers, including PhD students. Together with
interested undergraduate CS students (i.e. tutors), we organise school workshops and
coding camps, participate in events like exhibitions, and organise special school events
and cooperations, including creating new special curricula in schools. We mainly target
school pupils aged 7–18, but also offer teacher training and workshops, as well as academic
talks and workshops.

Most of the audience we reach are school pupils. They visit eduLAB workshops during
their school hours, organised by their school teachers in the facilities of our faculty. In
the past four years, the eduLAB has grown fast, and we can look back on the attendance
over 3 400 pupils in 2024 and more than 100 adults, including teachers and parents.

Designing Learning Activities

The heart of the eduLAB are our self-created CS workshops, heavily inspired by CS
Unplugged activities [7] and the Abenteuer Informatik (engl: Adventure Informatics)
exhibition, an interactive exhibition using many CS Unplugged ideas [28]. The exhibition
is permanently hosted in our faculty’s building and is accessible to the public. Due to the
demand for guided tours through the exhibition, we started to run workshops based on
specific exhibits. These workshops were initially only aimed at secondary school students
and were funded by the faculty. As the programme became more popular, we expanded
it to primary schools, funded by “Let us empower Austria” (LEA).

The workshops we host show the possible practical applications of the CS Unplugged
approach mentioned in Section 2.1.3: engaging workshops for all ages, teaching CS
concepts with a low entry threshold.

Topics in regularly hosted eduLAB workshops are:

• Algorithms. The eduLAB offers the Algorithm workshop for three different age
groups: primary school (aged 7–10), middle school (aged 10–14), and high school
(aged 14–18). It explores what an algorithm is, with interactive CS Unplugged
activities using different algorithmic concepts, starting from simple step-by-step
solutions for open-ended creative tasks to find, e.g., a path out of a maze.

• Codes. This workshop explores what encoding and decoding information means.
The idea of binary codes is explored via a pantomime game, and also with learning
activities using 3D-printed sticks representing one bit.
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Figure 2.3: Two CS Unplugged activities created in the eduLAB using 3D-printed binary
sticks in two ways: using them to code binary information in the coding workshop (left)
and building a decision tree using them as paths to make binary decisions in our AI
workshop (right). Picture: ©Anja Rott | TU Wien Informatics eduLAB

.

• Decision Tree Learning. This workshop explores the mathematics behind
machine learning, completely unplugged. We evaluated the change in students’
self-assessment about AI and machine learning. We found that there was a positive
effect directly after students participated in the unplugged workshop [51].

• Programming. Once a year the eduLAB organises a summer coding camp for
young students aged 10–14, using block- and text-based programming languages. We
also supported teachers in online programming lessons with no or little programming
experience to supplement their CS lessons [89, 47].

Besides school workshops, we also offer teacher training [89] and coding camps, as well
as special coding activities and courses [47]. Further, we have several larger cooperations
with schools with yearly events. One example is a two-day workshop intervention with
approximately 150 pupils of grade 7 (aged 11–12). Cooperations like this are ideal as a
research setting, as we have access to many participants at once. Therefore, this event is
always used to test newly created activities, evaluate their significance [81], or gain more
insights into certain topics about CS [48, 52]. For example, one of the big studies of this
thesis, exploring pupils’ perception of the term algorithm, was conducted during one of
these cooperations [48]. New topics like AI were also explored. We explored pupils’ first
encounter with AI [52].

The Algorithm Workshop

The Algorithm Workshop is the main setting of this thesis research. Since its first
inception, the Workshop undergoes regular improvements and adaptions as part of the
daily work in the eduLAB. This process generally follows a Design-Based Research
(DBR)-inspired approach, although without an explicit aim of scientific methodology or
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validity. The experience of conducting the workshop leads to ideas and insights on how
to improve the various activities.

DBR as an established methodology typically consists of iterative cyclic steps, in this
case: (1) (re)design, (2) implement and (3) analyse [58]. We (1) redesign existing eduLAB
interventions and materials, (2) implement them through the eduLAB workshops, and
(3) analyse the pros and cons of the interventions and materials through cyclic reflection
rounds of tutors or student feedback, as well as observations. In contrast to full DBR
our improvements lack the necessary documentation or grounding in theory[6].

In addition to their outreach function, the workshops also provide undergraduate tutors
with an opportunity to gain real-life teaching experience. They reflect on their observation
and try out new approaches with as low a threshold as possible, leading to a less-scientific
and more teaching-oriented variant of DBR.

While improving the workshop itself serves as a training ground for teaching undergraduate
students, this thesis focuses on a different approach of scientific analysis. For this purpose,
we separated out a specific activity, namely that of sorting cards. We saw the potential
of making thought processes visible during a sorting intervention. We excluded it from
the usual cycles of other activities and refined it to be suitable as a learning intervention
but also as a research instrument.

In general the workshop consists of several shorter CS Unplugged activities using an
explorative approach, with a focus on the following algorithms and concepts:

• sorting, parallelisation and optimisation

• scheduling algorithms

• algorithmic elements (such as single steps, sequences, decisions and loops)

• shortest path

The workshop is usually 90 minutes long and is aimed at students aged 10–14. Besides this
dissertation project, we further developed a smilar workshop together with the workshop
tutors targeting the age group 14–18, and also for primary school aged 7–10 [50].

The sorting card activity serves as the entry activity in the Algorithm Workshop and
therefore is not affected by the other activities of the workshop. It also acts as the research
instrument of this thesis: an activity to learn about the concept of Divide-and-conquer
while sorting cards. The original idea was to use this activity as a connection for a
further discussion about the divide-and-conquer concept and parallelisation. The task
explanation was simple for a group of 4–5 students: sort the entire deck of cards as
quickly as possible.

Beginning in 2022, we saw the potential of using this activity as an instrument to observe
problem-solving because of the open-ended task, its exploratory character, and sorting.
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Figure 2.4: The original Ligretto card game (left) and the newly designed sorting cards
with their four different backs and fronts (right).

The original activity used cards from an existing card game called ‘Ligretto’2. The rules
of the game are not important for the idea of the sorting task. To explain the structure
of the card deck in the game, it is important to know that it is intended for four players.
Each player plays with a deck, each with a different back colour, that contains 40 cards.
The fronts also have four different colours, each colour with sequential numbers from one
to ten (Figure 2.4, left).

The first time we redesigned the task to address a younger audience was in 2022, when
we created our first primary school workshop [50]. We successfully reduced the mental
load and the needed prior knowledge so children from age seven onwards are able to
experience this workshop. We reduced the tasks complexity through only using one back
colour deck in the first round, only adding another back colour deck in the second round.
We also increased the training time through a third round to give the children more time
to get used to the material.

However, in our pilot video studies the computational problems this task addressed
were limited because it was impossible to observe applied sorting algorithms using only
numbers 1–10, especially with students aged 10+. Specific sorting operations, such as
comparisons and how to find and choose the next element, were not visible.

As a result, we designed and produced set of cards inspired by the original card game.
We kept the colour system the same, four different back colours, each with four different
front colours, but increased the number of cards for each front colour sub-deck. The
reasons were as follows.

• Instead of sequential numbers we used random numbers, a specific set of 20 cards out
of the numbers 10 to 99. This should ensure that the students do not automatically
know which number is the lowest and the highest, and which number is the next
one. They have to find a strategy.

2https://www.schmidtspiele-shop.de/kartenspiele/ligretto
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• The specific set of 20 random numbers is unique for each front colour sub-deck. This
should ensure that the students do not remember the specific numbers in repeated
sorting attempts. This results in having 16 different sets of random numbers.

• Increasing the number of cards for each front colour sub-deck from 10 cards to 20
cards should trigger a card organisation strategy. It also increases the chance to
observe a searching strategy and how they compare numbers with each other.

The final version of the task is described in more detail in Section 5.3.

In general, students enjoy eduLAB workshops and we get good feedback, including a rise
in interest in CS [81, 50].

2.3 Learning Principles

In the literature, we find several learning theories that support our eduLAB hands-on
approach as well as our explorative and open-ended learning activities. For example, when
redesigning workshop tasks for younger or older students [50], we kept the underlying
objectives but adapted the level of complexity.

This idea is strongly related to Spiral Curriculum [15], suggesting that central concepts
can be revisited at different ages and with increasing levels of complexity.

Collaborative open-ended tasks are also linked to Zone of Proximal Development (ZPD),
defined as the distance between what a learner can achieve independently and what can
be reached with guidance or support from others [93]. In our workshops, and especially
in the card-sorting activity, this concept is visible when hints from peers or minimal tutor
support help students to take the next step in their problem-solving process.

Furthermore, experiential learning [43] is addressed through our exploratory setting,
which builds on existing experiences as a source for learning new concepts. In this context,
CS Unplugged reflects Dewey’s pedagogical principle of learning by doing [22], as it
connects new knowledge to hands-on practical experiences.

The underlying explorative approach also aligns with constructivism, where new knowledge
is actively created by the learners based on their prior experiences [68]. In our CS
Unplugged activities, this is reflected in how learners test and develop their own solution
ideas.
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CHAPTER 3
Research Design

We designed the research of this doctoral thesis in three main studies, all of which were
carried out between September 2022 and June 2025. The first study covers RQ1 and RQ2,
the second study RQ3 and RQ4, and the third study covers RQ5. While we discuss the
studies together and compare their results, each chapter can stand alone and therefore
has an own conclusion section.

In this chapter, we elaborate on the details about how the three main studies are
connected, who was involved, and how the methodology of the studies fits into the big
picture of this thesis. The detailed methodology for each study is described in their
respective chapters (Chapters 4-6).

3.1 Overview of the Three Studies

The three main studies are structured in a way that they focus on different levels of
research: first, exploring the starting point of students’ perceptions, second, observing
their intuitive strategies in action, and finally, examining how these strategies can change
through learning transfer. In this sense, the sequence moves from what learners bring
with them to what they actually do and to how they adapt when guided by interventions.

The Basis. The first study lays the ground for the following two studies, since we
focus on the perception of the term algorithm, which mainly reflects students’ conceptual
knowledge. To be able to answer the main research question, we first need to find out
how children perceive the term. We let students write down their definition of the
term algorithm in their own words. Using a qualitative content analysis [56] of short
written explanations, we gained insight into everyday interpretations and associations.
This was important for RQ1, as it shows the background knowledge and mental models
that learners bring with them into our workshops, and also leads to insights about
misconceptions.
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Figure 3.1: Overview of the process to conduct the 3 main studies guiding this thesis.

The Strategies. The second study moved from perceptions to actions. Here, we
analysed how students intuitively solved the unplugged card-sorting task in small groups,
which gave us insights into their procedural knowledge. The activity was open-ended
and students had to develop their own strategies without intervention. Using qualitative
video analysis, we observed individual approaches and collaborative processes, helping us
to answer RQ3 and RQ4. These observations provided a detailed picture of the strategies
and difficulties that naturally emerge.

The Transfer. The third study extended this perspective by adding an intervention
between the two sorting rounds of the unplugged card-sorting task from the previous
study. After a short intervention phase in which sorting algorithms were introduced,
the students then continued with the second round of the sorting task. This allowed
us to compare their strategies before and after this intervention, and to study how this
influenced their approaches. The focus lies on RQ5.

3.2 Overall Methodological Approach

3.2.1 Preliminaries and Preparation

In 2022, the first pilot workshops and test recordings were carried out. These early trials
showed that the original card game we wanted to use was not suitable for our purpose:
with only sequential numbers from 1–10, the sorting process was almost trivial and
strategies were hardly observable. Based on these insights, we developed a new card deck,
increasing complexity and randomness so that students needed to make actual choices
and comparisons. In the same way, the technical setup was tested and refined. Recording
from a bird’s-eye view turned out to be the best compromise between anonymity and
observation of actions. These pilots shaped the design in a cyclical way: after every round,
material and setup were adjusted and then tested again. This iterative preparation was
important to create the ideal recording setup. The final recording setup included the
camera on a stand attached to the table, from a bird’s-eye perspective, and separating the
groups with a mobile felt poster board to reduce background noise during the recordings
(Figure 3.2).
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Figure 3.2: The camera setup for the video recordings showing the camera stand and the
bird’s-eye perspective, both before and during the recordings. Picture: own photo, TU
Wien Informatics eduLAB.

3.2.2 Qualitative Approaches

The overall project followed a qualitative orientation. If the goal is to understand how
students develop algorithmic strategies, measuring speed or accuracy alone would never
be enough. Interviews or questionnaires after the workshop could only capture what
students remembered or decided to tell. We were interested in their actual actions: the
moments when they hesitated, when they invented a plan, when a mistake led to a
discussion. For this reason, qualitative methods, and especially video analysis, were
the only way to capture the processes in sufficient detail. In this sense, the project
is exploratory: it aims to describe and interpret naturally occurring strategies in an
unplugged setting, not to prove predefined hypotheses.

3.2.3 Age Group

The participants were mainly between 10 and 14 years old. This choice was guided
by both practical access and theoretical reasons. Practically, the TU Wien TU Wien
Informatics eduLAB workshops are very popular with school classes in this age range, so
we could recruit more than 300 participants across all three studies, and even more who
gave us their consent to participate. Overall, we analysed 58 students’ answers in our first
study, and analysed 44 participants in 11 videos in our second and third study. Moreover,
this age group is particularly interesting: it is the time when children already bring rich
everyday experiences with algorithms (from games, social media, daily routines), but
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before formal algorithm teaching really begins in their curriculum. With younger pupils,
many concepts would have been to be simplified so much that complex strategies were
rarely visible. With older pupils, on the other hand, we would already have seen formal
school knowledge rather than their first intuitive approaches.

3.2.4 Ethics, Consent and Data Protection

Working with minors required careful preparation on ethics and data protection. Since
we planned to record videos of the workshops, we developed a consent procedure that
was clear and transparent for both children and their parents. Participation in the study
was voluntary and only children with a signed consent form were recorded. Others could
still participate in the workshop, but were not filmed. The study design, including the
consent forms, was reviewed and approved by the Ethics Committee of TU Wien. The
camera setup was also chosen with privacy in mind: the bird’s-eye perspective allowed us
to observe the problem-solving processes while ensuring that faces were not visible.

Access to the recorded data was restricted to the research team and supervised student
assistants directly involved in the analysis. Videos were stored on secured university
servers with password protection and were not shared with teachers or external parties.
According to the consent procedure, participants and their parents could withdraw
their consent at any time without giving reasons, in which case all related data were
deleted. The videos are retained only for the duration of the project and deleted after
the completion of the dissertation and related publications, in accordance with the
university’s data protection guidelines.

3.2.5 Methodological Orientation

The methodological choices in this thesis can be summarised in three strands:

• Qualitative Content Analysis (QCA). In the first study, students’ written
answers about the term algorithm were analysed using qualitative content analysis
[56]. This allowed us to identify recurring themes and everyday conceptions without
imposing predefined categories.

• Qualitative Video Analysis. In the later studies, the focus was on group work
during the sorting task. Here we used qualitative video analysis, inspired by
the Documentary Method [12] and Thematic Analysis (TA) [13]. The analysis
proceeded in cycles: first descriptive coding of visible actions, then interpretative
steps to understand the strategies behind them. Coding was done collaboratively
in a team to ensure consistency.

• Cyclical Refinement. The research instrument (i.e. the card sorting activity)
was iteratively developed before the start of the data collection (see Section 2.2.2
and Chapter 5). The cards, acitivity schedule, and coding schemes for later analysis
were revised in several pilot phases and first analyses. Through discussions in
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reflective rounds after the pilot sessions we adjusted the activity. Additionally as
a side effect, the project produced high-quality unplugged activities that are now
used in outreach and teaching.

3.2.6 Connecting Research Design and Research Questions

Taken together, the overall research design aligns closely with the three main research
questions. Study 1 explored how students perceive the term algorithm (RQ1 and RQ2).
Study 2 examined how students intuitively solved the sorting task without guidance
(RQ3 and RQ4). Study 3 added an intervention and asked how strategies developed
when a similar problem was encountered again (RQ5).

The cyclical nature of the preparation and the combination of different qualitative
methods ensured that each study built on the previous one. From initial conceptions,
to observed actions, to strategy change under guidance, the design of this project was
meant to provide a coherent picture of how children deal with algorithmic problems.
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CHAPTER 4
The Perception of What

Algorithms Are

This chapter is based on article [48]:

M. Landman and T. Kohn: “Something That happens each day” - students’ ex-
planations of what algorithms are, in Proceedings of the 2024 on Innovation and
Technology in Computer Science Education V. 1 (M. Monga, V. Lonati, E. Barend-
sen, J. Sheard, and J. Paterson, eds.), ACM Digital Library, (Milan, Italy), pp.
199–205, Association for Computing Machinery, 2024.

4.1 Introduction

The concept of algorithms is at the very core of computer science [41]. Yet, good
definitions or explanations remain elusive to the extent where many courses introduce
the concept by example and leave it at preliminary, often somewhat vague, working
definitions. In the public discourse the term ‘algorithm’ also finds increasing popularity
but with a somewhat different meaning [60]. This is reflected to a certain degree in our
observations during outreach activities that many pupils answer that they know the term
because of the ‘⟨insert-random-social-media-platform⟩ algorithm’.

Our K-12 outreach activities are based on CS Unplugged [7] and run with the aim
of increasing the pupils’ understanding of computational thinking and algorithmics.
However, although various algorithms are at the core of the activities, the concept is
usually not formally defined or introduced. We often observe that some of our tutors
choose to discuss the concept with the pupils. Particularly given the highly abstract
nature of the algorithm-concept, it is not clear what notion of ‘algorithm’ pupils actually
have in their minds.
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During a two-day outreach activity we therefore ran a ‘competition’ asking the pupils
to give their best shot at concisely explaining what an algorithm is. The students
were allowed to both write or draw a picture on a small card. We then analysed these
58 explanations and definitions and present our findings in this paper. The study presents
a first snapshot of what 6th grade pupils (age 11–12 years) from a single school think
what an ‘algorithm’ actually is. To the best of our knowledge it is one of the first studies
to explicitly look at K-12 students’ understanding of the algorithm-concept itself.

Our study was guided by the following two research questions:

RQ1 How do upper elementary school students describe and explain what an algorithm
is?

RQ2 In what aspects do students’ conceptions of what an algorithm is differ from
established definitions?

Mostly in line with the canonical analogue of a ‘cooking recipe’ we found that students
highlighted step-by-step execution as well as the fixed or predefined nature of an algorithm.
Additionally, most students mentioned repetition as a key concept and showed some
uncertainty concerning who would execute an algorithm. Even though many students
also mentioned the problem-solving aspect of algorithms, few considered finiteness.

Given the prominent role of algorithms in computer science, we believe that our study
contributes to a wider investigation of the relationship between conceptual and procedural
knowledge of algorithms (i.e. being able to formulate what an algorithm is versus working
with algorithms), as well as when and how the concept is best taught. After all, the recent
rise of AI has led to a public awareness of and discourse about algorithms that clearly
requires a thorough conceptual understanding of what an algorithm is, its possibilities
and its limitations.

4.2 Background

4.2.1 Related Work

The concepts of computation and algorithms clearly lie at the heart of computer science
[41, 61]. In computer science education, there has recently been an increasingly strong
emphasis on ‘computational thinking’ (CT) [94]—a term that has replaced the earlier
‘algorithmic thinking’ [27, 55] and is based on a broad view of computation that includes
‘algorithms’ as one of its key concepts [55, 75].

There has also been a growing awareness that the underlying model of computation is
of paramount importance for a proper definition and conception of computation and
algorithms [1, 42]. In the context of programming, this has been discussed for some
time with the idea of the ‘notional machine’ [23, 25], although this concept has not been
widely adopted or applied to computation and algorithms in general so far.
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Correctly expressing or representing algorithms is a non-trivial task. Students generally
seem to lack an understanding of algorithms [27]. With the difficulty of learning to
program to begin with, it usually requires a lot of time and training before students are
capable of implementing algorithms as computer programs. The CS Unplugged initiative
therefore offers an alternative route without programming and where algorithms and
computational thinking are at the centre of attention [7, 9, 86]. Unplugged activities
allow students to act as computational agents, supporting them in developing mental
models to build a notional machine [62]. Alternatively, algorithm visualisation uses
technological means to provide dynamic representations of algorithms so as to foster a
better understanding [38, 77]. In contrast to these approaches, our study focuses on the
abstract and general concept of algorithm rather than specific algorithms.

A study conducted with undergraduate computer science students in the Netherlands
looked into the students’ understanding of the concept of algorithm [67]. Their focus was
on levels of abstraction used by the students with four proposed levels: at the execution
level an algorithm is essentially the execution of a program, at the program level the
algorithm is the process described by the program, at the object level the algorithm can
be viewed as an object in its own right and at the problem level different algorithms can
be used to describe problems and their intrinsic complexity. The study found an increase
in the abstraction levels with years of study, but noted that typical answers given settled
around the program and object levels. During their study, the undergraduate students
were also asked to give their definition of ‘algorithm’. However, the study does not go
into details of the students’ answers.

The previously mentioned paper on students’ understanding of algorithms [67] also
notes that many students have difficulties clearly expressing their thoughts, limiting
the reliability of answers collected from students. On the other hand, we also have
to be aware of the limitations of explanations given by instructors and what students
understand thereof. Explanations are often based on metaphors and analogies—even
more so for pupils in elementary/secondary schools—which provide a powerful means of
teaching, but may also easily lead to misconceptions [26]. In the answers students gave
in our study we can very clearly recognise misconceptions that arise from the examples
and metaphors provided by the instructors.

From a cognitive point of view we are more interested in the students’ conceptual (and
factual) knowledge than their procedural knowledge [4, 69]. Procedural knowledge is
explicitly defined as “how to do something [. . . ] and criteria for using skills, algorithms,
techniques and methods” [4] whereas conceptual knowledge is about “the interrelationships
among the basic elements within a larger structure that enable them to function together”
and “knowledge of principles, generalizations, theories, models, and structures” [4]. Our
focus on the conceptual understanding is therefore in contrast to most studies that look
into specific algorithms and the students’ abilities to apply them.
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4.2.2 The Term ‘Algorithm’

According to the Merriam-Webster dictionary an algorithm is “a step-by-step procedure
for solving a problem or accomplishing some end” [59]. This description is quite general
and can be interpreted and understood differently. In computer science, the notion
of ‘computation’ plays an important role even in informal definitions, such as, e.g., an
algorithm is “a series of elementary computation steps which, if carried out, will produce
the desired output” [61] or “an algorithm is any well-defined computational procedure
that takes some value, or set of values, as input and produces some value, or set of values,
as output” [19]. The difference between the public perception and more mathematical
definitions has been pointed out before [36, 60]. Given that the term is increasingly
picked up by the media, particularly in the context of AI and marketing, it would not be
surprising to find that students’ notion of algorithms are strongly informed by media
and public discourse rather than education.

For our study we follow Knuth’s definition of what an algorithm is, since he managed to
give a rather precise definition without referring to computational models such as Turing
machines [41]. Paraphrasing Knuth, an algorithm is a sequence of operations for solving
a specific type of problem that can be compared to terms like ‘recipe’ or ‘process’, but
needs to exhibit five major ‘features’ [41]:

• Finiteness. The algorithm must always terminate after a finite number of steps.

• Definiteness. Each step of an algorithm must be precisely and unambiguously
defined.

• Input. Algorithms have zero or more inputs provided before or during execution.

• Output. An Algorithm has one or more outputs that are related to the input in a
specific way.

• Effectiveness. An algorithm’s operations should be basic enough for manual execu-
tion in a finite time.

The point of ‘effectiveness’ is that each step in an algorithm must either be an algorithm
itself or a simple computational step. The two items ‘definiteness’ and ‘effectiveness’ put
hard limits to what an individual step of an algorithm might entail, which, of course,
boils down the model of computation or notional machine.

4.3 Methodology

4.3.1 Data Collection

The faculty of computer science at our institution runs an outreach programme aimed at
local schools. This includes a two-day event that is attended by all 6th grade students of
an elementary school (i.e. approx. 150 pupils aged 11–12 years). The two days include
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various ‘unplugged’ activities on, e.g., artificial intelligence, sorting algorithms and data
encoding. The activities are mostly run by undergraduate students who have received
training in working with pupils through the materials, but are given the freedom of
teaching according to their own style and preferences. Graduate students additionally
oversee these workshops. The first author of this paper is responsible for the training of
the tutors as well as the organisation of the workshops.

According to the national school curriculum, the pupils participating in this study should
have a basic understanding of the concept of algorithms. This means they should be able
to comprehend, execute and formulate independently clear instructions. This is taught
once a week as part of a subject that focuses mainly on digital literacy, as a CS subject
is not yet provided at this school level.

During the two days we run a competition among the participating pupils, asking for
their definition or explanation of what an ‘algorithm’ is. Each entry to the competition
was to be written on a paper card (about half a page). The pupils were permitted to
write or draw pictures, but were asked to come up with their own explanations. The
involved graduate students then chose the ‘best’ answer(s) and handed out a prize to the
respective students.

We received an anonymous copy of the students’ answers after the winners had been
chosen. That is, the authors of this paper set up the competition and received the
compiled list of answers, but were not involved in running the competition itself. Our
institution’s review board approved the study.

There were a total of five drawings, which all illustrated parts of the written text (e.g.,
one drawing showed a number of playing cards where the text mentioned that algorithms
are about sorting cards). We therefore ignored the drawings for our analysis.

Of the 70 answers we received, three were empty, one was obviously copied from the
internet and eight were verbatim copies of other answers. Removing these duplicates and
empty answers left us with 58 distinct answers (see table 4.1).

4.3.2 Analysis

The collected data was analysed qualitatively based on Mayring’s inductive category
formation [56]. In this method, the codes and categories emerge during the sifting and
analysis of the material.

The two authors of the published paper of this chapter reviewed the material individ-
ually over several rounds and discussed any differences until the two authors reached
agreement on the coding categories and then classification/tagging of the data. These
agreements included re-coding with each other’s categories and finding matches and
overlaps. Redundant codes were removed, highly overlapping codes were combined and
(sub)categories were created. This also included a translation of the students’ answers to
English, followed by a fresh coding of the English translations and a comparison whether
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Figure 4.1: Overview of all code occurrences, clustered in four main categories.
* paraphrased / ** codes that occurred only once

the coding remained stable. The final coding system is clustered into four groups, each
with several sub-codes and/or subcategories (fig. 4.1):

• Keywords. Characterisations that use synonym-like descriptions or mention specific
examples to explain the term algorithm, such as, e.g., ‘a sequence of instructions’.

• Properties. Properties attributed to the algorithm, such as, e.g., ‘fixed/predefined’
or referring to a ‘program’.

• Executing Actor. The entity that is executing the algorithm or acting it out,
respectively, usually inferred, such as, e.g., ‘an activity you do’ tagged as ‘human
actor’.

• Structure elements. Description of structure such as, e.g., ‘mandatory repetition’
or ‘stepwise execution’.

Note that some codes may appear in more than one category (e.g., ‘sequence’), since
they both act as a keyword and a structural description, say.

After coding the data material in a descriptive way, we evaluated and interpreted the
data by counting occurrences, comparing potential semantic dependencies and looked at
keywords.
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A1 Something is called an algorithm if it is a step by step sequence to, e.g., bake something, to
solve a problem. . .

A2 An algorithm is a sequence of several steps and instructions, which are commonly aimed at
a specific problem so as to solve it. Some commands may be repeated.

A3 An activity that you do time and again each day
A8 If a certain process regularly repeats itself
A9 An algorithm is a procedure to solve a problem. Ex.: sorting cards
A10 Executing commands (can be repeated)
A11 An algorithm is also used to solve problems and an algorithm is something that continuously

repeats.
A14 A way to, e.g., solve problems, such as shuffling cards by colour or value
A15 A frequently recurring process
A17 Something recurring that repeats time and again. You always do it the same way or a

procedure, respectively
A18 A sequence of instructions that are repeated
A21 Predefined procedure that solves problems or tasks one step at a time. Program code that

continuously repeats itself
A22 An algorithm is a task that repeats itself
A26 An algorithm explains to a program what it should be doing and how it can do it.
A27 An algorithm is a procedure that solves problems or tasks in a stepwise manner.
A28 An algorithm is a fixed programmed system that is capable of solving specific problems and

tasks.
A29 Something that is repeated time and again.
A30 Algorithm is a string of instructions that are executed to solve a task/problem.
A31 If something repeats, it will slowly turn into an algorithm. For instance traffic lights. Another

great example is the lift in a tower block. For instance the lift waits at 7am on the ground
floor close to the entrance (each day from Monday to Friday) and because this is happening
an algorithm will form automatically.

A33 When something repeats at a specific time of the day. For instance if a lift is always used at
7am on the 4th floor, it will learn to wait at 7am on the 4th floor. A specific order, time
and again.

A34 A sequence of commands and planned things.
A35 An algorithm is understood to be something that is programmed, a program that repeats
A36 For instance you go to bed every day, this is an algorithm (a repetition). An algorithm

solves problems
A37 A recurrence of things in life
A39 A (repeated) sequence of instructions, e.g. go there, do that
A40 Recurring things that we do time and again such as, before going to bed, brushing our teeth

and changing clothes. Also when sorting cards you have to figure out your own algorithm to
sort the cards as fast as possible

A42 An exactly defined sequence
A45 A continuously recurring event
A47 If on a computer something repeats time and again
A50 A string of different commands that are repeated time and again. Clearly defined tasks or a

specific process of tasks, respectively. For instance eating or recipe for cooking
A53 An algorithm is a continously recurring process in daily life, e.g., getting ready, brushing

teeth, putting on pyjamas, going to bed
A55 A specific procedure to solve a problem/task
A56 a string of subsequent actions such as in a recipe for cooking. The actions are commonly

done time and again and are never changed
A58 Algorithm is if something has an exact order that needs to be followed

Table 4.1: A selection of the answers given by the students
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4.4 Results

We provide an overview of selected answers in table 4.1, which are representative of the
58 different answers we received in total. Additionally, we highlight some of the results
according to themes that emerged from the coding process in this section.

4.4.1 Descriptions and Properties of Algorithms

Most answers specify the algorithm through a categorising keyword such as, e.g., A2 “An
algorithm is a sequence of several steps and instructions, [. . . ]” or A42 “an exactly defined
sequence” (highlights added). As shown in fig. 4.1, we found 15 answers characterising
algorithms as some repeating entity such as in, e.g., A11 “an algorithm [. . . ] is something
that repeats” (similarly A29), A36 “a repetition” and A37 “a recurrence of things in
life”. Another 11 answers characterised algorithms as sequences and eight as strings of
something. Some characterisations, however, were more surprising, such as A22 “a task
that repeats itself” or A45 “a recurring event”.

Repetition Repetition is perceived as a key characteristic of algorithms with almost
two thirds of students explicitly mentioning repetition (37 out of 58). A majority of
32 students said that some form of repetition is a mandatory part of an algorithm whereas
five students saw it as an optional possibility.

While the theme of repetition occurs in a majority of the answers given, there is less
agreement on what exactly is repeated and in what manner. Compare, for instance,
A3 “an activity that you do time and again each day”, A18 “a sequence of instructions
that are repeated”, and A37 “a recurrence of things in life”. In A3 we find a nested
repetition, i.e. an activity that is repeated both during a single day and each day, bringing
together the idea of repetition (as in A18) and recurrence (as in A37). Overall, three
answers mention both as in A3, 23 answers mention repetition and 11 answers mention a
recurrence.

With regards to what is repeated we find ten answers saying that “something” is repeated,
six answers saying that “a process” is repeated and five answers each for “program code”
and “commands” or “instructions”, respectively. Other answers are even less specific
such as, e.g., A37 speaking of “things”. An answer that stands out is A2, which mentions
“[. . . ] Some commands may be repeated” as the only example where the repetition does
not encompass the whole process or activity. In other words, repetition refers to a loop
in only a single answer, although two other answers might also have loops in mind (A10

and A39).

The Executing Actor As an ‘executing actor’ we refer to an instance that executes
the algorithm’s steps or instructions, if mentioned by the participants. Three quarters
of the answers imply that there is an executing entity (42 out of the 56). Of these 42
responses that provide some evidence that the algorithm is ‘executed’ in some form or
performed by something/someone, there were 15 answers that imply human actors, e.g.,
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A3, A17 and A40. Four answers refer to machines or computers as actors of the algorithms
(e.g., A47) and six indicate through passive voice that an algorithm is executed but do
not indicate any actor (e.g., A30).

Four answers mention the algorithm or procedure itself as an executing actor (e.g., A21,
A27 and A28). Answer A26 stands out in that it attributes a remarkable ‘cognitive’ ability
to an algorithm as an entity that “explains to a program what it should be doing and
how it can do it”.

Finally, 13 answers imply that an algorithm requires some execution but do not mention
this explicitly. A2 is an example for a required action (mentioning ‘instructions’ and
‘problem-solving’), but not explicitly mentioning an actor.

Algorithmic Attributes With regards to RQ2 we especially looked out for attributes
that are also found in formal definitions of algorithms, such as finiteness, stepwise
execution, etc. Since none of the answers explicitly mentioned finiteness (or determinism),
we used the tag ‘goal-oriented’ as a proxy to indicate that the algorithm would terminate
and come to a conclusion.

Seven answers refer to a stepwise behaviour of the algorithm.

Eight answers were tagged as goal-oriented, as shown for example in answer A55 by the
clear determination that a problem must be solved. In contrast, A14 mentions problem
solving, but does not presuppose it as a mandatory criterion, since it only speaks of
“e.g., solve problems”. We therefore did not tag it as goal-oriented, but considered this
problem-solving aspect more of an option than the purpose of the algorithm.

Seven answers mentioned the fixed nature of the algorithm. For instance, A55 talks of a
“specific procedure” whereas A56 says that actions “are never changed”. In contrast, A7

states “an algorithm is a program code than can be repeated forever. They continuously
improve”, explicitly contradicting the idea of a fixed procedure.

4.4.2 Origins and Purpose of Algorithms

Relatively few answers gave hints as to where algorithms come from or their specific
purpose. However, we consider the views expressed by the pupils interesting enough to
point them out in this section.

The Aspect of Solving Problems and Tasks Twelve answers specify the purpose
of algorithms as problem-solving. One answer A2 says that an algorithm is commonly
used to solve a “specific problem”, whereas six more answers say that an algorithm solves
“a problem” and five say that an algorithm solves “problems”. For instance, A55 says “a
specific procedure to solve a problem/task”. In contrast, A11 says “an algorithm is used
to solve problems [. . . ]” and A27 says “an algorithm is a procedure that solves problems
or tasks in a stepwise manner”.
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Of those five answers referring to algorithms as solving “problems”, three also mentioned
the requirement for repetition. Answer A2 mentions that some instructions might be
repeated, whereas all other answers that mention the problem-solving aspect do not
mention repetition at all.

Formation of an Algorithm A31 is remarkable in that this answer describes the
genesis of how an algorithm forms: “if something repeats, it will slowly turn into an
algorithm. [. . . ] an algorithm will form automatically.” A similar notion is expressed
by eight other answers, including A8, A47 and A20 “if a specific process repeats itself
regularly” or A15 “a frequently recurring process”. An algorithm is therefore not something
that is actively designed, but either forms like a tradition because of repetition or is a
synonym for a repeated process, event or tradition. Another possible explanation could
be recommendation algorithms, which students encounter on a daily basis, like in online
shops or streaming platforms.

Compare this with A21 and A42 whose mentioning of ‘(pre) defined’ indicate an intentional
design. A50 seems at first to also lean towards a formation by repetition, but then speaks
of “clearly defined tasks”. Given the two examples “eating” and “recipe” it is not clear
whether this answer can be clearly coded as either one or the other; in fact, we assume
that the student accepts both possibilities as legitimate process of how algorithms form.

4.5 Discussion

4.5.1 The Role of Repetition

The prominence of repetition in the students’ answers is remarkable. Even more so
considering that, except for one case, all answers referred to a (necessary) repetition or
recurrence of the algorithm itself rather than a looping structure within the algorithm.
So, where does this come from?

We hypothesise that the instructors’ original messages were emphasising that algorithms
are fixed and static entities. That is, each time you execute an algorithm, you follow
the same instructions in the same order. A50, for instance, starts with the concept of
repetition, followed by a clarification “clearly defined tasks or a specific process of tasks”
and the canonical example of a recipe for cooking. Likewise, A33 says “a specific order,
time and again” and A17 clarifies the repetition by “you always do it the same way”.

It is interesting to observe that the 13 answers directly mentioning the fixed or predefined
nature of algorithms are dwarfed in number by the 37 answers referring to repetition. We
could probably classify at least 31 of these answers as misconceptions in that they focused
on the wrong aspect of the explanation, story or examples given. The explanations given
by the tutors, and the analogues and metaphors employed in particular, clearly need to
be revised as they seem unfit to solicit a correct understanding. The tutors mainly used
the same recipe analogies, but were free to add more details or additional explanations
in their teaching.
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4.5.2 The Executing Actor

Concerning the ‘executing actor’ of the algorithm, there is some disagreement and
insecurity among the students. For instance, A1 refers to problem-solving and baking,
but the answer does not provide any information about who actually does the problem
solving or the baking and executes all the steps mentioned. In contrast, A40 describes a
human actor using the term “we” and A56 uses passive voice for explaining an execution
without mentioning an actor.

Strongly related to the question of the actor is the nature of the algorithm itself. A21,
A27 and A28 speak of the algorithm as an entity that (actively) solves problems. A26

even goes so far to state that an algorithm “explains to a program what it should be
doing and how it can do it”, very clearly expressing not only actorship, but also higher
cognitive functioning. In stark contrast, A58 sees an algorithm much more as a recipe to
be followed, i.e. where the algorithm itself has no active role at all. The bulk of answers,
however, are much more vague in whether algorithms are seen as entities that themselves
perform actions or as passive instructions to be followed and executed by a distinct actor.

Interestingly, merely four answers explicitly spoke of a computer or machine being directly
involved (e.g., A47) and six indicated a ‘program’ or ‘program code’ (e.g., A21). This is
somewhat surprising but hints at some success in teaching computational thinking not
as necessarily machine-based.

4.5.3 Defining Properties of Algorithms

Comparing with formal definitions of algorithms, we find a mixed bag. While a consider-
able proportion of the pupils described algorithms as sequences, processes, procedures or
program code of some kind, other aspects such as finiteness seem to have been entirely
neglected. Almost a third of the students explicitly mentioned the stepwise nature of
algorithms with others implicitly indicating it through examples or keywords such as “a
string of commands”. Hence, the notion of a step-by-step procedure seems to have been
fairly well understood by a majority.

Finiteness Nothing about ‘finiteness’ can be found in the given answers of the students.
In none of the answers is it ever explicitly mentioned that an algorithm has to terminate.

What we can find are eight students who attribute the goal of solving a problem to
algorithms. One interpretation is that the algorithm has completed its task—and therefore
terminates—after this goal has been reached, i.e. the problem has been solved. The
mentioning of endless repetition, as for example in A29 “something that is repeated time
and again” speaks rather of an opposite understanding. Here the repetition was put so
strongly into the foreground that the most important criterion, the termination of the
algorithm, got completely lost.

One possible explanation could be a confusion between computation and algorithm with
the distinction between the two lying in the termination of the latter. While it is unlikely
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that the pupils are aware of these two concepts, we would argue that most modern
computer applications have a never-ending character with a continuous query-reply-cycle.
This is particularly true for applications such as chat and social media applications as
well as internet search engines. At the same time, the term ‘algorithm’ is widely used in
the media and public discourse.

Definiteness and Effectiveness Some answers explicitly mention definiteness, such
as A42 and A50. Much more common, however, was the theme of a fixed order or fixed
sequence.

The notion of a (computational) step that is not precisely defined might be rather alien to
pupils of that age. If we assume that the individual steps of an algorithm are ‘obviously
clear’ then any uncertainty as to the execution of the algorithm would necessarily come
from a change of the sequence of steps (either a rearrangement or the addition/removal of
certain steps). The pupils’ emphasis that the sequence itself is fixed could either indicate
that an algorithm as such cannot be modified, or it means that no steps can be skipped
or executed out-of-order. We argue that the latter interpretation would be closely related
to definiteness.

As mentioned above, definiteness and effectiveness strongly relate to the idea of a
computational model, which is hardly ever taught explicitly in the context of algorithms.
However, as elaborated in our discussion of the executing actor above, there are some
vague and implicit ideas about an underlying computational model expressed through
the executing actor. Hence, even though no answer actually speaks of effectiveness as
such, we would argue that some of it is still encoded in the answers given by the pupils.

Input and Output Nothing about I/O is mentioned by any of the answers. Moreover,
there is virtually no indication of algorithms as entities that process or work on data.
Algorithms seem to either be processes embedded in (and interacting with) ‘daily life’ or
procedures to solve a problem with no explicit interaction mentioned.

4.6 Research Questions

4.6.1 RQ1: How do upper elementary school students describe and
explain what an algorithm is?

The student responses are dominated by somewhat unspecific and nebulous ‘salient
properties’, but also very concrete examples. There are a number of variations on the
theme of repetition as a defining property, but whether that repetition pertains to a
continuous loop, the scheduled execution at specific times or just means that an algorithm
can be ‘reused’ is not quite as clear.

We perceive a potential threat to the students’ comprehension stemming from the
examples mentioned by the students. While ‘brushing your teeth’ is surely meant to
illustrate the idea of following a specific routine, the pupils seem to rather pick up the
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idea of doing something over and over again. In other cases, the pupils even deduced
that algorithms (automatically) emerge out of a specific habit or recurrence. We would
therefore caution against leaning too heavily on ‘real-life’ examples when teaching the
concept.

When considering responses from novices, we have to be mindful that they might lack
the vocabulary and understanding needed to even formulate precise questions. However,
the answers we collected contain a number of keywords and properties which suggest
that the students were able to express their ideas well enough to take the responses as
actual reflections of their comprehension.

4.6.2 RQ2: In what aspects do students’ conceptions of what an
algorithm is differ from established definitions?

In general, students seem to have understood that algorithms are step-by-step procedures
to be executed or followed. With some indication of a computational model as expressed
through the executing actor, the explanations partly match the definiteness/effectiveness
aspect of algorithms. However, the students’ answers do not mention the need for an
unambiguous and precise language or instructions, although the notion of a fixed sequence
carries some of that characteristic. Moreover, instead of a guaranteed termination (aspect
of finiteness), we often find infinite repetition to be brought forward as a key feature.

To arrive at better explanations or definitions we see two main attributes missing that
should be more emphasised: the purpose of an algorithm as computing a ‘result’ (and
thus necessarily terminating) as well as the idea of an underlying computational model.

4.7 Limitations and Future Work

Our study clearly has an explorative character with a relatively small sample size.
Moreover, since all pupils attended the same school, there is a high interdependence of
the collected answers, further exacerbated by the shared tutors, some of whom might
have discussed the idea of what an algorithm is in some detail and with various examples.
We should also expect that students had some discussions among each other, further
putting the independence of the collected answers into question. The provided results
are therefore not necessarily representative of a larger student population.

Due to the voluntary and competitive nature of the survey, students who already had some
initial idea of what an algorithm is likely participated with greater enthusiasm. Thus,
the data set is probably missing answers from those pupils who had no working notion
about the term algorithm at all. Receiving responses from all children holds potential for
a future follow-up study. However, considering the limitations of children in expressing
their comprehension of the concept of the term algorithm in a short written statement, a
test or questionnaire to quantify their occurrence of the identified misconception could
give us even more insights. Exploring and comparing algorithmic understanding across
different educational levels is also a topic for future work.
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Probably the greatest issue is that the pupils may not have the language to correctly
express salient features of the algorithm-concept. As indicated above, the ‘fixed sequence’-
property of algorithms might actually refer to the idea of determiniteness. Follow-up
studies will have to seek to better differentiate what the pupils mean.

4.8 Conclusion

It is imperative that we not only teach procedural knowledge and an intuitive under-
standing of (specific) algorithms, but also discuss the general concept of algorithms, their
possibilities and limitations. As a first step towards establishing such a discussion of
algorithms in general education, we have looked at how 6th grade pupils describe the
concept of an algorithm.

Our data shows a somewhat hazy notion that seems to be primarily based on the concept
of repetition. However, we also found frequent mentioning of properties such as step-wise
execution or the aim of solving problems. This indicates that the pupils have indeed
developed a notion of the concept of algorithms, but that we need to improve the
instruction and teaching towards working out the key properties more clearly.
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CHAPTER 5
Intuitive Problem-Solving

Strategies

A shortened version of this chapter is planned to be published.

5.1 Introduction

When students work on computing problems, they often rely on ideas and strategies based
on intuition rather than a formal algorithm [95]. These initial strategies are shaped by
experience, trial and error, and sometimes by observation. Especially in early Computer
Science (CS) learning, such strategies emerge spontaneously while exploring e.g. CS
Unplugged activities. They may be taken for granted or overlooked, yet they are important
thought processes that offer valuable insights into students’ intuitive understanding of
computational concepts.

Understanding these intuitive strategies matters for educators, as they can connect new
ideas that need to be taught with these intuitive strategies and existing experiences. Em-
pirical studies show that novice students often bypass formal problem-solving processes
in favour of spontaneous, experience-driven approaches when faced with complex coding
tasks [95]. Recognising such behaviour is crucial for designing instructional strategies that
shape rather than override learners’ intuitive approaches. It allows educators to build on
what learners already know and do, and further helps them connect informal behaviours,
everyday logic, and their experiences with the core concepts of CS. These strategies
reflect students’ prior knowledge and emergent problem-solving structures. From an-
other perspective, building on these learner-generated strategies supports meaningful
engagement with algorithmic thinking [68, 66].

A learning intervention employing the CS unplugged method, utilising hands-on activities
that do not involve computers, provides a promising opportunity to observe students’
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problem-solving strategies. When students work collaboratively on specific problems, their
approaches become observable and can be discussed. Although CS-Unplugged is widely
used in outreach and early education, our understanding of the algorithmic thinking that
students demonstrate when independently engaging with these tasks remains limited.

This study dives into students’ intuitive approaches to solving a collaborative CS-
Unplugged sorting task. We highlight the algorithmic strategies that emerge during a
collaborative group task and their revision through repeated attempts. The complexity
of the collaborative sorting task is designed to spark conversation, delegate roles, and
navigate challenges such as limited memory and structural constraints. Based on video
analysis of six groups of students (aged 10-13) working on the sorting task, we identified
patterns of action that resemble formal algorithmic approaches. These include selection-,
insertion-, or merge-like behaviours, similar to often taught sorting algorithms in CS,
despite the absence of any prior instruction on sorting algorithms. We also observed
more general but also CS-related concepts such as trial-and-error, optimisation, and
parallelisation.

This chapter is guided by two research questions:

• RQ3: What intuitive algorithmic strategies and sorting behaviours do K-12 students
display when engaging in a collaborative unplugged task?

• RQ4: How do students revise or refine these strategies based on interaction and
group feedback?

5.2 Background and Conceptual Framing

In this study, we use three interrelated terms to characterise how students tackle a sorting
task:

• Problem-Solving strategies refer to the observable methods employed by stu-
dents while seeking a solution, such as engaging in trial-and-error experimentation,
devising plans, optimising, etc.

• Algorithmic strategies involve systematic and consistent problem-solving meth-
ods based on procedural logic, such as persistently selecting the smallest item or
merging sorted lists. Despite resembling known algorithms (e.g., selection sort),
they emerge naturally without prior instruction.

• Computer science concepts encompass formal ideas such as sequencing, condi-
tionals, iteration, data structures, and decomposition. While these aren’t directly
taught to our students, we assess how their intuitive strategies inherently integrate
these principles.
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This vocabulary enables us to describe learners’ thought processes without imposing formal
labels, facilitating an exploration of how intuitive strategies are linked to foundational
CS education ideas.

Before presenting our analysis, this section outlines the theoretical framework and
background that guide our work. We start by looking at how computational thinking (CT)
and problem-solving are conceptualised in the literature, then focus on the educational
relevance of sorting tasks, and finally discuss the role of unplugged approaches in this
context.

Problem-Solving in CS Education. A key aspect of an algorithm is that it solves a
problem [40]. Children are aware of this [48], although they often struggle to articulate
this concept formally. Computer Science (CS) fundamentally focusses on systematic
problem-solving, whether through classic algorithms or AI advancements, driving its
knowledge, goals, and importance in education. This core concept is evident in the
Computational Thinking (CT) paradigm, a key concept in CS education. CT encompasses
skills for solving problems methodologically. Selby and Woollard [75] highlight skills like
abstraction, decomposition, generalisation, evaluation, and algorithmic thinking. Many
researchers also emphasise problem-solving as key to CT [31, 39, 66, 94]. These skills are
important not only in Computer Science (CS) but also for everyday tasks, as well as our
card sorting activity in this study. Sorting, comparing, and optimising are everyday-live
activities, closely related to formal CS concepts. Students still find it challenging to apply
them strategically. A previous study has shown that students already bring initiated
ideas to sorting problems [80]. Simon et al. analysed students’ explanations of how to
sort a set of numbers before they took the CS1 course. Their research shows that most of
them are able to explain an algorithm that works, but they will not explain the concept of
pairwise comparisons. They also found that students see the numbers as strings and not
digits and therefore sort a set of numbers by their length rather than their numeric value.
Our research idea is close to their research, but we focus on K-12 students and their
emerging intuitive strategies, not their explanations how they would sort. Furthermore,
the study by Simon et al. was already published in 2006. Back then it was assumed
that students had no prior experience in CS, especially sorting, which might be different
today. Therefore we need to look at younger students.

Cognitive Load and Instructional Design. Learning computer science encom-
passes both developing problem-solving skills and understanding formal concepts like
programming, requiring conceptual understanding and efficient cognitive load manage-
ment. Sweller’s Cognitive Load Theory explains that learning becomes more challenging
when processing multiple elements together. When cognitive load exceeds a learner’s
capacity, performance and retention decline. Yet, excessive cognitive load alone does
not fully explain students’ challenges [82, 83]. Similar to our approach, in programming
education many students start with enthusiasm but soon lose motivation when faced
by complex syntax and abstract logic. Programming courses often lead to frustration
and anxiety when learners struggle with the language’s structure [17]. This shows that
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excessive abstraction can quickly create barriers to understanding. In both contexts,
such difficulties can be mitigated by providing structured guidance focused on computa-
tional thinking (CT) and by building on what learners already know. Prior experiences,
for instance, influence how students deal with cognitive challenges: those with earlier
exposure to related concepts often show higher self-efficacy, while newcomers are more
likely to disengage [2]. Fear or frustration may therefore rise early in the learning process,
especially when tasks are unnecessarily complex [88].

In our study, we avoid such complexity by focusing on the algorithmic aspects of problem-
solving without involving syntax or programming. This allows us to observe how intuitive
strategies emerge and develop in a sorting task. Understanding these intuitive approaches
helps design learning environments that manage the cognitive load and connect new ideas
to existing problem-solving strategies of students.

Sorting as a Context for Algorithmic Reasoning. The sorting task provides an
opportunity to examine how students develop and adjust problem-solving strategies.
Sorting is a fundamental algorithmic problem in CS, with well-known approaches such as
selection sort, insertion sort, and merge sort that are commonly taught both in university
contexts [44] and in K-12 computing education [10].

At the same time, everyday experiences, such as arranging objects by size or grouping
similar items, play a role in how students intuitively structure these tasks.

Therefore, several unplugged activities around sorting exist to explore the sorting concept,
most prominently sorting networks or step-based games as in CS Unplugged [10]. Silapa-
chote et al. proposed a structured card game where learners deliberately practice pairwise
comparisons and algorithmic steps until they rediscover known sorting algorithms [79].
In contrast, our study does not provide learners with rules but observes the strategies
they spontaneously develop when facing the task.

Observations from classroom settings indicate that students often associate algorithms
with repetitive everyday routines, rather than structured problem-solving strategies Chap-
ter 4. These observations support the assumption that many students hold an intuitive
understanding of algorithmic processes, even if they struggle to express it verbally. Sorting
tasks provide a concrete setting to observe such thinking in action and to explore how
learners might be supported in developing more structured problem-solving strategies.

Using a card sorting activity as an instrument to measure learners’ understanding has
recently been explored in teacher education. Allsop et al. [3] introduced the “Match it!”
card sorting activity to evaluate future teachers’ knowledge of CT such as algorithmic
thinking, decomposition, or abstraction. Their findings showed that while the activity
was engaging and useful for reflection, it primarily measured the recognition of concepts
rather than their application, and some of the cards were perceived as ambiguous.

In contrast, in our setting we treat the sorting task as a tool to make problem-solving
and algorithmic strategies visible, and further observable for our research. It becomes
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an activity that enables students to use comparison, control flow, memory management,
iteration, parallelisation, and optimisation. Through the analysis of these emergent
strategies, our aim is to connect intuitive problem-solving strategies, and further algorith-
mic elements, to core CS concepts. In this context, CS unplugged activities [10], which
are tasks designed to teach computing concepts through hands-on activities without
computers offer a promising way to externalise learners’ reasoning and reduce extraneous
load.

Figure 5.1: Display of the card game. Study setup: four participants (abbreviated as
their positions on the video from a birds’ eye perspective.: top left (TL), top right (TR),
bottom left (BL), bottom right (BR). Backs of the cards visible (left) and frontsides with
numbers (right).

Taken together, these perspectives frame our study as an attempt to make learners’
intuitive algorithmic reasoning visible and with that observable and interpretable. Rather
than measuring performance, we seek to understand students’ intuitive strategies, which
could inform the design of learning activities that connect intuition, abstraction, and
Computational Thinking (CT). In this sense, our study contributes to a broader vi-
sion of CS education that values exploration as an essential component of algorithmic
understanding.

5.3 Developing the Card-Sorting Activity

This unplugged card-sorting task serves as both a learning setting and a research tool,
designed to make students’ algorithmic strategies visible without prior instruction. The
main task for the students in this activity is to restore a shuffled deck of cards to a
predefined order. The students are instructed to do so collaboratively in small groups of
up to four students. The intention is to bring together different computational aspects
that can be addressed in a discussion afterwards or to build on in future lessons. These
concepts include sorting, parallelisation (task stealing, bottlenecks, etc.), optimisation,
and data structures such as arrays or stacks. Each card in the game has a specific colour
on the back and a colour with a number on the front. In the sorted deck, the cards
should be sorted as follows (see Figure 2.4):

1. The cards are first grouped by the colour of their back.
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2. Within each group of a back colour, the cards are further grouped by their front
colour.

3. The numbers within each front-colour group are arranged in ascending order.

Originally, this task was carried out using cards from an existing card game, consisting
of four colours on the back, each building a stack containing four colours on the front,
and numbers ranging from 1 to 10 for a total of 160 unique cards. The four stacks of
cards, grouped by back colour, are shown in Figure 2.4 on the left. Three stacks are
displayed with the back colour facing upwards, while one stack is folded to also reveal
the corresponding front colours. However, sorting was almost trivial due to the low,
consecutive numbers, strategies were not visible. To increase complexity and also to be
able to observe their sorting strategies, we designed a custom card deck (Figure 5.1).
This custom deck consists of 160 cards with two different colours on the back. Each back
colour has four frontside colours and each contains 20 random numbers between 10 and
99. Although no number appears twice within a single front-back colour combination,
duplicates can exist across different colour groups. The selection of numbers does not
follow a regular pattern.

This design aimed to encourage participants to develop more complex sorting strategies,
as the larger number of cards per colour and irregular number gaps could make simple
search-based strategies less feasible. Furthermore, managing 20 cards requires considering
table space and memory strategies, as cards need to be placed strategically to allow quick
access.

The card-sorting task is part of a workshop on algorithms performed at our institution’s
outreach programme. Participants are divided into small groups of approximately four
people and seated around a table.

The workshop session begins with a short plenum discussion as an intoducation. The
students are asked what they know about CS and the concept of algorithms, which is
described as step-by-step instructions. Next, the card deck is introduced, and the task is
motivated by demonstrating that finding a specific card is much easier in a sorted deck
than in an unsorted one.

Participants are handed the card deck and asked to shuffle it. They are then tasked with
sorting the cards and restoring the original order as described earlier. Once all groups
have completed the task, we record the completion time for each individual group, and
each group is asked to discuss how they could improve their approaches. Afterwards,
a second sorting round follows, where participants can apply improvements to their
strategies. Finally, different approaches are discussed in the plenary session.

We recorded the participants of six groups on video during these card-sorting activities,
to subsequently analyse their strategies, discussions and interactions. Throughout the
task, instructors are available to answer questions but are tasked not to intervene unless
participants completely misunderstand the task.
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Our study employs a qualitative research approach using an iterative-reflective and
inductive coding process to identify intuitive problem-solving strategies from video data.
This approach allows us to naturally observe students’ actions during the card-sorting
task without interrupting them. Identifying intuitive actions can be challenging with
traditional qualitative methods, such as interviews, which are usually conducted after
the intervention. Using video and audio analysis, we can precisely examine what the
participants did at each stage of the task and how their interactions unfolded within the
group.

The nature of our video data differs from typical video analyses in psychology, as our
focus is not on the children’s facial expressions or gestures but rather on their actions
and computational processes while solving the task. To best capture these aspects, we
recorded from a bird’s eye perspective above the table where the children were working on
the task (Figure 5.1). This perspective provides an optimal view of the problem-solving
process, allowing us to closely examine the computational strategies employed by the
participants. We also recorded audio tracks for each group.

To structure our analysis, we combined thematic analysis (TA) [13], qualitative content
analysis (QCA) [56] and the documentary method (DM) [12], leveraging the strengths
of each method for the qualitative video analysis. TA provides the general framework
for identifying patterns in students’ problem-solving strategies, allowing us to examine
emerging approaches without predefined categories. However, TA alone does not offer a
way to ensure structured comparability between cases. To address this, we incorporated
descriptive coding elements from QCA, which helped structure the material while main-
taining an inductive approach. Additionally, to ensure coding consistency, we conducted
intercoder agreement checks, aligning our coding approach among multiple researchers.
We further applied DM to guide the interpretation of the coded sequences. This approach
distinguishes between descriptive coding, which systematically categorises actions (e.g.,
participant question, tutor interaction), and interpretative analysis, which focusses on
identifying underlying problem-solving patterns and meanings.

In the first coding round, we initially focused on the overarching categories, ensuring
that key elements of student interactions were systematically captured. The subsequent
thematic differentiation emerged through an iterative process, refining codes and recog-
nising patterns in the data. Although the coding process primarily aimed at structuring
the material, the interpretation of how these codes relate to problem-solving strategies is
discussed in the results and discussion sections.

This methodological approach ensured a balance between structured coding for compara-
bility and flexibility to capture emerging strategies, allowing for a nuanced analysis of
students’ problem-solving and collaborative interactions.

5.3.1 Participants and Data Collection

Before participation, all children and their legal guardians were informed about the study
and provided their written consent. The study and the consent form were reviewed and
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approved by the ethics committee of our institution. With the bird’s-eye perspective of
the video recordings (see Figure 5.1), we also ensured the privacy and anonymity of all
participating children.

The study was carried out with students aged 10 to 13, who participated with their
classes in our workshop. Recruitment was carried out by publishing study information
and registration options on our website and using an email newsletter. Any school and
class in this age group was eligible to register for the workshops as long as they had
not participated in one of our algorithm-themed workshops before. Participating in the
study was voluntary and while we only recorded the students who provided the consent
form, everyone else was equally able to participate in the workshop. For this purpose, we
divided the class into two smaller groups and held the same workshop in two separate
rooms: one was recorded on video, the other was not.

As part of this study, we conducted six workshops with one school class each. Class sizes
ranged from 22 to 26 students; however, we recorded three groups of four students each
per participating class due to the separation into two large groups. In total, we recorded
18 videos, three videos in each school class participating in the study, each recording a
group of four students, with a total of 72 participants recorded. We chose six recordings
for an in-depth analysis, one from each of the six school classes visiting to have a diverse
sample. We previewed the videos and chose one video from each school class that was
the most different from the other videos recorded covering a wide range of exploratory
intuitive strategies (Table 5.1).

Video ID School
Year

Recording
Duration

Sorting
Time 1

Sorting
Time 2

Improve
ment(%)

Gender
(F/M)

1 5 50:24,5 15:51,4 06:54,3 56.4% 1/3

2 5 41:51,4 14:46,1 05:15,0 64.4% 0/4

3 5 40:55,7 13:53,6 07:21,3 47.1% 0/4

4 8 26:57,6 06:11,0 04:29,2 27.5% 2/2

5 8 27:10,5 06:56,4 04:17,2 38.2% 1/3

6 7 24:03,3 08:56,8 04:10,0 53.3% 1/3

Total 3h 31m 1h 6m 32m Overall:
51.0%

Table 5.1: Overview of recorded video data, including the students’ school year, which
indicates the school year of the participating group, total duration and improvement,
which represents the relative reduction in completion time from the first to the second
sorting round. The recorded duration includes the discussions between the two sorting
rounds.

5.3.2 Video Analysis

Three independent researchers contributed to the coding process. After each round,
the findings were discussed to refine the structure codes. Afterwards, we identified
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the emerging themes and strategies analysing code relations and patterns. We created
descriptive paraphrases for each participant’s individual sorting strategy during the
sorting rounds and discussion sequences. For this purpose we used abbreviations TL
(Top Left), BL (Bottom Left), TR (Top Right) and BR (Bottom Right) to identify the
four individual students in our comments and paraphrases. These abbreviations made it
easier to distinguish between each student, using their position around the table in the
video (Figure 5.1). Additionally, we add a number to this abbreviation to indicate the
group they were in, e.g. TL4. The analysis proceeded as follows:

1. Data Preparation: Since our video data consists of six video recordings, each
capturing a group of four participants (Figure 5.1) solving the card sorting task
described in Section 5.3, we split each video into the six task stages “Instruction 1”,
“Sorting Round 1”, “Instruction 2”, “Discussion”, “Sorting Round 2” and “Closing”.

2. Iterative Coding Process to create descriptive codes:
This process was carried out in six rounds over eight weeks.

a) Individual Coding: Each of the three researchers independently analysed
four of the six videos so every video was coded by two researchers independently.

b) Reflection: Joint discussion and reflection to refine codes, modify codes, and
discuss the results so far. After each round, each researcher reworked/recoded
the assigned videos again, including the changes they agreed on.

3. Interpretation: Identification, discussion, merging and categorisation of themes
and topics related to the students’ strategy development.

4. Produce a list of strategies: Compilation of identified strategies, their develop-
ment pathways, and illustrative examples.

5.3.3 Coding Scheme and Intercoder Reliability

To answer our research questions, we actively searched for code patterns that signal
uncertainty (e.g. “participants’ questions”) or learning moments (e.g. “strategy revision”),
as well as visible or verbalised computational processes (e.g. “computational process
visible”).

We intentionally used neutral codes, to be able to look at the different code patterns
afterwards and to draw connections to the emerged themes and strategies used. Over
eight weeks, we developed a coding scheme and grouped them into five supercodes 5.3,
consisting of 19 subcodes.

The intercoder-reliability was assessed by comparing each coded segment and calculating
the percentage of the temporal overlap. Each video was coded by two of the three
researchers. The pairings were carried out in such a way that each researcher coded the
video with another researcher the same number of times (2 × AB, 2 × BC, 2 × AC).
The 50% threshold was chosen based on preliminary trials that showed smaller overlaps
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Video Coder Pair Brennan &
Prediger’s κ

1 A - B 0.70

2 A - C 0.71

3 B - C 0.78

4 C - A 0.69

5 B - A 0.71

6 C - B 0.68

Table 5.2: Intercoder reliability per video measured using Brennan & Prediger’s κ.

(e.g., 20–30%) often reflected different events, while larger thresholds (e.g., 70–80%)
underestimated agreement due to minimal temporal shifts. A 50% overlap therefore
represented a reasonable balance for identifying the same situation across coders. This
threshold ensures that coders recognised the same situation, even if the exact timing
differed slightly. For example, if one researcher marked a participant question a fraction
of a second earlier or later than the other, both still identified the same episode, although
their segments would not fully overlap (Table 5.2). In some cases the codes were extremely
short and even the 50% threshold was not enough, even though the two researchers
noticed the same situation. Therefore, we aim for a Brennan & Prediger’s κ > 0.65,
which is a good value considering the challenges of extremely short segments.

5.4 Results

In this section, we present the findings of our video analysis, focussing on the intuitive
algorithmic strategies the students used (RQ1) and how these strategies evolved through-
out the sorting task (RQ2). The results are structured in two main dimensions: first,
we describe the initial group and individual strategies observed during the first round
of sorting. Then, we analyse changes in approach and revised strategies that appeared
during or after discussion phases. We conclude by highlighting selected scenarios that
illustrate key aspects of the students’ CT.

To support our analysis, we grouped our coded segments into thematic categories that
reflect relevant dimensions of the students’ problem-solving processes that we observed.
Rather than focussing on frequency or isolated segments, we used these categories to
find patterns and development across both individual and collaborative behaviour to be
able to browse the video material fast and efficiently, to answer our research questions.
Table 5.3 gives an overview of the main categories used in our interpretation.

The scheme includes descriptive codes grouped into five thematic supercodes: (1) tutor
interventions, (2) error, mistakes, and error manipulation, (3) individual cognitive
strategies, (4) group collaboration, and (5) visible sorting behaviours. Although code
frequencies are not the focus of this paper, they helped identify key segments and patterns
for qualitative interpretation to find the emergent intuitive strategies.
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Code Category Purpose and Description in the Analysis

Tutor Interventions All tutor actions during the task. Includes procedural
reminders, reactions to student input, and subtle hints.
Used to understand how external guidance influenced
group behaviour and the emerged strategies.

Error, Mistakes and
Error Management

Incorrect or unintended actions by students and how they
handled these mistakes, individually or as a group. Helped
identify moments of confusion or challenges in
understanding the task and indicates awareness, control
mechanisms, or learning from errors.

Participants’ thoughts
and computational

processes

Moments revealing inner reasoning, such as questions,
visible steps (e.g. laying out cards using a structured
system), or self-talk. Signals emerging strategies or
reflections. Also planning or adjusting strategies, either in
discussion or during sorting. Central to analysing how
approaches evolved (RQ2).

Social and Group
Collaboration

Task organisation within the group. Includes assignments,
helping behaviour, and minor conflicts. Used to trace
group dynamics.

Sorting Behaviour Describes observable sorting patterns similar to known
algorithms (e.g., selection, insertion), and data structures
used (e.g. stacks or arrays). Supports interpretation of
intuitive algorithmic thinking.

Table 5.3: Super-code categories used to browse and interpret the video data to answer
the research questions during the sorting task.

5.4.1 Initial Strategies

All six groups engaged in the sorting task by applying a divide-and-conquer strategy.
The card set design, which includes two different back colours and four frontside colours
per back, lends itself to task splitting and role distribution. While this general principle
appeared across all groups, the ways in which the students implemented it varied from a
dynamical approach during the sorting rounds to a fully prepared approach, where they
assigned tasks before starting the sorting.

Task Distribution and Role Assignment

Each group started by informally dividing the task into subtasks. In four of the six
groups, a brief discussion occurred before sorting round one. These discussions were
usually initiated by a participant asking what to do, or by someone making a proposal
(e.g., “I’ll take blue,” or “Everyone takes a stack and sorts it”). In three cases, the tutor
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Figure 5.2: Group 3: Comparison of sorting round 1 (left) vs sorting round 2 (right).
The red circle highlights the area where an error occured. In the second round this group
adapted their strategy to avoid this mistake by using visible separation of the cards on
the table.

explicitly reminded the group to think about a strategy and discuss how to organise
themselves.

The most common form of task distribution was colour-based: either each participant
took responsibility for a particular front colour, or groups divided the deck by the back
colour and further split subtasks among pairs. For example, in Group 1, participants first
split the deck into four piles according to the number of participants, two stacks for each
back colour. Then each student took a pile and further divided it into front-side colours.
From there, they individually worked to sort numbers within their assigned colours. Some
groups did this tacitly, while others explicitly coordinated the responsibilities.

In Group 3, the divide and conquer approach was also guided by seating position: diago-
nally opposite students formed sub-teams to handle one back colour each (Figure 5.2.
Within these subgroups, cards were laid out visibly between partners, and verbal coordi-
nation was minimal but effective. This spontaneous team formation shows how spatial
positioning influenced collaboration.

Interestingly, even when no explicit strategy was discussed before the first round, partici-
pants quickly began to act in ways that indicated shared assumptions about how the
task should be handled. For example, two groups (1 and 2) exhibited a pattern in which
the first student began laying out cards by front-side colour, and the others imitated this
behaviour.

Although most of the groups opted for individual parallel work within a divided structure,
the degree of interdependence varied. In some cases, participants occasionally reached
over to help a peer, handed over a card, or verified a pile. In others, they stayed focused
entirely on their own subset, even when they were visibly idle.

Observed Sorting Strategies

Across all six groups, a range of intuitive sorting strategies was observed. These varied
not only between groups, but also within groups and across the two sorting rounds.
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Despite no prior instruction on sorting algorithms, many participants employed intuitive
algorithmic strategies that resembled established algorithmic patterns, such as selection
or insertion sort (all groups), but also elements of bucket sort (Group 2 and 3) and merge
sort (Group 3 and 6).

An approach commonly observed was a version of selection sort, where participants
placed all cards of a certain frontside colour on the table and repeatedly picked the
smallest/largest remaining card to place it on a stack. Before doing so, they often prepared
the unsorted cards into structures resembling arrays or loose piles, either in-hand or on
the table. This prestructuring facilitated the subsequent search and placement process. It
reflects an intuitive separation of “working memory” and “output structure”, conceptually
close to the use of temporary storage in formal sorting algorithms. This was typically
done in silence or accompanied by verbalised self-instructions (e.g., “Where is 23?”).

Other participants used behaviours reminiscent of insertion sort. They held a stack in
their hands and inserted the incoming cards into the correct position. This was especially
common when fewer cards were involved or when participants were focused on a single
colour. The hand-based stack was often sorted “on the fly” indicating a high level of
familiarity or confidence. In some cases, students laid out cards one-by-one in a horizontal
row, adjusting positions during the process , a behaviour that aligns with list-based or
array-based insertions.

Merge sort-like behaviour was less common but observable in later stages (Group 3 and
6), particularly when participants combined their individually sorted stacks. In one case,
this merge was not planned but became necessary due to a sorting mistake, leading the
students to align two already-sorted sequences and interleave them systematically. This
indicates not only error handling, but also the emergent application of comparison-based
merging.

Participants frequently switched between sorting strategies, even within the same task.
For example, one student (TL, Group 5) began with insertion into a hand-held stack,
switched to laying cards out on the table, and eventually grouped cards before applying
a selection-like approach. These intuitive strategies emerged as students explored the
task without formal instruction, shaped by immediate feedback and the structure of the
materials.

Importantly, we found that nearly all participants organised their individual sorting task
into three intuitive phases: (1) preparation of the unsorted input (e.g., by grouping,
laying out or stacking cards), (2) card selection or insertion into a sorted structure, and
(3) transfer to a final, visibly sorted output. Across students, this process aligned with
algorithmic thinking, even if not named or formalised, and reflected consistent algorithmic
strategies. In particular, the separation of input preparation, rule-based processing, and
structured output demonstrates an emergent application of procedural decomposition
and data organisation, which are two key aspects of CS education.

Importantly, none of the participants verbalised algorithm names or showed signs of
having been taught these procedures formally. The strategies emerged naturally from the
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task structure and were shaped by their environment such as visibility, table space, and
peer behaviour. It is also notable that the strategy discussions in the group, between
the two sorting rounds, never included optimisation of individual sorting behaviour and
mainly focused on the distribution and parallelisation aspect of the task. Students sorted
algorithmically on their own, but did not use terms to label or explain these procedures.
The gap between visible processes and verbal strategies underscores the importance of
recognising intuitive algorithmic thinking through actions rather than words.

Scenario 5.1 illustrates the range and shift of observed behaviours: It exemplifies how
students initially acted based on everyday logic (“one person per colour”) and adjusted
their approach after encountering an inconsistency. It demonstrates a spontaneous but
revisable problem-solving strategy, shaped through joint action and minimal verbal
coordination.

Before Round 1:
After the general instruction of the task, the group appears unsure about the procedure.
After receiving the sorted stack and being advised to get familiar with it before shuffling,
one student begins turning cards around and recognising a pattern. Another student
suggests, “We are four, and there are four colours, everyone takes one.” The others
agree.

Round 1:
When the sorting round starts, one student (BR) begins to separate by frontside
colour. Shortly after, all other students started doing the same. They then start
individually sorting the front colours (not taking the back colours into account).

Before Round 2:
The group changes the task distribution and assigns different colours to not confuse
the back colours any more.

Scenario 5.1: Observed strategy shift after initial trial-and-error approach of one group.

5.4.2 Strategy Revisions and Changes in Round 2

Although each group started applying a divide-and-conquer strategy in the first round,
the way these strategies evolved in round two varied considerably. Across the six groups,
we observed explicit or implicit revisions of the strategy, often triggered by previously
encountered challenges or errors in either computational process or miscommunication. In
most groups, the post-round-1 discussion served as a moment of reflection and negotiation
of changes, although the degree of elaboration and clarity of these discussions differed.

A common pattern among groups who had experienced mistakes or coordination issues
in round 1 was adding control mechanisms in round 2. For instance, in Group 2, the
participants dynamically started to turn cards around randomly during sorting to double
check the back colour after previously mixing colours by accident. Similarly, Group 6
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added a spatial separation system by placing stacks with similar front colours far away
from each other on the table to avoid confusion.

In three groups (2, 3, and 6), the strategy was adapted to include dynamic task assignment,
i.e., participants did not stick to one specific colour or subtask but took over new ones
as they became available. This behaviour was not discussed beforehand but emerged
organically from within the process, especially in moments when one group member
finished early.

In contrast, two groups (1 and 4) stuck to their previously developed strategy, often with
only minor adjustments. In these cases, their revised strategy was already implicitly
stabilised toward the end of round 1, and the discussion before the second round mainly
served to confirm or reinforce what had proven effective.

In nearly all groups, strategy revision occurred without explicit reference to formal
algorithms. Instead, students described their changes in everyday terms (e.g. “We’ll do
it like last time, but better” or “Let’s help if someone is slow”). Scenario 5.2 illustrates a
case where a group revises their strategy both structurally and in terms of task awareness.
One group did not revise their strategy.

Round 1: The group starts by separating the backs, then assigning one frontside
colour per person. Each participant then sorts the numbers. After encountering
errors and mixed-up cards due to visually similar colours, they discuss improvements.

Round 2: The group decides to skip merging all back-colour stacks and instead
assigns each subteam one colour to work on separately. They also physically move
stacks with the same colour far apart to avoid accidental mixing. This subtle spatial
optimisation emerges directly from reflecting on their earlier mistake.

Scenario 5.2: Strategy refinement through spatial reorganisation and error reflection of
one group.

While all groups improved their performance in the second round, the ways in which they
did so ranged from minor refinements to substantial structural changes. The revisions
reflected a growing awareness of task complexity and showed clear signs of adaptive
problem-solving behaviour.

5.4.3 Group Collaboration and Emerging Roles

The collaboration patterns in the groups were shaped both by the task design and by the
preferences and social dynamics of the participants. While the overall goal was to sort
the designed card deck meaningfully, the concrete ways of organising and coordinating
varied across groups and evolved during the task, also according to their social behaviour.

In some groups, leadership emerged early on. Participants such as BR (Group 2),
TL (Group 5), and TR (Group 6) frequently initiated actions, gave instructions, or
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(re)assigned tasks to others. These roles were not formally established, but emerged
through action, often because these participants acted first, spoke more frequently, or
responded to uncertainty. In most cases, the others followed their lead without resistance,
suggesting a form of situational authority.

At the same time, help was often offered spontaneously and without explicit request.
Particularly in Group 3 and Group 4, we observed passive helping behaviour: students
supported slower group members or quietly corrected small mistakes. This indicates a
high degree of mutual awareness, even in the absence of verbal coordination. The role of
idle participants was also interesting: in several groups, students who had finished their
part started helping others, sometimes by taking over new tasks, sometimes by physically
rearranging cards to make the task easier for others.

In particular, task assignment took different forms. In some groups (e.g., Group 4), the
roles were distributed at the beginning and remained largely stable. In others, tasks
were dynamically negotiated throughout the sorting process. Group 3 even developed
a unique vocabulary to distinguish the colours of the card backs (“snow” and “palm”),
illustrating how collaboration also involved shared language development to resolve
ambiguity. One example of coordinated collaboration and emergent leadership can be
observed in Group 5. Their internal structure, task division, and use of space developed
progressively, supported by the verbal guidance of a single participant. This is illustrated
in Scenario 5.3.

Round 1: Right after the instruction phase, the group is visibly unsure and asks the
tutor for clarification about the task. TL takes a central role: they suggest how to
divide the task and guide the others through the first steps. The group divides into
two subteams, each sorting cards of one back colour. TL repeatedly verbalises what
to do next (“First we separate by colour, then by number”) and asks others if they
need help.

During sorting, the group builds a shared understanding of their table space: the
right side is used for completed stacks, the left for unsorted piles. The participants
support each other, both verbally and non-verbally, whenever someone falls behind.
Despite some mistakes in the first round, the group adapts well, remains calm, and
shows strong internal cohesion.

Scenario 5.3: Emerging leadership and structured collaboration of one group.

Although most groups avoided overt social conflict, small moments of miscommunication
or coordination breakdown occurred, often triggered by unclear task distribution or
parallel actions on shared card piles. However, in all cases, these conflicts were resolved
internally without a tutor intervention needed.

Taken together, the observed group dynamics highlight how collaborative problem-
solving involves more than dividing the task: it includes negotiation of responsibilities,
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management of idle time, spontaneous support, and shared sense-making, all of which
contributed to the evolving group strategies.

5.4.4 Strategy Patterns on the Individual and Group Level

To summarise the patterns observed across all six groups, we derived a set of recurring
strategies and behaviours at both the individual and group level. These were not
predefined, but emerged inductively from our video analysis and reflect the diversity
of ways in which students intuitively approached the task, collaborated, and adapted
their strategies. Table 5.4 provides an overview of these observed phenomena, structured
along three main dimensions: strategy development and change, collaboration and role
dynamics, and visible sorting behaviour.

These findings show that students developed systematic, algorithmic strategies (RQ1)
and collaboratively adapted them to address challenges during peer interactions (RQ2).

5.5 Discussion

This section reflects on the main findings of our study and discusses their implications in
light of the existing literature. We focus on the intuitive strategies identified (RQ1), the
ways in which students revised and improved their approaches (RQ2), and the broader
implications for teaching algorithmic thinking through unplugged activities.

5.5.1 Intuitive Strategies and Algorithmic Thinking (RQ1)

In all six groups, diverse intuitive strategies emerged naturally during the card-sorting
task, as summarised in Table 5.4. Although participants were not familiar with formal
sorting algorithms, they still applied intuitive algorithmic strategies similar to selection,
insertion, and sometimes merge sort. These untrained responses align with earlier findings
on young learners’ algorithmic intuition [48, 90].

What stood out, however, were the group-level differences in how these strategies emerged
and stabilised. Some groups tended to show more visible coordination early on: they asked
each other clarifying questions, verbalised their sorting actions, or explicitly reflected
on what was working. These groups achieved notably shorter completion times in the
second sorting round, indicating more coordination and strategy revision. In contrast,
participants in other groups, especially those that initially lacked structure, also addressed
short questions to the tutor, either to confirm their understanding or to reorient the
group. While the tutor responses were often brief and focused on the instruction rather
than conceptual hints, they occasionally helped resolve confusion or refocus attention.

These observations suggest that intuitive problem-solving is not purely individual, but
can be supported by social and instructional cues. Short verbal interactions, whether
peer- or tutor-driven, seemed to facilitate the articulation and refinement of strategies.

61



5. Intuitive Problem-Solving Strategies

Theme Individual Level Group Level

1. Strategy Development and Change

Trial-and-Error Trying out sorting without a clear
structure or plan

Group revises overall approach after
noticing mistakes or inefficiencies

Self-Correction Realising a mistake and adjusting it
individually

Mistakes are discussed or corrected
collaboratively

Strategy
Revision

Adapting one’s own approach between
rounds

Group reflects on what worked and
agrees on a refined procedure

Questioning Asking oneself or others about the next
step

Expressing uncertainty and negotiating
how to proceed

Control
Mechanisms

Turning cards to check correctness,
double-checking piles

Introduction of joint checking strategies
to prevent errors

2. Collaboration and Role Dynamics

Task Focus Sorting one’s assigned subset without
distraction

Responsibilities are distributed explicitly
or implicitly

Helping
Behaviour

Supporting others without being asked Idle members join in or assist actively

Leadership Verbally structuring the process or
explaining one’s method

One or two members take on a guiding
role during the task

Dynamic
Allocation

Picking up new tasks once finished with
own stack

Subtasks are reassigned flexibly as
needed

Shared
Language

Using self-made terms to refer to colours
or actions

Group creates and adopts terminology
to coordinate better

3. Sorting Behaviour and Structures

Selection-
Based Sorting

Picking smallest/largest next card into
hand or pile

Use of shared stacks or areas for
stepwise selection

Insertion and
Rearrangement

Re-sorting by inserting cards into correct
positions

Rearranging table layouts collaboratively

Use of Arrays
and Stacks

Structured use of table space (arrays) or
in-hand stacks

Regions on the table represent subtasks
or data structures

Merge and
Combine

Combining own sorted piles with others Team-based merging strategies emerge
during second round

Space as
Structure

Using table space to separate sorted
from unsorted

Shared understanding of visual
boundaries and placement

Table 5.4: Observed intuitive problem-solving and algorithmic strategies at individual
and group levels.

This dynamic interplay between intuitive behaviour and external scaffolding opens new
questions about how such support can be used intentionally in future interventions.

Interestingly, while algorithm-like behaviours emerged, they were highly fluid and adaptive.
Participants frequently switched between approaches, sometimes combining them within
a single sequence. This flexibility supports the view that algorithmic thinking is less

62



5.5. Discussion

about rigid procedures and more about structuring action in a purposeful way. However,
when it comes to machine execution, algorithms still rely on precisely defined and rigid
procedures.

Rather than following fixed rules, the students developed strategies through observa-
tion, trial and error, and imitation. These patterns reinforce previous research that
emphasises the role of low-threshold exploratory activities in developing CT skills in
K-12 education [18, 70].

5.5.2 Strategy Revision and Learning (RQ2)

The second research question focused on how participants revised their strategies during
the task. While some groups refined their approach only slightly, others restructured
their entire workflow after encountering difficulties in the first round. These adjustments
reflect meaningful learning processes, in which students became aware of inefficiencies or
sources of error and took action to avoid them.

A central finding was that strategy revisions rarely occurred in abstract or general terms.
Instead, they were triggered by concrete experiences, errors, slow progress, or coordination
breakdowns. The groups then introduced changes such as reassigning roles, reorganising
task sequences, or introducing control mechanisms such as spatial separation of card
stacks or peer checking. This kind of situated learning through reflection-in-action is a
common feature of problem-solving in collaborative settings [72].

These observations also highlight the importance of cognitive load in shaping strategy
revision. In particular, in the first round, some participants seemed overwhelmed by the
complexity of the sorting task and failed to coordinate effectively. Afterward, their revised
strategies aimed to reduce cognitive effort, for example, by simplifying the distribution
of subtasks or avoiding confusing colour combinations. This aligns with findings from
cognitive load theory [82, 83] and more recent studies in programming education showing
that cognitive relief fosters better performance and motivation [17, 88].

Moreover, the tendency to build on what had worked in round one suggests a shift from
unstructured experimentation to increasingly systematic thinking. This was not always
verbalised by participants; in fact, many struggled to articulate their strategies when
asked, but their actions became more deliberate. The gap between performance and
explanation also echoes previous findings that procedural understanding often precedes
the ability to express abstract concepts.

In this sense, the unplugged nature of the task supported not just CT but also metacog-
nitive growth. As students externalised their process through sorting, discussing, and
revising together, they made their own thinking visible, both to peers and to themselves.

5.5.3 Collaboration and Group Dynamics

Beyond individual approaches, our findings highlight the essential role of collaboration in
the development of algorithmic problem-solving. While theoretically feasible through
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parallel task division, the real group interactions were more intricate and frequently
crucial to success.

In many groups, one or two participants assumed the guiding role, either by giving
verbal instructions, suggesting how to distribute tasks, or supporting others during idle
times. These roles emerged informally, without being explicitly assigned, and were often
accepted by the rest of the group without resistance. The presence of such roles helped
structure the process and facilitated coordination, especially in moments of uncertainty
or error.

Help was also frequently offered spontaneously, particularly when someone was visibly
slower or made a mistake. In some cases, group members began dynamically reassigning
subtasks or physically rearranging cards to support others, behaviours that were not
discussed in advance but emerged naturally from the situation. These observations echo
patterns found in other studies of collaborative learning, where short interaction sequences,
turntaking, and implicit negotiation of roles shape how joint strategies develop [78].

Interestingly, participants developed shared systems and strategies not only for sorting,
but also for managing complexity, such as using spatial separation or inventing their own
vocabulary to avoid confusion between similar colours. These forms of implicit coordina-
tion reflect a high level of procedural engagement, even when explicit communication
was minimal.

Our findings suggest that collaborative problem-solving in CS tasks includes more than
just dividing the work. It also involves ongoing negotiation of responsibilities, shared
awareness, and the readiness to support others in moments of difficulty, all of which
contributed to the evolving group strategies.

5.5.4 Computer Science Concepts in Intuitive Sorting Strategies

One of the most striking results of our analysis is the degree to which CS concepts
emerged, even in the absence of any formal instruction or explicit terminology. Across all
groups, we observed behaviours that corresponded to fundamental algorithmic principles:
selecting minimal elements, maintaining sorted structures, distributing data by attributes,
and merging intermediate results. These are not trivial actions. They reflect the core of
what we understand as algorithmic thinking [29, 94].

What makes these findings particularly valuable is that they were not the result of prior
formal programming education or rehearsed strategies. While individual prior experiences
cannot be fully ruled out, the observed strategies appeared naturally through interaction
with the task and through collaboration with others. This shows that algorithmic thinking
is not tied to syntax, code or tools but is rooted in the structure of problems and how
learners make sense of them.

The way in which the students adapted their strategies illustrates a deep intuitive grasp of
core CS concepts, such as control flow, data organisation, and procedural decomposition.
These patterns confirm the potential of unplugged activities not only to teach concepts,
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but also to reveal how children already think computationally, before they are even aware
of it.

In our view, this is a key insight for the future of computing education. If we want to
teach algorithms meaningfully, we need to start by understanding how learners already
approach algorithmic problems: on their own terms, with their own strategies. Supporting
and expanding these intuitions may be more effective than replacing them with formal
procedures from the start.

This perspective also opens new research directions: How do learners develop these intu-
itions on different types of tasks? What kinds of instructional settings foster productive
and transferable strategies? And how can we make these emerging processes visible not
just to researchers, but to learners themselves?

5.5.5 Implications for CS Education

Our findings suggest several implications for the design of learning environments in CS
education, particularly in the context of early algorithmic thinking.

• The spontaneous emergence of structured problem-solving behaviours in sorting
tasks highlights the importance of connecting new content with existing learners’
intuitions. Rather than starting with formal definitions or abstract procedures, it
may be more effective to start with tasks that make implicit strategies of learners
visible. Recognising and naming what students already do, such as grouping,
sorting, checking, and merging, we can reduce entry barriers, cognitive overload
and increase engagement. This approach may also support self-efficacy, especially
for those with little or no prior exposure to CS.

• The instructional design can explicitly build on the themes of intuitive strategies
observed in this study. Many participants employed strategies that resembled
well-known algorithmic structures, even without prior instruction. Teachers can use
these moments as a bridge to introduce formal concepts, for example, by showing
how a student’s approach mirrors the sort of selection or how the merging strategies
of two participants resemble recursive thinking. Making these connections explicit
could foster a deeper understanding of algorithms as flexible, purposeful tools rather
than rigid sequences.

Furthermore, our study underlines the value of hands-on collaborative activities, especially
those that allow visible manipulation and shared reasoning. The unplugged setting allowed
students to externalise their thinking, observe each other, and refine strategies while
learning from each other.

5.5.6 Limitations and Future Work

This study offers detailed information on how intuitive algorithmic strategies emerge in
collaborative sorting tasks. However, several limitations must be acknowledged. Due to
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the outreach setting, participant selection was limited by logistical factors, particularly
the requirement of parental consent for video recording. As a result, the sample was
neither intentionally diverse nor homogeneous. Furthermore, our analysis was based
exclusively on video data from a bird’s eye perspective, which limited access to student
reasoning beyond what was verbalised or made visible. Tutor interventions, though
intended to be minimal, also varied slightly between groups.

These limitations open up directions for future work. An important question is how
intuitive strategies can be made more visible and discussable within groups, whether
through prompts, guided reflection, or peer explanation. Future research could also
explore how such strategies develop in other types of problem, beyond sorting, such as
search, decision-making, or control structures. It is notable that participants had no
prior exposure to sorting algorithms. Introducing formal training on these algorithms,
followed by a repeated experiment, could enhance their strategy articulation.

5.6 Conclusion

The card-sorting task provided a window into how students approach algorithmic problems
when given the freedom to act without predefined methods. Many of the observed
strategies reflected key ideas from CS, such as ordering, grouping, and dividing work,
but these patterns emerged naturally, shaped by the task and the group setting.

We found that the students not only developed intuitive approaches but also revised them
when they proved ineffective. These revisions were often subtle: changes in distribution,
clearer role assignment, or the introduction of simple control mechanisms. In several
cases, tutor interventions or peer questions played a role in triggering these improvements.

What stood out most was how much of this thinking remained unspoken. The learners
acted with intention, but rarely gave names to their strategies. This gap between
performance and explanation points to an opportunity in CS education: Rather than
replacing intuitive behaviour with formalism too early, we argue that CS interventions
should deliberately build on these existing strategies. Tasks that first elicit the learners’
own approaches and make them visible within a group can provide a powerful foundation
for later introducing formal concepts and give feedback to the teacher in the students’
learning process. We should focus more on helping students recognise and refine the
strategies they already use, taking them as a starting point for future discussions, e.g.
formalising sorting algorithms to programming languages.

By observing how algorithmic thinking emerges in collaborative settings, we gained a
better understanding of how to support it, not just through instruction but by creating
an environment for learners to develop their own solutions first.
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CHAPTER 6
From Intuition to Algorithm:
Revision of Intuitive Sorting

Strategies

So far, we explored how students perceive the term Algorithm and found out that
they have a string disposition to connect it to repetitions, but in two different ways:
Most commonly (1) repeating the algorithmic procedure itself, or (2) a repetition as an
algorithmic construct inside an algorithmic sequence to repeat a specific command or a
set of commands. In addition to that, they also build heavily on their personal experience
and daily life (Chapter 4).

This outcome is important because we now know that the term algorithm truly is an
abstract construct for children between the ages of 11-12. Building on this, our second
study (Chapter 5) went further, trying to find out more about these intuitive and naturally
occurring algorithmic perceptions in the form of their intuitive strategies while solving an
algorithmic task. We successfully displayed the problem-solving strategies that naturally
occur in children of this age group, such as divide-and-conquer, trial-and-error, and
parallelisation.

In this chapter, we go even further and ask the question:

RQ1: How do students’ individual and collaborative sorting strategies change after a
targeted algorithmic intervention?.

To answer this question, we conducted another study using video analysis, but with a
curcial difference. We used a learning intervention between the two sorting rounds of the
card-sorting activity of Section 5.3.

The findings will contribute in two different ways: first, they allow us to observe whether
and how previously intuitive strategies become more structured or algorithmically
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grounded after a short CS Unplugged intervention, targeting the same concept but
in a different application. Second, they help us understand to what extent children can
adopt, adapt, or critically evaluate newly introduced sorting algorithms, and how these
ideas manifest in their individual and group strategies.

We can trace both the continuity of intuitive approaches and the emergence of more
formalised Computational Thinking (CT), and in particular problem-solving. The analysis
bridges the gap between implicit problem-solving strategies and explicit algorithmic
reasoning in the context of a collaborative unplugged sorting task.

6.1 Methodology

This study builds on the previous investigation of intuitive strategies in unplugged sorting
tasks (Chapter 5, [45]) and explores how students refine their strategies after a structured
algorithmic intervention.

The data consists of five workshop recordings, each involving four lower secondary school
students working collaboratively on the card-sorting task (Section 5.3) in two rounds,
with an intervention between.

Participants and Setting.

The workshops were held in the eduLAB, a dedicated outreach space for computer science
education at TU Wien (see 2.2.2). All participating students were between 10 and 12
years old and had no prior formal instruction in sorting algorithms or algorithms in
general. Each group consisted of four students, seated around a shared workspace. The
workshop was led by university student assistants who introduced the task and facilitated
the sessions without providing strategic guidance during the sorting phases.

The core task remained identical to the one used in Chapter 5: the students were asked
to sort a shuffled deck of cards as quickly as possible. The cards featured two different
back colours (two decks) and four front colours, with numbers ranging from 10 to 99.
The goal was to sort the cards in such a way that the colours were grouped together
and that the numbers were ordered within each front colour. This structure allowed for
multiple sorting strategies and made collaborative work necessary.

CS Unplugged intervention Between the Sorting Rounds.

Between the two sorting rounds, a targeted algorithmic intervention was introduced.
Each student temporarily left their group to participate in a short expert session focused
on a specific sorting algorithm. One student learnt bubble sort, one merge sort, one quick
sort, and one bucket sort (Figure 6.1).

This intervention involved a 3D printed sorting balance bar (Figure 6.2) that helped
demonstrate the respective algorithmic processes. The intervention was inspired by
the CS Unplugged activity “Lightest and Heaviest – Sorting algorithms” [10] . In this
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Figure 6.1: Overview of how the sorting intervention grouping happened: Each group
member learns about a different sorting concept with a 3D-printed balance scale and
comes back afterwards in their group again.

activity, the balance scale serves to compare two values. The weights of the cubes differ
by only 2 grams, which is crucial to prevent children from intuitively perceiving the
lighter or heavier cube by hand alone. Thus, they are forced to use the balance scale
for determination. This approach not only demonstrates the sorting algorithm but also
emphasises the method of binary comparisons, which is how a computer program works.

The 3D printed models we used were developed by Annika Vielsack [92] . The idea was
to create a small version of a classical balance scale as a light and inexpensive classroom
version, so it is easy to produce a scale for every child.

The group separation in this intervention happened randomly. Each expert group of one
sorting algorithm was supported by one workshop tutor. The tutors demonstrated the
concept of the algorithm with the balance scale, and the children had a few minutes to
practice the algorithm with it. The scales’ main purpose is to show that a computer
compares can only compare two digits. For bucket sort the tutors used an additional
unicoloured small range of numbered cards. All children also had the opportunity
to transfer the concept to number cards at the end of the intervention session. We
intentionally introduced them to a new sorting concept with a different tool than
previously used to be able to observe their ability to transfer the concepts to the card-
sorting problem.

After learning and trying out the algorithm individually with the sorting scale, the
students returned to their groups and engaged in a collaborative discussion. They were
asked to agree on a strategy for the second sorting round, ideally integrating the new
insights from their expert session. The tutors did not guide this discussion. The second
round then followed under the same conditions as the first, but the students were expected
to optimise and execute a refined sorting process.
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Figure 6.2: The CS Unplugged intervention to demonstrate different sorting algorithms
during the intervention. A balance scale with differently weighed cubes to sort.

Video Analysis and Data Segmentation.

Each group session was recorded from a bird’s-eye perspective. The analysis focused on
both group-level dynamics and individual strategies throughout the two rounds. Each
video was segmented into four key phases:

Pre: Instructional Phase – Student Assistants explain the structure of the card set and
the task.

1. Preparation Phase - Initial discussion before the first sorting attempt.

2. Sorting Phase 1 – Sorting without prior formal introduction to problem-solving
strategies and sorting algorithms.

3. Intervention Phase – Each group of four splits up into an expert group to learn one
specific sorting algorithm.

4. Discussion Phase – The original group of four comes together again and discusses
the demonstrated algorithms. Their task is now to find a strategy to beat their
own previous attempt and be faster in a second attempt.

5. Sorting Phase 2 – Sorting with the groups’ revised strategy.
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6.1. Methodology

Figure 6.3: Overview of the task process: from the first instruction through the tutors to
the end of the second sorting round.

Analytical Approach.

The analysis of the videos in this study is based on detailed paraphrases of the observable
sorting strategies of the students in two rounds. Instead of transcribing spoken language
word for word, the video sequences were paraphrased in a structured way, aiming to
describe what was done and how the sorting process unfolded, rather than what was said
or their emotional reaction.

This methodological approach is influenced by several qualitative traditions. First, it
follows the idea of qualitative content analysis as described by Mayring [56], where the
complex material is paraphrased and reduced without losing its essential structure. We
also know this purely describing aspect of the research material from the documentary
method [12]. In that sense, the sorting activity of each child was condensed into a clear
narrative of the sorting process.

At the same time, principles from Thematic Analysis (TA) [13] were applied. Particularly,
we identified recurring elements such as selection-sort-based, bucket-like or unstructured
sorting strategies. These patterns were not coded in a technical sense like it is typical for
Qualitative Content Analysis (QCA), but they were recognised and categorised through
repeated comparison and occurence. We also compare these emerging themes with the
students’ first and second sorting attempt to identify patterns.

From the results of [48] and Chapter 5 we already know that children have difficulty
describing and articulating their skills. Pseudocode-like reconstructions were then derived
from these definitions to represent the observed logic in an abstracted form. These
pseudocode reconstructions accompanying each case are not meant as formal models but
rather as analytical sketches that deliver additional a condensed overview of the used
algorithm.

For each task-phase we analysed group-level strategies in terms of coordination, division
of tasks, and consistency of strategy to be compared with the outcomes of Chapter 5.
In addition, each student’s individual sorting actions were paraphrased in detail. These
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Figure 6.4: Video Analysis Process to create the paraphrases.

paraphrases were used to explore the shift of in their sorting strategies. We then compared
sorting round one and sorting round two per individual to assess changes, such as data
preparation (e.g. how unsorted cards were laid out), sorting structure (e.g. pile formation,
buckets, arrays), selection logic (e.g. selection criteria of the next card) or adapting their
strategies (e.g. shift to another sorting strategy).

The paraphrases were developed in an iterative and collaborative research process that
involved the author and four undergraduate research assistants who are also experienced
in conducting eduLAB workshops. Each video (= each group) was paraphrased in detail
by one person and then presented to the other researchers. In regular team meetings, the
sequences were reviewed and discussed collectively with the goal of reaching agreement
on the descriptions and collecting the interpretation of the sorting actions. Since the
paraphrasing was deliberately focused on visible behaviour due to the research setup
(describing what could be seen rather than interpreting), disagreements were infrequent
and usually minor. All cases went through four rounds of reflection and feedback, and
each paraphrase was seen and confirmed (or commented on) by all of the other team
members(Figure 6.4).

Based on these results, pseudocode reconstructions were created to represent the core logic
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of each student’s sorting behaviour. These reconstructions did not aim for perfect formal
correctness, but focused on capturing the algorithmic structure behind the observed
actions and labelling them with a well-known sorting algorithm, e.g. selection sort. Small
errors or inconsistencies were ignored if the underlying pattern remained stable. In this
sense, the pseudocode sketches served as abstractions that helped to identify and compare
procedural strategies between students and between rounds to better be able and observe
the changes from round one to two.

All the data and the observed strategy changes were collected in a table and the basis for
further analysis to look at different cases of sorting strategies used (e.g. transfer from
selection sort to merge sort). One table specifically looked at each student individually
and another was used to observe the overall group strategies. The analytical aspects
which include both the analytical parts and the interpretive parts are summarised and
described in Table 6.1.

In contrast to the previous study (Chapter 5), where open coding was applied to identify
emergent problem-solving strategies, this analysis did not repeat that process. In an
initial browsing through the video material, we found no new key types of general problem-
solving strategies beside those already identified in the previous study (see Table 5.4).
Instead, the focus in this study lies on how previously observed sorting strategies were
refined or restructured after the newly added intervention between the two sorting rounds
(Figure 6.3). This supports our overall goal to develop an environment that offers transfer
from intuitive algorithmic strategies and everyday problem-solving logic to new and more
complex concepts. For example, being able to talk about specific sorting strategies and
use more complex ones.

6.2 Observations and Findings

We will give an overview of each student’s individual sorting strategy and a summary of
the general group strategy, focussing on the shift between the first sorting round and the
second sorting round. This section is based on the outcomes of the researchers’ group
discussions during the analysis process and the paraphrases, including some important
direct quotes from the participating children.

To improve readability, we have used randomly use male and female pronouns 50 %
for anonymised participants. As we need to distinguish between the group and the
individuals, it can get confusing using the gender-neutral pronouns ‘they’ and ‘them’
while talking about individuals and groups.

6.2.1 Descriptive Overview of Strategy Changes

In general, all five groups showed improvements in the second sorting round compared to
the first sorting round in the discussion part of their strategies. This means that they
actively talked about the algorithms demonstrated during the intervention time. We
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also provide a condensed table version as an overview of the findings before starting to
interpret and discuss them in Section 6.3.

Analytical Focus Description

Individual Round 1 –
Paraphrased Descrip-
tion

A detailed and narrative description of the student’s individual
sorting process during the first round. Focus lies on how data is
prepared and structured, how cards are selected, and whether the
process remains stable or shifts mid-way. Based entirely on video
observations.

Individual Round 1 –
Pseudocode Sketch

An interpretive sketch of the sorting logic behind the observed in-
dividual sorting strategy, written in pseudocode-like form. Minor
inconsistencies or interruptions were ignored if the underlying struc-
ture was recognisable and coherent.

Round 1 – Interpreta-
tion

An informal commentary on how clear, systematic or algorithmic
the observed strategy appeared. These interpretations were always
part of the reflective discussions of the researchers in the analysis
process.

Individual Round 2 –
Paraphrased Descrip-
tion

A detailed narrative description of the student’s sorting behaviour
during the second round.

Round 2 – Pseudocode
Sketch

A revised sketch of the sorting logic in pseudocode-like form, adapted
to reflect the second round behaviour. Again, small deviations are
ignored if the general structure holds.

Individual Strategy
Changes

A reflection on what changed between both rounds. Includes adjust-
ments in card preparation, search method, structure, or coordination.
Comments highlight any other observed shifts.

Individual Round 2 – In-
terpretation

A brief interpretive comment on the student’s strategy in round two,
with regard to adaptability and possible transfer of new ideas from
the intervention.

Group Preparation A brief account of what the group did before the sorting began. Notes
if there was any form of planning, proposed strategy, division of
labour or visible hesitation. Often paraphrased from short utterances
or observed actions.

Group Sorting Strategy
(Round 1)

A compact paraphrase of how the group sorted the cards during the
first round. Focus is on the organisation of work (e.g. divide-and-
conquer), role distribution and observable coordination patterns.

Group Intervention Par-
ticipation

A short summary of how the group approached the sorting in the
second round. Notes whether and how the coordination or task
distribution changed.

Group Intervention Dis-
cussion

A paraphrased account of what was said during the group discussion
after the first round. May include short transcript excerpts or
rephrasings of key contributions. Focus is on whether the group
revised or negotiated their strategy.

Table 6.1: Analytical foci used in individual and group-level video interpretation
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6.2.2 Strategy Development Across Two Sorting Rounds in Detail

This section gives a condensed overview of the paraphrased videos from the perspective
of each group and each individual. Afterwards, we will summarise the different types of
changes we observed, e.g. changing from a selection sort to a bucket sort strategy.

Group 1

This group showed greater initiative compared to other groups in looking at the structure
of the card deck in the beginning. The distribution of cards was discussed quite thoroughly
at the beginning, including where to place the sub-decks and how to divide the different
tasks between the four children. They decided to sort first by back colour, then by front
colour, and finally by number. This group explicitly discussed an initial division of the
table into two sides: one for bamboo backs and one for flower backs. In general, this
strategy was used by most of the groups and videos, also in Chapter 5. This group was
special because they explicitly brought up the topic in the discussion before even starting.

Each child received approximately one-quarter of the full deck. After sorting their
allocated cards by back colour, the group split into two teams, one for each back colour,
on each side of the table. From there, the sorting continued collaboratively, first by
front colour (with four stacks, one for each colour), and finally by numerical order. In
particular, the group decided to use bucket sort in the second round, but not all children
adapted their original approach consistently.

The intervention discussion featured explanations of merge sort, quick sort, and bubble
sort. Some children criticised quick sort for being ‘too random’ and dismissed bubble
sort as too slow.

In the second round, the structural division of work remained the same. However, there
were differences in how rigorously individual children implemented bucket sort or stuck
to previously used methods. Two showed more confidence and speed, while the other
two continued with their previous approach, regardless of the group agreement.

Group1/Top Left: TL began the task by dividing his assigned quarter sub-stack
by separating the cards by their back colour into two piles. He helped TR to further
separate the backs allocated to TR, and also helped to separate them by front colour.
He then helped to combine back-colour cards to create two back-colour sub-stacks. For
number sorting, he used a selection-sort-like approach. The cards were first laid out on
the table unstructured, and then he looked for the smallest remaining card, which he
picked and added to a hand-held stack. Later, he introduced one single pivot-based split
in the beginning (e.g. under and over 40), and then combining bucket and selection sort
strategies.

In the second round, he repeated a similar pattern but changed the pivot from 40 to 50.
The card handling was similar, but now he created smaller buckets and used them for
selection-like sorting. His strategy remained somewhat hybrid and unstructured, even
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Student Round 1 Strategy Round 2 Strategy Observed Change

Top Left Selection-sort strategy
with unstructured card
layout; later used pivot
to split cards into two
halves

Continued selection
with bucket-like split
using adjusted pivot;
layout remained hybrid

Slightly more struc-
tured and confident;
faster execution but
strategy still inconsis-
tent

Top Right Insertion strategy using
array-like layout on the
table; shifted cards to
insert new ones

Repeated same strategy
with identical structure
and handling

No observable change;
consistent execution de-
spite group agreement
on bucket sort

Bottom Left Started with confusing
double-sort logic, then
reorganised to front-
and back-colour-first
sorting; used array-like
layout for numbers

Adopted bucket sort
with consistent sort-
ing process and layout;
helped others after fin-
ishing

Clear strategic shift;
faster, structured and
more collaborative han-
dling

Bottom Right Insertion strategy with
spatial layout; grouped
cards by magnitude be-
fore sorting

Used bucket sort with
spatial sorting and part-
ner assistance

Strategy became more
confident and struc-
tured; increased use of
space and collaboration

Table 6.2: Summary of individual strategy development – Group 1

though the group had agreed on a clean bucket sort approach. However, the structure
with respect to organising the cards and his confidence in the sorting process appeared
to improve slightly because he was faster and better prepared.

Group1/Top Right: TR was responsible for distributing the cards at the beginning
and then separated his own quarter stack by back colours. He worked together with TL
separating one back-colour sub-deck by front colours to build four front-colour sub-decks.
He used an insertion sorting strategy that placed cards in a sorted sequence (Figure 6.5):
cards were placed in a linear sequence on the table in roughly the right order, with high
numbers to the right and low numbers to the left. If a new card needed to go between
others, he shifted the cards manually to make space to insert the new number.

This card-organising structure was visually similar to working with an array, although
gaps and overlaps made the layout more flexible. Once he had placed all the cards, he
collected them one after another in order to create a sorted stack. This was done for
two front-colour sub-decks, each time using the same array-like ‘data’ structure. His
execution was quite careful, and he also rearranged cards after some mistakes.

In the second round, he followed exactly the same approach. No changes were made,
despite the fact that the group had agreed on using bucket sort. He neither challenged
the agreement nor explained his own method to the group. His contribution to the group
discussion was minimal, and his sorting strategy, as well as card organisation, showed no
influence from the intervention. However, his execution remained stable.
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Figure 6.5: Organising the card deck by using the table space to separate the two
back-colour sub-decks and laying the cards out in a roughly array-like sequence on the
table

Group1/Bottom Left: BL attempted to sort his assigned cards by both back and
front colour simultaneously. After sorting about half the stack, he abandoned this
dual-strategy approach and focused first on separating the two different back colours.
After he finished this task, he took over a pile of already back-colour-separated cards
and continued sorting them by front colour into separate sub-decks. While sorting, he
gave verbal instructions to BR, indicating a sense of structure and group coordination.

As the sorting by numbers started, he took one front-colour sub-deck and laid them out
on the table, placing each card approximately where it belonged in comparison to those
already laid out. If needed, he shifted cards to make space. The limited table space led
him to start a second row beneath the first one (Figure 6.5). Once finished with this task,
he hesitated whether to start with the smallest or largest value but ultimately chose the
smallest and built a sorted stack in his hands. He then repeated the same process with
another front-colour sub-deck.

In the second round, he switched to a clearly visible bucket sort approach, consistently
applying it across the two sub-decks he was responsible for. Although one error remained
unnoticed, his sorting was systematic and faster than in sorting round one. After sorting,
he helped BR with a stack and played a key role in merging the final sorted sub-decks.
He had been highly active during the intervention discussion, interrogating others about
their algorithms and proposing quick sort before agreeing that bucket sort would be
fastest. He also specified how the sorted stacks should be laid out, although later he
broke his own rule by starting a new stack to avoid spatial interference with BR, which
also shows a high level of adaptability.
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Group1/Bottom Right: BR began by separating the cards from his assigned quarter
stack by back colour while keeping all the cards on the table and not in his hands. He
put all the same back-coloured cards on his side, and put the other back-colour cards
to TL. Some mistakes occurred during this process, such as placing flower-back cards
on his own side, but these were quickly corrected by himself, which shows awareness of
the process. He then merged the cards on his side with those of BL with the same back
colour, which had already been separated by front colour, and started number sorting
the blue front-colour sub-deck.

He used an insertion sort-like method: He laid the cards out on the table in a row,
placing each card approximately in the correct position. BR seemed to aim for visibility
and a rough order first. After all cards were laid out, he picked them up starting from
the smallest and paid attention to the exact sequencing order. He then reversed the
sorted stack so that the largest card was on top. He did not sort a second stack, but
instead helped BL with the green front cards and had a passive role while the other
group members merged the final stack. His second stack remained unsorted, and no one
noticed.

In the second round, BR applied bucket sort as discussed in the group. Although he was
initially confused, which was observable through his hesitant movements, he gradually
became more confident. It seems that by observing the other children in his group he
adapted the strategy and became more confident. His buckets were spatially laid on the
table and sorted through a mixture of dragging, repositioning, and picking up cards,
rather than doing everything with a stack in his hands. He also assisted BL in completing
the sorting, using a hand-over-hand strategy in which each child focused on a part of the
range. This spatial approach and the reliance on physical layout were already apparent
in the first round, suggesting a consistent preference for working with visual structures
on the table rather than holding cards in hand as many other children in this study did.

Group 2

This group started with a fairly coordinated distribution of cards by back colour. Two
group members were together responsible for one of the two back-colour sub-decks,
resulting in each child being responsible for sorting two different front-colour sub-decks.
They briefly discussed the structure of laying cards out, but did not continue to shape this
idea in more detail. During the first round of classification, many of the intuitive strategies
discovered in Chapter 5 were used, e.g. shared language, self-correction, trial-and-error
and dynamic allocation.

In the discussion phase, the group could not agree on one sorting strategy, but they
focused on new sorting algorithms: bucket sort and merge sort received the most attention.

In the second sorting round there was visibly more structure, e.g. they organised the cards
in a stack and/or an array structure to be faster to browse through the cards than just
laying them out unorganised on the table. The overall strategy in this group regarding
the sorting algorithms changed for every group member, as they did not initially use the
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Figure 6.6: Overview of different card-structuring strategies, representing arrays (BR,
TR) though laying out cards in an array-like structure, stacks (blue fornt colour sub deck
on the left side) and piles (unstructured yellow front coloured card pile between BR and
BL).

algorithms they used in the second round, but they were more successful and showed signs
of more confidence through faster movements and fewer mistakes, e.g. always putting
the smallest number on the stack.

Student Round 1 Strategy Round 2 Strategy Observed Change

Top Left Selection-sort-like strat-
egy with some trial-and-
error, limited algorith-
mic clarity

Adopted bucket sort,
improved structure,
clearer layout

More structured card
handling, slightly more
systematic but still hes-
itant

Top Right Insertion sort, some con-
fusion and hesitations,
slowest in group

Adopted bucket sort,
structured execution,
confident handling

Clear improvement,
checked for errors,
higher speed

Bottom Left Partially structured
strategy with attempts
of bucket-like grouping,
shifting between meth-
ods

Adopted Merge Sort,
very structured and
fastest in group

High clarity, improved
algorithmic expression,
leadership behavior visi-
ble

Bottom Right Insertion sort with two-
line structure, active re-
flection while sorting

Applied Merge Sort
thoroughly and cor-
rectly

Very consistent execu-
tion, self-corrected one
mistake, showed confi-
dence

Table 6.3: Summary of individual strategy development – Group 2

Group2/Top Left: TL initially used a selection-sort strategy, but later shifted to a
trial-and-error approach, assuming that larger numbers were the biggest, necessitating
card insertions in the final stack. During the intervention, TL explained bubble sort to
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the group, but they doubted its efficiency. Although TL began exploring BR’s idea of
bucket sort as a faster strategy, she could not hear the complete explanation. Despite
the lack of practice time, TL employed bucket sort in the second round, indicating the
ability to grasp and implement the basic concept, even while playing a passive role in
the discussion process.

Group2/Top Right: TR started using an improvised mixed selection-insertion-like
sorting strategy. Although understanding the group strategy, he struggled with sorting
the cards, which was indicated by many mistakes and switching cards on the table. The
approach involved placing cards in an array-like structure on the table and inserting new
cards in between, but the execution lacked consistency and efficiency.

During the discussion, TR opted for bubble sort, but was overruled by the others quickly
and adopted the newly learnt bucket sort in the second attempt. TR showed a structured
shift from the first-round insertion-like strategy to adopting a structured bucket sort
algorithm while sorting the cards. A small mistake happened, and TR showed confidence
and understanding by quickly reacting to the mistake, exactly knowing what to do to
correct it.

Group2/Bottom Left: BL used a semi-unstructured, selection-sort-based approach
to sort his individually assigned stack in the first round and shifted his strategy after
the intervention to merge sort. He worked with multiple smaller stacks and sorted them
one by one before merging them. While a few cards were forgotten at the beginning,
the rest of the process was much more structured. BL finished quickly and again helped
others. The change in sorting logic is clearly visible, and so is the confidence in the
chosen strategy.

There was also a recognisable shift to organise the cards in more stack-like structures
than before while dynamically helping the group members after finishing his individual
task. He showed signs of leadership by announcing tasks for the others in rounds one
and two. Between the sorting rounds, he tried to explain his ideas to the other group
members that he got from the intervention, but struggled to verbally explain why he
thought merge sort was the best strategy. BL could not convince the others to use merge
sort in the second attempt and refused to take a different algorithm than he wanted.

Group2/Bottom Right BR also began with an improvised selection-based strategy,
placing cards into array-like rows, roughly putting big numbers in one and small numbers
in the other row. There was no clear consistency or sorting routine and also small pauses
before picking the next number, assuming he was thinking about the next steps.

During the discussion, BR attempted to explain the quick sort algorithm to the group.
The explanation was interrupted by the group members and commented on as impractical.
BR showed awareness and participation in the discussion, e.g. by openly criticising the
effectiveness of bubble sort. In the end, BR preferred merge sort, although it was not
explained to the end.
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In the second round, BR applied a merge sort strategy, which is quite accurate considering
the very brief introduction by BL. He seemed to have picked up merge sort well, despite
the earlier interruption. He managed to complete the task reliably, with only one minor
error incident, which was also handled with confidence.

Group 3

The children engaged in unstructured dialogue, frequently interrupting each other, yet
adhered to a methodology involving the division of the entire deck into sub-stacks to
manage the workload effectively. They demonstrated an understanding of algorithmic
concepts by using phrases such as “first we do this, and afterwards we do that,” indicating
their recognition of procedural steps. This reflects an application of algorithmic thinking
to a real-world context, which aligns with the findings in Chapter 4. Furthermore,
they perceived the table as a means of segmenting the cards based on back colours,
demonstrating their ability to organise problem-related data. Throughout the sorting
process, they encountered various errors, such as incorrect card placement in sub-decks
by back colours, but successfully addressed these issues during subsequent discussions.
There was a progression in their communication skills through the development of a
shared vocabulary, as evidenced by their evolving use of terms such as ‘background
colour.’ They did not talk about algorithm efficiency after the intervention and continued
to carry out the same overall strategy in the second round.

One social situation in this group happened during the second round: BL was distracted
because TR and BR started arguing about something. TL noticed her distraction and
gave her a friendly slap on her cheek to make her continue her task. BL started laughing
and continued her task.

Overall, this group was outstandingly chaotic and did not apply a new strategy based on
the intervention. Nevertheless, they seemed to have a lot of fun. Still, there are minor
strategy changes visible after the intervention in the individual sorting processes.

Group3/Top Left: TL appeared to have major difficulties in understanding the group’s
initial ‘divide-and-conquer’ strategy to distribute the cards and separate the different
back colours, so everyone received an unsorted stack or pile of the same back colours.
She observed how the others were separating and then took some of the cards allocated
to her. She did not look at the back colours and began separating them randomly,
producing incorrectly sorted back colours. An assumption could be that this child did not
understand the structure of the card deck and that there were different back and front
colours. She attempted to mimic what the others were doing without understanding what
was happening. After half a minute and some comments from her group members, she
began separating the cards by back colours. She performed with less confusion and more
confidence in her individual front colour sorting. She used a clean selection sort-based
strategy and organised the unsorted cards in a stack laid down in an array-like structure
beginning from the lowest number. However, she appeared confused by the fact that
the numbers were not sequential, which again indicates that she did not understand
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Student Round 1 Strategy Round 2 Strategy Observed Change

Top Left Misunderstood group
strategy, chaotic start;
used clean selection sort
later

Same strategy with
more control and confi-
dence; used variable-like
naming

Better understanding of
structure; used more
control mechanisms

Top Right Took initiative; clean se-
lection sort with correc-
tions

Less structured layout,
but same selection-
insertion strategy

Increased confidence,
but less emphasis on
layout structure

Bottom Left Slow and confused,
semi-structured selec-
tion approach

Tried merge sort,
switched back to se-
lection with minor
improvements

More structured be-
haviour, but algorithm
understanding unclear

Bottom Right Assertive, selection with
insertion mix, led with-
out supporting others

Same strategy, incon-
sistent sorting direc-
tion, distracted group
dynamic

Dominant role without
strategic change; some
control elements used

Table 6.4: Summary of individual strategy development – Group 3

the overall structure of the card deck. As TL was the only one who was confused, we
assumed that she could not pay the same attention as the other group members during
the initial instruction and contact with the card deck.

During the discussion phase, she expressed her feelings about the poorly prepared group
strategy by commenting, “we did just something”. She did not explain her intervention
algorithm, nor did the others.

In the second sorting phase, she began calling the back colours ‘winter’ and ‘summer’
instead of ‘blue’ and ‘green’. She did not explain why she did this, but it is presumable
that she realised the overloaded terms with the green and blue back colour, as well as
the green and blue front colour cards. This already was a very algorithmic behaviour
and can be compared to the uniqueness of variable names and declarations in computer
science, especially algorithmic design. She worked more confidently at the beginning
by separating the back colours and then used the same sorting strategy as in her first
attempt, adding control mechanisms, e.g. turning cards to check if they were correct, or
browsing through an already sorted stack to verify the order of the numbers.

Group3/Top Right: TR appeared to have understood the concept of the card deck
from the beginning. He listened carefully to the commands he received from BR. He was
the one in the group who took the initiative to ask the tutors if the numbers should be
sorted in ascending or descending order. He organised his cards into stacks to separate
the front colours but laid them out in front of him using the table space to find the
lowest number, employing a selection-based sorting strategy to always place the next
higher number into a sorted sub-deck in his hands. He used some minor insertion-based
strategies to correct a missed number in his selection-based approach. He also used
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control mechanisms and checked if the back colours were correctly separated in the
unsorted sub-decks for the front colours. This indicates that he had learnt from the
chaotic beginning and confusion while separating the back colours with TL.

During the discussion, he insisted on splitting the table space into two halves to avoid
mixing already separated back colours again.

In the second sorting phase, the only thing he changed was the structure of his unsorted
front colour sub-deck. While it was a clean array-like structure previously, there was no
visible structure in the second attempt. This could suggest that he realised it was not too
important how he laid out the cards in order to find the smallest number. Perhaps this
was because, having become accustomed to the cards and the card deck structure during
the second attempt, he could proceed in a somewhat unstructured manner to be faster.

Group3/Bottom Left: BL worked slowly during the initial sorting phase because he
took each card into his hands sequentially. He held the cards with the front facing up,
necessitating him to turn around every single card in order to separate the back colours.
No optimisation strategy was evident in his approach to organising the data (cards).
This was also apparent through the sorting process of the front cards. He laid them out
on the table in an array-like structure, without considering the space required for the rest
of the cards in the stack in his hands. He started sliding the cards upward individually
when he tried to lay down a card and found no space remaining. This required a lot of
time because he had to touch every single card again. His sorting strategy was mainly a
selection-based approach with insertion processes with overlooked numbers.

During the discussion, BL remained quiet.

In the second sorting round, he managed to be more structured and learned from his
previous attempt. At the beginning of the second sorting phase, he attempted to apply
his learned algorithm during the intervention: merge sort. What we observed was that
he decided shortly after starting with this algorithm to switch back to his selection-based
approach.

Group3/Bottom Right: Compared to BL, BR began more efficiently by already
turning the entire stack in his hands upside down to immediately see the back colours. He
observed what the other group members were doing and gave short commands, drawing
their attention to errors, such as a wrong back colour in the pile. Interestingly, he
compared the numbers of his individual sorting task in his hands rather than laying them
out on the table as the majority of the other participants did.

During the group discussion after the intervention, he assumed the leadership role. He
did not explain how his intervention algorithm worked, but he described optimisation
potential by using a stack in the hands and indicating in which direction the cards should
face, such as back colours up when separating the back colours, but turning them around
and placing them with the front colour up on the predefined location on the table. He
explained that this reduced the workload afterwards and increased the speed because
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they did not have to turn around all cards in a pile again. His explanations were not
well articulated for the other children as he once said, “We had it, but then we forgot to
think and did it wrong.” From the observation in the video, it was not clear what he
meant by “it,” but he definitely tried to draw attention to a mistake in their general
card-distribution strategy.

In the second sorting phase, he did not change major things. He continued checking the
cards for errors and used a selection- and insertion-based approach in equal distribution,
but no structure (such as BL3) was observable when he chose which strategy to employ.
He intuitively switched between the two sorting strategies. One assumption would be
that he memorised the cards already sorted and decided to insert a card he was currently
browsing through in his in-hand stack rather than strictly searching for the next number.

Group 4

This group took initiative at the very beginning and became familiar with the entire
card deck. They verbalised the need to be careful and not mix the different back and
front colours before the first sorting round. They also identified that there would be
eight sub-decks: one for each front colour. This was the only group to address this issue
in advance and verbalised the exact amount of sub-tasks needed. They clearly outlined
the task division: First, they would separate the different back colours to create two
sub-decks. Then, they split into two pairs, each responsible for separating the front
colours of one of the back colour sub-decks. After this, each person sorted two front
colour sub-decks by their numbers. This group was by far the most advanced in terms
of group strategy preparation according to the verbalisation of the process. They also
began to refer to the back colours by their shape rather than the actual colour in which
the design was printed. Another strategy they immediately adopted and also addressed
in their discussion was using the table sides as a separation to prevent mixing the back
colours again after turning them upside down to separate the front colours.

Even though this group considered many aspects beforehand, they still left a lot of things
unsaid, e.g. how to sort the numbers or how to separate the front colours in pairs. One
pair used a more efficient method by taking more cards at once in their hands and made
four stacks, each for one front colour in their back colour sub-deck. The other pair always
took one card after another and took, respectively, longer.

During the discussion after the intervention they explained to each other all four of the
presented algorithms. They listened to every explanation and decided that bubble sort
is the slowest option. The quick sort algorithm was also rejected for the same reason.
They were not sure which strategy to adopt in the second round and revisited all four
algorithms again. They discussed whether it would be faster to do a bucket sort approach
or stick to the same strategy as before. At the end of the discussion round they decided
that everyone could decide on their own whether they wanted to do the bucket sort or
stick to their previous strategy.
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Two of the four children decided to use the bucket sort approach in the second round and
also told the other two during the sorting process that it really helps to be faster to make
buckets. This is a good example of how they realised the efficiency and the difference
between different sorting algorithms.

Student Round 1 Strategy Round 2 Strategy Observed Change

Top Left Focused, clean selection
sort, corrected own mis-
take

Used buckets to group
by tens digit, then
sorted

Shift from flat array to
bucket-based structure,
more efficient

Top Right Used selection with in-
sertion for corrections,
clear structure

Bucket sort approach,
merged buckets cor-
rectly

Clear transfer from
intervention; confident
and fast execution

Bottom Left Slightly hesitant
selection-insertion mix,
corrected mistake

Used bucket sort with
less hesitation, clean
sorting

Applied learned strat-
egy independently; in-
creased control

Bottom Right Used selection-insertion
mix, corrected forgotten
cards

Same strategy with
confidence, no major
changes

Strategy stable; shows
strong control, but no
structural change

Table 6.5: Summary of individual strategy development – Group 4

Group4/Top Left: In the divide-and-conquer process at the beginning, TL took
approximately 1/5 of the entire card deck with the backs up in her hands as a stack
of cards. She placed card after card in the designated spot on the table with the
corresponding back colour. Once she finished separating the cards in her hands, she took
the initiative to take new cards from the middle. The topic of what to do if one finished
their personal task was not addressed in the group discussion prior. This could be a sign
of self-initiative to assist with the unseparated back colours from the middle of the table.
When she started grouping the cards from one of the back colour sub-decks by front
colours, she changed her strategy to be more efficient and took more than one card at
a time from the stack in her hands to lay down on the table. This indicates a transfer
from her earlier experience of separating the back colours, which motivated her to adapt
a more efficient strategy.

While she tried to start the number sorting for one front colour sub-deck she talked to
BL because she was confused that the numbers were not starting with one. The whole
group needed to ask one of the tutors, but later understood that the numbers are not
sequential. TL then laid out the front colour sub-deck on the table in front of her and
started sorting them by putting the next higher number on a stack in her hands.

During the intervention she tried to explain merge sort but confessed that she did not
understand it properly to be able to explain it to the others.

In the second sorting phase she used the same selection-based sorting strategy as before,
but with more confidence, especially now knowing that the numbers are not sequential.
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Group4/Top Right: The strategy of TR was nearly identical to TL. He separated
the back colours as they had decided in the group strategy and began with a selection-
sort-based approach, using the same card organising structures as TL. He laid out the
cards visible on the table with the front colour facing up and always picked up the
smallest visible into a stack in his hands. There was one mistake immediately corrected
by swapping two neighbouring cards with each other in the hand.

During the group discussion, TR was more irritated than the others, showing this with
more questions about merge sort and quick sort. Despite showing confusion in the
discussion phase, especially around the more abstract elements of merge sort and quick
sort, TR was able to transfer aspects of the discussed strategies into his own sorting
approach in the second sorting phase. This indicates implicit understanding or at least
the ability to adapt a strategy based on observation.

In the second sorting phase, TR implemented a bucket sort strategy instead of relying
solely on the selection sort strategy. The decision to use a bucket sort approach in round
two may have been influenced by peer explanations or the observable effectiveness of
this strategy during the group discussion. While TR did not express full confidence in
explaining the algorithms, he nonetheless adjusted his method to be more efficient.

Group4/Bottom Left: BL slightly disregarded the previously agreed group strategy,
as they got in each other’s way while separating the back colours (Figure 6.7). She
started separating them in front of her to avoid the longer distance across the table to
put the back colours in their respective place and did it with one move at the end. This
is an efficient way of reducing movements and being faster. This strategy was adopted
by the others in the second sorting phase. For the number sorting she used a selection
sort-based strategy.

She actively participated in the group discussion after the intervention. She explained
very clearly how a quick sort algorithm works and also suggested a good pivot element.
She also grasped the idea of bucket sort very quickly and took over in the explanation
process from the group member explaining this algorithm.

In the second sorting phase, she used a bucket sort approach with cards laid out on the
table in small sub-stacks with one bucket for each tens digit place. She seemed very
confident and secure in applying the newly learnt algorithm from her team.

Group4/Bottom Right: BR also adopted, as did all of his teammates, a selection
sort-based approach in his individual number sorting task after separating the back colours.
He was initially confused because the numbers were not sequential but understood it
after a short time. He made some mistakes because he tried to be fast and had to move
some cards in his already sorted stack.

During the group discussion, he asked questions about quick sort and stated that he
was confused about it, though he understood bubble sort and explained it. Even though
he understood bubble sort more, he acknowledged that it was not the most efficient
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Figure 6.7: A group separating back colours on two different card piles. BL is separating
the second back colour in front of her to avoid getting in each other’s way.

algorithm. This could be a sign that even though he did not fully understand quick
sort, he was able to follow the argumentation and also understand that the bubble sort
approach is the least efficient in this card-sorting scenario.

In the second sorting phase, he applied the newly learnt bucket sort and was successfully
faster than in the previous attempt. Regarding the card structure, we could not observe
anything new in his strategy.

Group 5

Similar to Group 4, Group 5 began with a careful inspection of the card deck and quickly
developed a well-coordinated and structured group strategy. They had already worked in
a very structured way in the first sorting phase, for instance, dividing the entire card
deck into four nearly equal sub-stacks for each team member to separate the back colours
of these sub-stacks. They utilised the middle of the table as an invisible border to divide
it into two sides to avoid mixing up the different back colours. They also discussed early
on the order in which they would separate the backs, the fronts, and sort the numbers;
however, they did not discuss the number sorting itself. Notably, they assisted each other
more than the other groups did, particularly in the second sorting round, for example
by taking over unfinished decks or helping others before being asked. This was evident
through taking on additional cards and tasks without being asked for help by the group
members. BL took especially many unsorted front colour sub-decks and received help at
the end again when she was still sorting and the others were free. BR was the last to
finish but had sorted more individual stacks than any other participant, which highlights
his engagement and high contribution.

During the discussion between the two sorting phases, they discussed the algorithms
presented. The conversations about these algorithms within the group were very nuanced,
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involving numerous demonstrations and questions. Unfortunately, none of the newly
learnt sorting algorithms was applied in the second sorting round. This might have been
because the first round had already proceeded very well and was structured, and they
probably feared being slower when applying a new algorithm. Therefore, they adhered
to their tried-and-tested strategy: divide-and-conquer to separate backs and fronts, and
then a selection-based sorting approach. As in Chapter 5, they did not explicitly address
the sorting strategy.

Student Round 1 Strategy Round 2 Strategy Observed Change

Top Left Selection sort, laid cards
on table; some hesita-
tion visible

Same approach, faster
and with more confi-
dence

Familiarity increased
performance; helped
others

Top Right Careful, asked tutors;
clean selection sort with
laid-out cards

Same strategy, helped
more actively

Confidence increased;
no algorithm change

Bottom Left Started in-hand, then
laid out cards; selection
sort

Same strategy, began
laying out cards earlier

Faster execution; no
structural change

Bottom Right Laid out cards and
grouped small numbers
first; pseudo-pivot strat-
egy

Same as round 1; as-
sisted others in the end

No strategic change;
high productivity and
engagement

Table 6.6: Summary of individual strategy development – Group 5

Group5/Top Left: TL followed the group’s strategy proposed in the preparation
phase. Similar to other members (e.g. BL2, TL3), TL in this group also laid the cards
on the table and implemented a selection sort-based approach, consistently adding the
next higher number into a sorted stack in her hands. It was not a clean execution, and
there were some idle moments where she seemed to check what she had done and if it
was correct.

During the discussion after the intervention, she explained the bubble sort algorithm very
actively. Interestingly, she stayed very passive and quiet until the end of the discussion.
As described above in the group strategy, TL did not change her strategy in the second
phase. She was very fast and helped with two additional unsorted stacks of cards. Her
speed could be explained by her now being less confused and more familiar with the
sorting process.

Group5/Top Right: TR followed the group’s strategy. In his individual number
sorting task, he asked the tutors how the numbers should be sorted: ascending or
descending. This showed that he really did not want to make a mistake before beginning
to sort. He laid out the cards with the front colour up on the table and picked up the
next highest number, exactly as TL.
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During the discussion, he presented bucket sort and was enthusiastic about applying it. He
announced that he would implement this algorithm in the next round. Interestingly, there
was no observed bucket sort during the second sorting phase. He made improvements
and participated even more in assisting others, but his selection sort-based approach did
not change.

Group5/Bottom Left: Once more, BL followed the group’s strategy. In her individ-
ual card-sorting task, she also employed a selection sort-based strategy, beginning by
identifying the smallest number with the cards in her hands. After some time, she began
laying out the cards on the table and constructing a sorted stack.

She explained the quick sort algorithm during the discussion phase and also defined what
a pivot element is, but did not contribute to the discussion thereafter or offer input on
what strategy she believed would be suitable.

In the second sorting round, her strategy remained the same, with the sole difference
being that she immediately began to lay out the cards in her individual sorting task,
saving time as a result. The strategy remained consistent, and she became faster, most
likely due to training and routine from the first round.

Group5/Bottom Right: BR actively asked for more cards in the divide-and-conquer
group strategy application in the beginning. He actively wanted to help and contribute
to the group’s success. His number sorting differed from the other nearly clean selection
sort-based approaches: he took a few cards and placed them with the front colours up on
the table, while already grouping smaller numbers (< 28) to one side of the table. Then
he started sorting the small numbers and subsequently sorted the rest of the numbers.
This was the only observed sorting strategy in the first round that involved the idea of a
pivot element to split the 20 cards into two smaller subsets of numbers.

In the discussion, he tried to explain merge sort but failed. During the rest of the
discussion, he remained passive but concentrated during the other algorithm explanations.
There was no change in his strategy in the second sorting phase.

6.3 Discussion

Let us discuss RQ5 in light of the results obtained from these experiments: How do
students revise their initial strategies when encountering a similar unplugged sorting task?

Our findings suggest that:

1. the structure of the intervention led to actual discussions within the groups about
the different strategies;

2. the intervention triggered abstraction, evaluation and reflection;
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3. the intervention led to a gradual shift of the sorting strategies from mainly selection
sort to more sophisticated strategies such as bucket sort or merge sort.

Moreover, we also found indications that students’ concept of efficiency led them to
categorise quick sort as a rather inefficient sorting strategy.

6.3.1 Increase of Intra-Group Discussions

As a confirmation of the findings in Chapter 5, the students in this study also did not
discuss strategies regarding the sorting process before the first round. The selection
and insertion-based strategies occurred naturally without anyone talking about them in
advance before the first sorting round. In contrast to this, they verbalised the algorithms
after the intervention and also started talking about efficiency even without being asked
to do so. This shows that our targeted CS Unplugged intervention supports students’
verbalisation of their already existing intuitive strategies and discussion of them in a CS
related context.

Another new aspect was the explanation of the algorithms. As every child in the group
tried to explain the learnt algorithm, all of them took at least some part in the discussion.
This is a sign that the idea of grouping the children into different algorithms in the
intervention was good for engaging the discussion to involve everyone.

In summary, before the intervention, the students relied almost exclusively on intuitive
selection and insertion strategies, which occurred spontaneously and without explicit
discussion. The intervention led to an explicit mention and verbalisation of the algorithmic
concepts.

6.3.2 Abstraction, Evaluation and Reflection

The aspect in which the intervention could have helped the children start evaluating
and assessing their strategies is particularly relevant. Although they did not discuss why
certain algorithms were executed slower than others, it is a base on which teachers can
build to explain efficiency and optimisation. This shows that the intervention provided
the opportunity to not just experience certain computer science concepts but also opens
up a meta-view on those.

Students even started to address efficiency in their discussions, linking their strategies
to ideas of being faster or using less effort. This shows that the intervention not only
supported the evaluation of strategies, but also opened the door to more abstract
considerations such as efficiency, which is discussed in Section 6.3.

The reason many of them stuck to their original strategy was also partly due to the new
evaluation aspect: it would take more time to learn and explain something new than to
continue with what they already knew. This reflects on general efficiency, though not
in a desirable way of algorithm optimisation. Therefore, it adds more general problem
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solving value of training optimisation and evaluation of a problem rather than directly
connect it to algorithm optimisation.

Theme Description

Bucket-Like Strategies Separating cards into value ranges
Merge Strategies Combining two sorted sub-stacks
Pivot/Divide-and-Conquer Choosing a pivot card and splitting remaining cards around it
Strategy Evaluation Reflecting on efficiency of one’s chosen method
Strategy Rejection Dropping a method if it feels inefficient
Joint Control Mechanisms Double-checking order and correctness individually
Explicit Role-Taking Acting as a “teacher” by explaining steps to others
Negotiation of Rules Agreement of joint rules
Structured Use of Space Arranging cards neatly into arrays or stacks with structural

awareness

Table 6.7: Strategies observed after the intervention.

6.3.3 Shift of Sorting Strategies

Before the intervention, almost all participants relied on approaches similar to selection
or insertion sort. Only one student showed something close to a bucket sort. When
comparing the first and second sorting rounds, it becomes evident that bucket sort and
merge sort were the only algorithms from the intervention that actually appeared in the
students’ strategies. In contrast, neither bubble sort nor quick sort was observed during
their first, intuitive attempt, or the second round, after the intervention. This shift from
initial intuitive strategies towards newly acquired concepts is shown in Figure 6.8. It is
recognisable that that the intervention triggered the students to change their strategy
rather than stick to their initial idea. This indicates that the targeted CS Unplugged
intervention supports exploring new ideas leading the students to optimise their strategies.

Generally, the children used selection sort strategies in the first round. These were usually
carried out in a clean and obvious way, easily observable. The students looked for the
largest (or lowest) number. While there were differences in how they organised the cards
on the table or in their hands, the overall idea of selection sort to ‘find the next number’
was clearly visible. In some cases, insertion sort strategies also appeared, often with the
sorted output placed on the table.

Interestingly, some students mixed the two strategies in their first attempt (e.g. TR2,
BL3). They applied insertion in two different ways: either by combining two strategies at
once (TR2, BL3), or by using insertion for single elements when they noticed a mistake,
such as a missing card (BR3). This mixing of strategies illustrates everyday logic and
general problem-solving. It shows that combining approaches to reach a goal, or reflecting
on mistakes, can occur even without additional training.
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Figure 6.8: Change in pupils’ sorting strategy from round 1 to round 2. Mixed strategies
were counted individually.

Selection and insertion based strategies remained the most dominant, but they were
increasingly adapted in the second round. Insertion was often used as a backup strategy
to correct mistakes, and some students combined selection and insertion in flexible ways.
This shows that intuitive routines were not replaced but refined and adjusted. Even when
a pivot-like strategy appeared, it was mostly integrated into a selection-based process
rather than standing alone. In one case, a student began with insertion-like handling of
cards into an array structure on the table, but once the majority of cards were laid out,
the strategy shifted towards a selection approach, showing adaptive switching between
strategies.

Interestingly, TL1 had shown a version of a pivot element in her strategy before learning
about the quick sort through her teammates. Analysing this, it is not entirely clear if
this can be already counted as a quick sort-based strategy or a bucket sort strategy, or
if this is a divide-and-conquer strategy on individual level. The procedure was to split
the card deck into similar large half-games and to use selection sort afterward for each
half. Although it is not a clean quick or bucket sort approach, this shows that the idea
of reducing elements can improve efficiency in the sorting process by using smaller stacks
instead. The concept of enhancing efficiency through dividing the problem into smaller
problems, e.g. grouping the cards in buckets, is already present. TL1 also adjusted the
pivot element in the second round from the number 40 to 50. This, again, shows that
TL1 is evaluating the original strategy and found a way to optimise it.

Overall, the students did not just change their sorting strategies in the second attempt
but also worked closer together. The collaboration between the students increased in
the second attempt. It is not clear why exactly this happened, but we think one reason
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might be that not everyone learnt about the same algorithm. This could lead to a setting
where every student is needed to optimise the problem-solving.

6.3.4 The Case of Efficiency

It is customary in CS to express efficiency through the concept of big-O notation. However,
this is mainly concerned with scalability and, due to omitted constant factors, might
not always represent actual efficiency in concrete cases. In particular, more complex
algorithms might incur an extra cost of cognitive load during their execution, leading to
a higher ‘constant’.

However, the children understood efficiency in a more practical way. The topic of efficiency
was addressed directly by the children during the discussion, as it was integral to the
competitive nature of the card sorting task. Most of them were able to (1) apply the
newly learnt algorithm from the weights to the cards and (2) assess the efficiency of the
algorithm. However, the children used a more practical notion: how many steps the
procedure would take in their setting, how much space it needed on the table, how often
they had to change the structure of the cards from stacks to arrays on the table and
back, or how long it would take to explain to peers and learn it. None of the groups used
quick sort and bubble sort in the second sorting round, even though they were part of
the intervention (Table 6.7). This is a reminder that when children think about efficiency,
they do it from their own real-world perspective. In this case, both bubble sort and quick
sort ended up being seen as inefficient. In contrast, they understood that a bucket-like
sort in their specific card application is the most appropriate, similar to merge sort.

It is noteworthy that our observations included some early hints at divide-and-conquer
along the lines of quick sort. However, no group actually used quick sort, but all stopped
just short of employing recursion. Recursion is indeed well known for being a difficult
concept to master. This might have rendered the cognitive load and thus the cost of
actually using quick sort for the entire pile just too high. Quick sort and bubble sort were
therefore mostly put aside as impractical. In the case of bubble sort this is understandable,
since it has the same run-time as selection and insertion sort but involves more steps
in practice. Quick sort, however, should theoretically be faster. A possible reason why
quick sort was rejected by all students is the missing transfer from the weights in the
intervention to the card task. In addition, compared to a computer program, the manual
execution of a quick sort with cards requires much more physical space on the table, which
could also have contributed to its rejection. While quick sort is based on recursion, merge
sort can be understood as iterative, which may explain why merge sort was preferred.
Another reason can be found from the perspective of cognitive load. Quick sort requires
learners to keep track of multiple steps at once: choosing a pivot, separating cards into
subgroups, and later merging them again, which exceeds their intuitive strategies in
several aspects. While these actions are easily manageable and programmable for a
computer, the simultaneous coordination of them in a manual setting while learning a new
algorithmic concept creates high demands on the children’s working memory. According
to cognitive load theory [84], it is likely that these demands exceeded the children’s

93



6. From Intuition to Algorithm: Revision of Intuitive Sorting Strategies

cognitive resources in the task situation. It makes quick sort appear infeasible, leading
them to prefer simpler, more familiar strategies such as selection or insertion.

The role of efficiency was very present during the students’ discussions. This was also
led by the task itself, as their goal was to be faster in the second sorting attempt.
As mentioned above, the optimisation of the students’ second attempt sorting is not
represented in algorithm runtimes, but more in the overall aspects of practical efficiency,
considering the environment and the human factors in organising cards in hands and on
the table.

6.4 Conclusion

Finding these new strategies, building on intuitive ones, shows that through the interven-
tion learners did not just receive knowledge. They connected new ideas with their existing
intuitive strategies and skills, which helped them to approach more formal algorithmic
concepts through more precise verbalisation as well as application in the second sorting
attempt. As we were aiming to make this transfer visible through our intervention and
video analysis, we see it as a success that our explorative approach can set the basis
for such algorithmic ideas. The transfer happened as the children mapped newly learnt
concepts to processes they already knew (e.g. intuitive selection sorting) and adapted
them.

Similar connections between intuition and formal concepts could also be applied in areas
of algorithms, such as search algorithms. Our results therefore hint for a more general
potential that CS Unplugged intervention can serve as a bridge between everyday logic
and CS concepts.

The knowledge we gained from the study may seem simple at first glance, but we have
filled an important gap here: we now know that there are CS concepts that are applied
intuitively – without prior explanation – and that we can successfully produce a transfer
to let the children experience broader CS concepts using CS Unplugged. We know from
previous work that CS Unplugged is suggested to be used as an introduction to topics
and that its effectiveness depends on how the teacher picks up the ideas [9] and continues
their lessons on a topic. We underscore this assumption with our findings, but we want
to go further: showing the change in the students’ discussions about efficiency showed
that the main ideas of CS, such as optimisation, are already natural to the children.

This further underscores that the competency of teachers is crucial, as they have to be
able to pick up these spontaneous ideas of children during their lesson. With more work
towards the explorative approach to let children build their own experience and opinion
first, we can lay the groundwork for formal CS concepts and learn more about their
intuitive and natural strategies. By doing so, we might be able to bridge the gap between
children’s intuitive approaches and the development of formal algorithmic reasoning.
This connection can be made by relating their everyday strategies of trial and error,
optimisation, and revision to structured CS concepts.
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6.4. Conclusion

The CS Unplugged intervention we added to our activity successfully triggered abstraction,
evaluation, and reflection. These are not trivial outcomes, as they represent the first steps
towards meta-cognitive engagement with algorithms and CT [75], even in short outreach
settings. Another great opportunity for learning is the aspect of data structures occurring
through the discussion of and the application of how to organise cards. Abstracting
these strategies and operations, they offer new possibilities in future K-12 classrooms,
like introducing data structures, especially arrays. In long term it would therefore be
interesting to investigate how stable these effects are: do the newly acquired strategies
stay in later learning phases, and can they be applied to new contexts?

Building on this, our findings have several implications for CS education in general:

• Unplugged activities should not only be used to demonstrate algorithmic concepts,
but also to make them visible and connect with the intuitive strategies that children
already employ. This can help to make the transfer to formal CS concepts more
smoothly.

• Introducing formal CS concepts directly can risk cognitive overload. Our study
shows, however, that even partial transfer occurs without prior formal instruction.
Allowing learners to work with their intuitive concepts first may therefore ease the
later connection to formal concepts and reduce the risk of overload.

• The observed discussions about efficiency suggest that unplugged activities can
foster reflection on algorithmic properties in a way that is both tangible and
engaging for students. This opens opportunities to build further connections to
formal CS concepts in future teaching.
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CHAPTER 7
Overall Discussion

This chapter revisits the findings and results of the overall thesis and we take a step
back from the individual studies and look at them together. The three main studies of
this thesis (Chapter 4, 5 and 6) explored different perspectives on how children address
algorithmic problems: (1) first by exploring their perceptions of the term ‘algorithm’
(Chapter 4), (2) second by analysing their intuitive algorithmic problem solving strategies
(Chapter 5) and (3) third by observing how their strategies change when we include an
additional CS Unplugged intervention (Chapter 6).

Looking at the big picture of these studies together, they provide a more complete picture
than any one individual can offer on its own. We moved from everyday concepts and the
notion students bring with them with learning about algorithms, through the strategies
naturally occurring while intuitively applying algorithms, and the learning transfer that
happens after a short and carefully targeted intervention.

The goal of this chapter is to connect the results and findings and discuss them in a
broader sense. We will also add potential practical applications in CS education and
answer the research questions.

7.1 Implications for Teaching and Learning

Starting with the findings from the more practical aspect of this work, we extend the
conceptual findings of this thesis to practical implications for CS education, especially CS
Classrooms. We would like to highlight implications for teachers and their CS lessons and
suggest which applications are best suited for using the material developed in this work.
This includes the card sorting activity (Section 5.3), but also the sorting intervention
(Section 6.1), connected to the newly gained insights of this work. These suggestions
are not limited to K-12 classrooms, as they can also be used for CS in higher education
institutions.
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7. Overall Discussion

7.1.1 Applications of the Card-Sorting Activity

Low Entry Threshold. Children associate algorithms with their everyday life
experiences, e.g. connections to traffic lights or brushing their teeth, as we found in
Chapter 4. Further, we found that naturally, i.e. without prior instruction, children tend
to use selection- and insertion-based sorting strategies. These findings imply that there
are already existing experiences that we can directly address and name from their lives
(e.g. ’traffic light’), as well as certain behaviours that cannot be addressed by a name, but
can be described and connected with further information (e.g. unnamed selection-sort
behaviour). These existing links and behaviours make it possible to introduce algorithmic
concepts at a very low threshold as detailed below.

Scaffolding. The card sorting activity can be used by teachers to build scaffolds on
these unnamed intuitive strategies and everyday experiences. By creating such experiences
through the task, teachers can explicitly connect them to formal concepts. In this way,
the activity supports a movement from intuitive to algorithmic, helping learners to expand
and stabilise their strategies through guided steps.

Bridging Practice and Misconceptions. Teachers can also integrate unplugged
interventions directly into the school curriculum. A good example is the sorting task,
which in our study (Section 6.1) showed that even a very short intervention already led
students to revise and improve their strategies. Such tasks can serve as a preparation
for programming lessons, where the observed strategies are then connected to formal
sorting algorithms in code. At the same time, these interventions open the possibility to
address misconceptions. As we have seen in Section 4.4, many children strongly connect
algorithms with the idea of repetition, while aspects like finiteness or input-output are
hardly mentioned. In class, teachers can contrast these everyday notions with more
canonical definitions (Table 2.1), and in this way make clear how formal understanding
differs but also builds on what students already bring with them.

7.1.2 Implications for Teachers

As we showed in Section 5.5, open-ended CS Unplugged tasks can offer a variety of topics
and concepts connected to children’s intuition. This aligns with the constructivist idea
of letting children explore. Teachers should resist giving too much instruction initially
and let strategies emerge.

These emerging strategies give an opportunity to connect formal concepts, e.g. starting
programming in school. Nevertheless, it should be considered to not use activities like the
card sorting activity as learning method itself. Problem solving itself is not considered a
good learning method [83], but rather an opportunity to build experiences and to further
rely on them in the lessons.

Balancing the cognitive load is another important implication for teachers. As discussed
in Section 5.2, Cognitive Load Theory reminds us that working memory has strict limits,
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especially when several elements must be processed at the same time. If tasks are too
complex right from the start, learners can become overwhelmed and lose focus on the
actual learning goal. A way to handle this is to provide stepwise scaffolding, for example,
by reducing the number of different concepts used in the sorting task, as we did in
the primary school workshop ([50]). We reduced the number of cards so only one back
colour was left. In this way, the divide and conquer process and the coordination of
the parallelisation was reduced. Such scaffolds lower the extraneous load and make it
possible for children to still engage with the core problem-solving process without being
overloaded.

Teachers can also facilitate structured reflection after tasks to consolidate learning. These
reflections can happen through short, targeted interventions within a learning session.
For example, while programming sorting algorithms, a hands-on activity in the middle of
the lesson can trigger new strategies and move students further in their thinking. We
observed this effect in Section 6.3, where a short unplugged intervention encouraged
groups to revise their approach. We therefore suggest that the idea of combining hands-on
interventions with reflective phases can be effective in other settings and topics as well.
However, further research is needed to examine under which conditions such combinations
are most beneficial and how sustainable their impact is.

7.2 Addressing Research Questions In the Big Picture

7.2.1 RQ1: Perception of Algorithms

Students strongly connect algorithms with repetition Section 4.5. The concept of repeti-
tion arises in two different ways: repeating the whole procedure, or using repetition as
a construct within an algorithm. This shows that children compare the term and their
understanding of it primarily with concepts that are more familiar to them. Repetition
seems to be something more graspable than the more abstract properties of algorithms.
This suggests that, while teaching algorithms, it may be easier for children to first
understand loops and repeating processes.

In addition, everyday examples dominate their perceptions. This phenomenon is also
visible in Section 4.5, though there it appears more in behaviour than in articulation.
Certain concepts, such as selection or insertion sort, are naturally applied and therefore
might be easier to grasp for them. We need to be careful not to oversimplify concepts in
our teaching methods, as we risk losing important aspects of other algorithmic ideas.

Comparing the dominance of repetition in the first study (Chapter 4), it might also be
the very repetitive character of selection and insertion sort that makes these strategies
more attractive to apply, rather than considering other approaches.

This observation also connects to RQ2, which focuses more directly on how students’
conceptions differ from formal definitions.
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7.2.2 RQ2: Conceptions Versus Established Definitions

Only few formal aspects appeared in the results of the first study. Pupils rarely mentioned
termination and correctness, which may indicate that infinity and endless processes are
not part of their everyday thinking. This might seem as a contrast to the algorithm
property of finiteness, but students understand that algorithms consist of fixed sequences,
but they often interpret them as continuous or recurring processes.

There was uncertainty about the executing actor of algorithms. Some of the students
described algorithms as entities that perform actions on their own while others perceived
them as instructions to be followed by a human.

What we learn from this is that teachers must choose analogies carefully. Explicitly
discussing and addressing children’s experiences can strengthen their understanding.
Clarifying the distinction between everyday routines and formal algorithms may help
students build a more conceptually accurate understanding of what defines an algorithm.

7.2.3 RQ3: Intuitive Problem-Solving Strategies

The strategies that occurred naturally without prior instruction were most commonly
selection, insertion, merge-like, trial-and-error, and parallelisation strategies (Chapter 5).
These strategies resembled well-known sorting algorithms, such as selection and insertion
sort, without having been taught them. Other strategies were more heuristic in nature,
for example, trial-and-error and random comparisons.

Group dynamics also shaped the problem solving process. We observed the delegation of
roles, negotiations, conflicts, and emerging leadership. These roles appeared naturally,
often with one student coordinating the parallelisation process and instructing others
how to distribute the subtasks.

Many actions stemmed from everyday reasoning, such as dividing the stack and distribut-
ing cards to the group. These strategies can be mapped onto CS concepts, but they were
not explicitly named by students, which was expected given the lack of expert vocabulary.

The implications for CS classrooms are that teachers can build bridges from intuitive
to formal concepts by giving explicit guidance and naming these strategies and by
comparing them to well-known algorithms. Group work also offers unique opportunities
for externalising thought processes that would remain hidden in individual tasks. Finally,
collaborative analysis of strategies in class discussions provides another opportunity to
make student reasoning visible and link it to algorithmic concepts.

In addition, the observed strategies were flexible and adaptive. Participants often switched
between approaches or combined them within a single sequence. This suggests that
algorithmic thinking, as observed in our study, is less about rigid procedures and more
about structuring purposeful actions in problem-solving. However, while flexibility is
essential for human reasoning, machines need precise and rigid procedures for execution.
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7.2.4 RQ4: Strategy Changes Through Repeated Tasks

The intervention led to revisions of the initial strategies. Comparing these findings to
the results from RQ3, it becomes clear that intuitive strategies can be enhanced with
guidance from peers and tutors, which aligns with the idea of keeping students in their
zone of proximal development [93].

Moreover, the tendency to build on what had worked in the first sorting task round
suggests a shift from unstructured experimentation to increasingly systematic thinking.
Although students rarely verbally expressed these processes, their actions became more
deliberate and coordinated in the second round.

Efficiency gains were visible in both the completion times and in smoother coordination.
Some groups optimised their approaches to avoid earlier mistakes, showing signs of
evaluation and optimisation as basic concepts of CT.

7.2.5 RQ5: Strategy Transfer to Similar Tasks

While RQ4 focused on repeating the same task, RQ5 addresses transfer to a similar but
not identical problem.

Students also showed a tendency to transfer elements of the demonstrated algorithm,
even though often only in a simplified form or as partial adaptations. This transition
indicates that pupils can take up algorithmic principles already after a short exposure to
a similar, but not identical, problem. It also suggests that complicated concepts can be
scaffolded with short hands-on interventions. The combination of training, intervention,
and repetition can lead to a transfer of new learning, even when the formal concepts
were never introduced.

Our findings support the idea that short CS Unplugged interventions can spark visible
improvements, but sustained change requires repeated exposure. Structured reflection
and multiple rounds are crucial to developing a stable learning transfer.

7.2.6 Overall Research Question

The five research questions together address the overall research aim formulated in
Chapter 1.

To address our overall research question, “How do students address algorithmic problems
in computer science?”, we carried out three individual studies. Our findings show that
children perceive and connect the term algorithm mainly with everyday notions such as
routines, with repetition as the dominant feature. In parallel to these perceptions, we
also discovered the non-articulated, intuitive application of algorithmic concepts through
general problem solving strategies that resemble algorithmic patterns. When adapting
and refining their strategies after a CS unplugged intervention, we observed that transfer
happens and that more complex algorithmic strategies can be applied.
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To answer this general question according to our findings, students have initial ideas about
algorithms that are strongly connected to their everyday lives and experiences. In our
second study, we confirmed that certain concepts such as selection sort or parallelisation
come more naturally than others, even if they are not explicitly articulated. In the third
study, we saw that children are also able to revise and adapt their strategies based on
short interventions.

These findings suggest that teaching should acknowledge what children already know
and should use learning activities or short interventions to make implicit and intuitive
strategies explicit. In this way, learning can build on children’s everyday reasoning, while
also guiding them towards a more formal understanding of algorithmic concepts.

7.3 Limitations

Given the small number of children involved in this study, due to its qualitative nature,
and especially since video analysis is a time-consuming method, the findings are not
intended to be generalised. Instead, the studies aim to provide an in-depth exploration
of students’ intuitive understanding and a reliable source of intuitive strategies.

While the qualitative approach allowed us to gain rich insights into how children address
algorithmic problems, it also limits the scope to a small number of groups. Furthermore,
the analysis was based on a single task and setting, which may not capture all possible
variations of intuitive strategies. These limitations, however, are inherent to qualitative
exploratory research and were accepted in favour of capturing authentic and detailed
learning processes.

The outreach setting also resulted in a group of participants that was neither intentionally
diverse nor homogeneous. As participation required parental consent, it is possible that
families with a stronger interest in academic activities or higher educational backgrounds
were more likely to provide consent. We deliberately did not collect data on the educational
background of the participating children’s households, in order to keep the consent process
as simple and non-intrusive as possible for parents and children.

The bird’s-eye perspective of the video recordings limited the visibility of students’ facial
expressions. This setup was intentionally chosen to respect participants’ privacy while
ensuring a clear view of their actions during the task. Our focus was on their problem-
solving behaviour rather than their emotional reactions, although facial expressions and
social dynamics within the groups could provide additional insights in future analyses.

During the third study, we used an additional CS Unplugged activity in which each
group member learned about a different sorting algorithm. Since the tutors explained
these algorithms repeatedly across different workshop cycles, slight variations in their
explanations may have influenced students’ behaviour in the subsequent tasks.
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CHAPTER 8
Conclusion and Outlook

This thesis was not only meant to reveal the perception of algorithms, intuitive strategies,
and how transfer to students’ application of sorting algorithms can happen, but also to
open the stage for further research and classroom applications. As our findings support
the idea of scaffolding using CS Unplugged activities, we also gained new insights into
how students learn about algorithms. For example, by letting them first explore the
concept on their own, we give them the opportunity to make their own experiences,
which include also minor struggles. These struggles and initial experiences can then be
addressed by a targeted intervention.

In our case, we used a different CS Unplugged activity that worked as an intervention to
broaden and extend the ideas that the students already had. Using weights and a balance
scale to extend the card sorting activity, we addressed a similar problem, but in a different
setting. We were able to show with our qualitative analysis that it is possible to use a CS
Unplugged sorting intervention to extend the sorting strategies used by learners. With
this approach, we successfully managed to produce a learning transfer from one sorting
problem, where only basic sorting algorithms and problem-solving strategies naturally
appeared, to another similar sorting problem through a guided unplugged activity. After
introducing the children to more complex sorting algorithms with the balance scale, they
were able to use their newly acquired knowledge and transfer it back to the card-based
task. Although long-term effects were not measured, we still found positive effects of
short-term CS Unplugged interventions in an outside-classroom outreach setting.

Our findings also show that selection- and insertion-sort are the most natural and
intuitive approaches during sorting, whereas other CS problem-solving concepts such
as parallelisation, divide-and-conquer, data structures, optimisation, and evaluation are
in more universal situation and other domains applicable, and therefore seem easier to
grasp during explorative learning. We therefore should be careful when introducing more
complex algorithms, such as quick-sort, and make sure to build on already intuitive
approaches.
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8. Conclusion and Outlook

Building on this, teachers can use explorative tasks at the beginning and continue with
more targeted and structured tasks addressing similar problems but from a different
conceptual angle. We believe that the ideas and findings of our research can be adapted
to other concepts in CS to successfully introduce new ideas into K–12 classrooms.

The work presented here offers several promising directions for future development in
both research and practice.

Other CS Topics. Intuitive strategies as observed in this study can be further investi-
gated and validated in a variety of computer science contexts beyond sorting. Exploring
similar patterns in problems such as searching, decision-making, or control structures
could deepen our understanding of how students intuitively apply algorithmic reasoning
in different domains. Such research could also connect intuitive problem solving more
directly to fostering Computational Thinking skills.

Applications in Programming Education. The connection between CS Unplugged
activities and formal instruction offers many opportunities for classroom integration.
Linking unplugged sorting tasks with programming lessons, for example, can help students
bridge the gap between their intuitive reasoning and the abstract logic of code. Especially
in teacher education, long-term studies could explore how teachers design and adapt such
transitions in their classrooms.

Long-Term Effects. It would be valuable to examine how short-term unplugged
learning experiences relate to long-term conceptual growth. While this thesis focused
on immediate learning transfer, future research could explore how repeated or extended
exposure influences students’ sustained understanding of algorithmic ideas. Replication
studies conducted by teachers themselves could offer authentic perspectives from real
classroom practice.

Explorative Learning with CS Unplugged. The design of creative and open-ended
learning materials remains a central opportunity. Building on the intuitive strategies
identified in this thesis, future K–12 teaching materials can further connect exploratory
unplugged activities with formal computing concepts. By starting from learners’ natural
reasoning processes, educators can reduce cognitive load and enable smoother transitions
towards programming, data structures, or even machine learning.

Together, these directions show that there is much more to explore: how students think,
act, and communicate when solving algorithmic problems offers a rich foundation for
further educational innovation. Our work presented here can serve as a starting point for
a broader movement towards integrating intuitive, hands-on, and reflective approaches
into computer science education.
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Overview of Tools Used

Overview of Generative AI Tools Used

During the writing process of this dissertation, I made limited use of AI tools in a
supportive way:

• ChatGPT-4 and ChatGPT-5 : assistance with language feedback, suggestions for
structure, phrasing alternatives, and support for LATEX code.

• Writeful: suggestions for synonyms, splitting and joining sentences, grammar and
spelling, paraphrasing my own written text as a feature in Overleaf.

All content-related ideas, analyses, coding processes, references, and interpretations
presented in this thesis are entirely my own. The AI tools did not generate research
results, conduct analysis, or replace any part of the scholarly reasoning and were only
used for language, structure and writing support as mentioned above to support me as a
non-native English speaker and improve the readability and soundness of my work.

Text passages influenced by AI support were carefully reviewed, edited, and integrated by
me to ensure accuracy, originality, and consistency with my academic writing style. The
AI was never used to create independent text passages and always had my own writing
as the base for all alterations.

Overview of Other Tools Used

In addition, I used several non-generative-AI tools during the research:

• Overleaf : spelling check and integration of Writeful as the LATEX-editor for this
thesis.

• Citavi: organisation and export of references to BibTEX.

• Grammarly: readability checks.
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• GIMP & Inkscape: preparation of figures and images, and creating materials for
learning activities.

• Mermaid: creation of flowcharts and diagrams.

• DeepL: translations between German and English.

• MAXQDA: qualitative data analysis and preliminary transcription of audio files.
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