
u n i ve r s i t y  o f  co pe n h ag e n  

Programming and Computational Thinking in Mathematics Education

An Integration Towards AI Awareness

Tamborg, Andreas Lindenskov; Elicer, Raimundo; Spikol, Daniel

Published in:
KI - Künstliche Intelligenz

DOI:
10.1007/s13218-021-00753-3

Publication date:
2022

Document version
Peer reviewed version

Document license:
Unspecified

Citation for published version (APA):
Tamborg, A. L., Elicer, R., & Spikol, D. (2022). Programming and Computational Thinking in Mathematics
Education: An Integration Towards AI Awareness. KI - Künstliche Intelligenz, 36, 73–81.
https://doi.org/10.1007/s13218-021-00753-3

Download date: 23. maj. 2023

https://doi.org/10.1007/s13218-021-00753-3
https://curis.ku.dk/portal/da/persons/andreas-lindenskov-tamborg(c31cf5e2-0d27-4441-a1a6-03a511033d23).html
https://curis.ku.dk/portal/da/persons/daniel-spikol(dcaeda3a-5e39-475f-9132-ab58b08e4876).html
https://curis.ku.dk/portal/da/publications/programming-and-computational-thinking-in-mathematics-education(737ba6ae-73db-4105-80e5-93ae893b4723).html
https://curis.ku.dk/portal/da/publications/programming-and-computational-thinking-in-mathematics-education(737ba6ae-73db-4105-80e5-93ae893b4723).html
https://doi.org/10.1007/s13218-021-00753-3


Noname manuscript No.
(will be inserted by the editor)

Programming and computational thinking in mathematics
education
An integration towards AI awareness

Andreas Lindenskov Tamborg · Raimundo Elicer · Daniel Spikol

Received: date / Accepted: date

Abstract Artificial Intelligence (AI) has become a part

of everyday interactions with pervasive digital systems.

This development increasingly calls for citizens to have

a basic understanding of programming and computa-

tional thinking (PCT). Accordingly, countries world-

wide are implementing several approaches to integrate

critical elements of PCT into K-9 education. However,

these efforts are confronted by difficulties that the PCT

concepts are for students to grasp from purely theoret-

ical perspectives. Recent literature indicates that the

playful nature is particularly important when novices

from both both early and higher education are to learn

AI. These playful activities are characterised by setting

a scene where PCT concepts such as algorithms, data

processing, and simulations are meant to draw on to

understand better how AI is integrated into our every-

day digital life. This discussion paper analyses playful

PCT resources developed around the game rock-paper-

scissors developed in the UK and Denmark. Resources

from these countries are interesting starting points since

both have been or are in the process of integrating PCT

as part of the K-9 curriculum. The central discussion

raised by the paper, is the nature of the integration
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between mathematics and PCT in these tasks. These

resources provide opportunities for discussion of how

we may better integrate PCT and mathematics from

the perspective of both subjects to build a solid foun-

dation for a critical understanding of AI interactions in

future generations.

Keywords artificial intelligence · computational

thinking · mathematics education · learning program-

ming

1 Introduction

Artificial Intelligence (AI) has become a part of many

aspects of everyday interactions with pervasive digital

systems[36]. This development increasingly calls for cit-
izens to have a basic understanding of programming

and computational thinking (PCT)[11]. AI and PCT

may at first glance not seem to have that much in

common, since AI deals with developing complex al-

gorithms and PCT is studied in the learning sciences

and mainly deals with how to teach students this new

topic. Recently, studies of PCT in education have how-

ever emphasised the need to teach students AI from

an early age, since early exposure to this field can lead

to more thoughtful and nuanced reasoning about AI-

based devices [11,30,36]. Manheim and Kaplan [19],

argue for society to pay attention to what AI means

for privacy and democracy. In this paper, we suggest

that teaching students AI from an early age could be

an important stepping-stone towards building such at-

tention. This focus needed since AI is not only a spe-

cialised topic relevant for experts, but a built-in tech-

nology of many of the devices children interact with.

Aside from specialised high school and higher education

programmes, the increasing importance of learning AI
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and PCT has led to a worldwide interest in implement-

ing key elements of PCT into K-9 education, as a non-

differentiated instructional frame for all future citizens

[4]. However, these efforts are confronted by difficulties

that the PCT concepts are for students to grasp from

purely theoretical perspectives. Most national curricula

do not have a subject where such topics are apparent to

address. We reckon that as a school subject, mathemat-

ics presents opportunities to deal with this challenge.

The apparent yet ambiguous interconnections between

school mathematics and PCT are at the core of the

research project this article is embedded in.

Since the introduction computational thinking (CT),

it has been argued that there are several potential over-

laps and synergies between CT and mathematics [27].

Research from the 1980’s showed that programming can

aid the learning of several aspects of mathematics such

as algebra[24], geometry [25] and proportion and ratio

[10]. Recent studies [3] however acknowledge that syn-

ergies between mathematics and programming can only

be exploited insofar that activities are designed to do

so. When this is done, empirical research however indi-

cate that students can use scripts to build mathemati-

cal ideas, and that algorithms can capture mathemati-

cal reasoning [3]. Indeed, more and more available ed-

ucational resources seek to exploit these synergies and

develop exercises that integrate mathematics and PCT

[1]. Regardless of the national contexts in which these

resources are developed, they often take the outset in

the same or similar playful activities, which are well-

known to students. These activities are characterised

by setting a scene where PCT concepts such as algo-

rithms, data processing, and simulations are meant to

draw on to understand better how AI is integrated into

our everyday digital life. Thus, such resources seem to

hold the potential to help to embed PCT in an estab-

lished school subject and anchoring PCT education in

meaningful contexts for students.

Although taking the outset in very similar activities,

these resources vary substantially regarding what math-

ematical and PCT topics they include and the extent

and nature of their relation. In this discussion paper,

we analyse playful PCT resources developed around the

game rock-paper-scissors developed in the UK and Den-

mark. Resources from these countries are interesting

starting points since both have been or are in the pro-

cess of integrating PCT as part of the K-9 curriculum.

Moreover, there exist elaborate resources to support

teachers in teaching, respectively, Computing and Tech-

nology Comprehension as new subjects. In our analysis,

we focus on identifying what aspects of PCT and math-

ematics the resources include. Further, by drawing on

a typology of the nature of the relation between PCT

and mathematics developed by Br̊ating and Kilhamn

[7,13], we describe the nature of the integration be-

tween mathematics and PCT in the tasks. We conclude

by discussing strengths and weaknesses in the analysed

resources and discuss opportunities of integrating PCT

and mathematics from the perspective of both subjects

to build a solid foundation for a critical understanding

of AI interactions in future generations.

2 Background

Papert [28] popularised the notion of computational

thinking, and the concept increased in popularity and

relevance with the work of Wing [37,38]. Papert advo-

cated the use of computational thinking as a power-

ful and accessible tool for learning. Researchers opera-

tionalised Papert’s ideas into a set of problem-solving

skills derived from the broad field of computer science

with a focus on the behaviour of humans [31,26].

Our vision of computational thinking builds from

Weintrop et al. [35] and their argument for the thought-

ful use of computational tools and skill sets that de-

pend on the learning of mathematics and science con-

tent. Their motivation is based on the changing nature

of science and mathematics research driven by compu-

tational counterparts that include the use of machine

learning and artificial sciences. Weintrop et al. argue

for the reciprocal need to use computation to enrich

mathematics and science learning while using mathe-

matics and science contexts to enrich computational

knowledge by including real-world problems to moti-

vate diverse and meaningful participation [35]. Others

go further and [15] argue for the need to redesign com-

puting to give children new power to make sense of their

world. They urge that computing needs to be integrated

into all aspects of education using representations (ab-

stractions) appropriate to language, mathematics, sci-

ence, and other subjects that use models and systems.

Mathematical knowledge, and its related pedagogy, are

inextricably linked to the tools in which the knowledge

is expressed [16].

However, there is not much agreement on what com-

putational thinking is in practice and research [31,29].

More challenging, from our standpoint, is how to imple-

ment CT into education to support mathematics and

reciprocally draw the connections between computer

science and mathematics. This lack of agreement and

examples especially becomes important when looking

at digital competencies to interact with Artificial In-

telligence critically. Without bringing together the dif-

ferent aspects of programming, computational thinking

and mathematics together, it becomes hazy to provide

meaningful activities for AI that show the interlinked
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relations thereof. When we investigate the relationship

between mathematics, PCT, and AI, we see opportuni-

ties to give context and design tools (learning activities)

to explore how to make real-world connections to reify

these complex concepts.

3 Rock-papers-scissors

Aside from scholarly discussions, aspects of PCT have

been increasingly included in compulsory education

around the world [5]. Some countries have gone so far

as to propose Computing as a school subject in its own

right, as it is the case of England [20]. Others have

embedded elements of PCT in already-existing sub-

jects. In particular, Sweden has explicitly included pro-

gramming as part of the algebra and problem-solving

branches in the mathematics curriculum [18]. A hybrid

position is the one exemplified by the case of Denmark,

where Technology Comprehension –with PCT as part

of its elements– is meant to be both a subject in itself

and part of others [32]. Accordingly, these developments

have led to the blossoming of diverse resources in differ-

ent countries, with different approaches and priorities.

As part of an ongoing research project relating PCT

and mathematical digital competencies (MDC) [14], we

have been producing a collection of tasks that –more or

less explicitly– attempt to bridge these fields. We have

organised these resources into common themes so as to

make appropriate comparisons, such as programming

calculators, generating random numbers, drawing geo-

metrical figures and number base conversion. We an-

chor our discussion in one of the most prominent cases:

the game rock-paper-scissors, which explicitly addresses

AI. We summarise four of its version in Table 1, in-

cluded at the end of the paper, identifying its source,

resources needed, their declared problem statement and

a brief description. Though other versions exist (e.g.,

from MIT’s App Inventor), they are not freely accessi-

ble and thus discarded from our analysis.

4 Approach to analysis

In our analysis, we first identify the PCT and math-

ematical content from each of the tasks. Though sev-

eral frameworks are available for the broad constructs

of PCT [35,2,29] and mathematical competencies [22],

we take a more simple and grounded approach. We ad-

dress four tasks around the same theme; big frameworks

are unnecessary at this stage, and we will come back

to them in the discussion. Regarding PCT content, we

identify the programming environments and languages

and the computer science topics and concepts. We find

it important to identify the programming environment

and languages in the tasks in order to develop a more

concrete understanding of how the tasks are organised

to engage students in the playful AI activities. This

information provide an understanding of the level of

technical difficulty and demands on part of both stu-

dents and teachers, which we find necessary since not

all resources explicitly applies to a specific grade level.

As for mathematics, we identify mathematical concepts

and actions involved [7]. It is worth noting that mathe-

matical constructs are seldom stated or, in most cases,

can be inferred. Singling out the content is relevant

since, as can be seen in the descriptions in Table 1,

the resources take very different approaches to exploit

rock-paper-scissors as a context for PCT learning.

Secondly, we draw on two complementary frame-

works, which both have been developed to study the

interplay between PCT and mathematics. Misfeldt and

colleagues [20] conducted a comparative analysis of the

relations between programming –including notions of

CT– and mathematics in curricular documents from

Denmark, Sweden and England. They developed four

different categories of relations: specific, explicit, im-

plicit, and weak or non-existing. Relations are deemed

specific when curricular documents or educational re-

sources state the connections between PCT and a par-

ticular area of mathematics or a mathematical working

process. Explicit relations take place when PCT is re-

lated to mathematics, mathematical working processes

or competencies. Implicit relations are those where a re-

lation to mathematics can be inferred but is not directly

mentioned. Finally, weak or non-existing relations are

when neither of the above is the case.

Whereas we apply the four categories above to dis-

criminate the extent to which connections between math-

ematics and PCT are specific or explicit, we build on

and adapt the work of Br̊ating and Kilhamn [7] to in-

vestigate the nature of the relation between PCT and

mathematics in the tasks. As part of their analysis of

programming tasks developed for Swedish mathematics

textbooks in a recent study, they identified the specific

programming and mathematical concepts and actions

present in the teaching resources. While their analysis

mapped out the specific types of actions and concepts

from mathematics and programming in the education

resources (e.g., debugging, find mistakes etc.), we use

the distinction between concepts and actions to identify

the types of combinations between mathematical/PCT

concepts and actions in the resources [13].

Overall, this approach to analysis is as starting point

for discussing the following: (1) what mathematical and

PCT content the tasks invoke, (2) to what extent rela-

tions between mathematics and PCT are present and
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explicit, and (3) in what ways mathematics and PCT

are integrated. Together with the frameworks described

above, this enables us to discuss how explicit mathe-

matics is present in the computational tasks and whether

these mathematical concepts and actions are combined

with PCT concepts and actions. After having analysed

the tasks according to the above three points (1-3), we

proceed to discuss implications of the tasks’ characteris-

tics and potential synergies of integrating mathematics

and PCT content in related to students learning of AI.

5 Analysis for Discussion

We organise our analysis in three separate parts to open

up the discussion around PCT. First, we investigate

what PCT and mathematical content the resources ei-

ther explicitly state to address or which can be inferred

from their description. This step provides an overview

of the different opportunities of combining PCT and

mathematics in the context of rock-paper-scissors ex-

amples. Secondly, we discuss the relation between PCT

and mathematics in the resources to consider the level

of specificity and explicitness of the relation between

PCT and mathematics [20]. Thirdly, we elaborate on

the nature of these connections building on the above

explicit relations [7]. The aim of our analysis is not to

go into depth about the activities but to raise up com-

plexities that need to be addressed to better address

how AI and PCT need to be developed for education.

5.1 Content

5.1.1 PCT content

Although all the resources take a starting point in rock-

paper-scissors to educate students in PCT, they adopt

different approaches to the programming environments,

programming languages, resources and computer sci-

ence sub-fields included.

Tasks 1 uses text-based programming and intro-

duces students to flowcharts as models for their algo-

rithms. In the task, students are encouraged to build

their own flowchart to represent how and when data are

used to improve an algorithm for he AI player in the

game. The task however deals rather superficially with

PCT concepts and practices. Programming languages,

and types of loops are not specified in the task but a

palette is offered, and the notions of algorithms and

simulations are discussed. Google Teachable Machine

and Quickdraw are introduced only to set the scene.

Later on, a models for possible uses of data to improve

the AI-player’s algorithm is given as a flowchart. Task

4 includes Python, but the vast majority of code has

already been written for students to use. They are of-

fered to make changes if they want to. Students can

both change code and the graphical interface. In that

respect, it it possible to functionally solve the task with-

out programming at all.

Task 2 is based on Scratch, where students are to use

the accelerometer sensor in Micro:Bit. Students need

to program the Micro:Bit to randomly choose 1 among

three variables (representing rock, paper, or scissors)

when microcontroller board is shaken. The task also

encourages students to program the LED light bulbs to

turn on to represent the three different variables.This

task thus engages students in the block programming,

but does not address AI as such.

Task 3 is designed for Scratch as well, and it makes

use of a machine-learning environment specifically de-

signed to for the program (similar to Google’s Teach-

able Machine). Students are first asked to train the

machine using hand gestures through their webcams.

The task gives students step-by-step guidance. Along

the way, the task explicates students’ actions in pro-

gramming terms. Pauses of the like are given to reflect

on other explicit concepts, namely supervised learning,

machine learning model, and image recognition. As for

programming the game, students are given a working

template to import the machine learning model.

Tasks 4 uses the Google Teachable Machine for im-

age recognition and RaspberryPi. In this task, students

need to train Google Teachable Machine to recognise

hands shaped as rock, papers and scissors by uploading

a pictures of their hands taken by the webcam. Stu-

dents are then asked to export the AI model developed

in Google Teachable Machine as Python code, which is

imported in RaspberryPi. Similar to task 1, students

can solve this task without writing or interacting with

code as such.

In spite that the four activities are based on the

same playful activity, they thus integrate highly differ-

ent PCT content on tools. As we describe below, these

approaches open for the relevance of different mathe-

matical content.

5.1.2 Mathematical content

Although none of the tasks included in this paper claim

to be related to mathematics, they all address rock-

paper-scissors from a perspective where knowledge, con-

cepts and operations from the domain of mathematics

are pertinent. For all the tasks, the relevant mathemat-

ical content is primarily related to the subject area of

probability and statistics.
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Task 1 focuses on estimating frequentist probabil-

ities from collected data after playing the rock-paper-

scissors game repeatedly [6]. Its final part takes a Bayesian

approach, recalculating probabilities as the game goes.

Task 2 involves the simulation of random realisa-

tions of a uniformly distributed discrete random vari-

able, namely, equiprobable outcomes rock, papers or

scissors.

Task 3 includes ideas of sampling and bias in data

while training the machine-learning model. It slightly

addresses relations to angles and proportionality. Stu-

dents are to consider the angles and relative size of pic-

tures taken of their hands in the shape of rock-paper-

scissors to inform an image-recognition algorithm.

In task 4, however, there are no clear mathematical

concepts invoked since the game is programmed so that

the computer always wins. This task does not grasp the

inherent uncertainty of outcomes in the game to build

a strategy.

Overall, it is worth mentioning here that these math-

ematical ideas are not explored nor scaffolded explicitly

in the tasks. Of course, the tasks are not purposefully

designed for mathematics learning nor for a particular

age group. As such, the progression and accumulation

of mathematical knowledge is not addressed.

5.2 Specificity and explicitness of relations between

PCT and mathematics

Despite the mathematical content described above be-

ing of high relevance to understand the underlying PCT

mechanism included in the tasks, the concepts remain

implicit in all of them. For most of them, we can infer

the mathematics involved from the tasks’ descriptions

and mechanisms.

Occasionally, the lessons give students advice based

on mathematical concepts in how to build a supervised

machine learning algorithm to recognise images. That

is, for example, the case in task 3. Here, students are

asked to make their hands in the shape of rock, paper

and scissors, take photos of these shapes with the web-

cam, and use them as input to train the machine learn-

ing model. The student worksheet for this task includes

a “Tips” section at the bottom. One of them empha-

sises the importance of providing the model with an

even number of pictures for each move:

Try and come up with roughly the same number

of examples for each shape. If you have a lot

of examples for one type, and not the other, the

computer might learn that type is more likely, so

you’ll affect the way that it learns to recognise

photos.

(Task 3, p. 8)

This tip addresses what is referred to as over and

undersampling in the field of statistics, which are re-

lated to statistical bias and misrepresentation in data

[34]. Similarly, the “tip” right after advises students to

“come up with lots of different types of examples” (Task

3 – Worksheet, p. 8). This warning, too, is related to

mathematics and could be connected to modelling as

a mathematical competency. Mathematical modelling

involves the ability to develop and critically analyse

mathematical models, “whilst taking purposes, data,

facts, features and properties of the extra-mathematical

domain being modelled into account (...)” [22, p. 16].

This mathematical competency is relevant here since

students are instructed in taking features and proper-

ties of the rock-paper-scissor moves (size, angle and

other variations) into account while modelling these

into statistical input to train a machine learning model.

The implications of over and undersampling and not

providing an adequate variety of representations for the

phenomenon the machine learning model is to recognise

are somewhat limited in the context of this task. In the

worst case, it leads to a bad computationally driven

rock-paper-scissor player. Nonetheless, bias in AI al-

gorithms can have much more severe implications and

has the subject of intense public debate in recent times

[33]. In that respect, this task shows that rock-paper-

scissors, as a context for PCT learning, has strong po-

tential in setting a scene where students can learn to

build, understand and critically relate to AI from tan-

gible experiences from a familiar situation. In its cur-
rent form, the task however mainly focuses on training

students in creating machine learning models and, to

a lesser degree, understanding and critically relating to

them. Introducing the above-mentioned mathematical

concepts could eventually support students in under-

standing the mechanisms at play from a more principal

and context-independent perspective, allowing them to

explore and discuss their implications in other settings

where they encounter similarly constructed models. We

will return to this point in Section 6.

As none of the resources claim to include or relate to

mathematics, it is, on the one hand, natural that these

mathematical concepts are not an explicit part of the

tasks. On the other hand, these ideas lay an important

foundation for students to understand what they have

built. Since all the tasks are developed for educational

purposes, it is, in some respect, surprising that such

obvious overlaps with mathematics as a school subject

are not overtly addressed.
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5.3 Nature of relations between PCT and mathematics

As described above, the mathematical content present

in the resources is implicit. None of them thus introduce

nor elaborate on mathematical concepts and relation to

or relevance to carry out the programs. Yet, the tasks

involve what could be termed as mathematical actions,

in the sense that students, for example, provide data in-

put for a machine learning model and supervise it (task

3) and collect and simulate data (task 1). These CT

data practices [35] have a parallel in statistics, which

can be portrayed as the science of learning from data

[21]. While these and similar mathematical operations

appear recurrently in most of the tasks, they are never

labelled as such. Neither are the mathematical concepts

(e.g., bias, over and undersampling, misrepresentation)

explained. The resources thus exclusively include math-

ematical actions (and not concepts), which in addition

remain implicit, unlabelled and unexplained.

Among the few tasks included in this paper, there

are variations in whether they explicitly introduce and

explain PCT concepts or primarily engage students in

PCT actions. A common characteristic of tasks 2, 3 and

4 is that the students’ PCT actions are scaffolded by

predefined, step-by-step instructions with little room

for experimentation.

Tasks 2 and 4 are cases that predominantly include

PCT operations and implicit mathematical operations.

In task 2, students ought to use the accelerometer in a

Micro:Bit device to build a random generator of rock-

paper-scissors moves. This task describes 11 steps for

students to follow to achieve this goal. During these

steps, the resource mentions PCT concepts such as vari-

ables, else and else-if conditionals and code, but these

concepts are merely mentioned and not described in

any level of detail to the students. Similarly, task 4 en-

gages students in training Google Teachable Machine

to recognise images to distinguish between rock, pa-

per, and scissors to ultimately built a computer-driven,

cheating rock-paper-scissors player. During the exer-

cise, the resource introduces PCT concepts such as

trained and untrained models, but these concepts are

not explained to students, and the predominant focus

is on engaging students in building the end-product.

While tasks 2 and 4 predominantly address PCT ac-

tions, tasks 1 and 3 integrate both PCT concepts and

actions. Task 1, for example, explicitly explains to stu-

dents that “by breaking down a task into several steps,

it is possible to have a computer to follow it. Most of

the programs we use in our daily lives work like that,

for example, writing an e-mail, make a Facebook post

or check the balance in our bank accounts (...)” (Task

1, p. 7). Similarly, task 3 engages students in following

a step-by-step procedural guide to developing a ma-

chine learning algorithm able to recognise and distin-

guish rock, paper and scissors from the shape of hands.

Towards the end of the task, the resource states the

following:

You’ve started to train a computer to recognise

pictures as being rock, paper or scissors. You are

doing it by collecting example photos. These ex-

amples are being used to train a machine learn-

ing “model”. This is called “supervised learning”

because of the way you are supervising the com-

puter’s training. The computer will learn from

patterns in the colours and shapes from each of

the photos you’ve given it. These will be used to

be able to recognise new photos.

(Task 3, p. 7)

Both examples integrate PCT actions and concepts with

the mathematical actions, which remain implicit.

Mathematical actions are present in all of the tasks.

Moreover, we see examples that these actions are in-

tegrated with both PCT actions and PCT concepts.

However, these mathematical actions remain implicit

and unexplained. In what follows, we discuss the im-

plications of this feature of the tasks. We argue for the

potential of explicitly including mathematical concepts

from both the perspective of PCT and mathematics ed-

ucation.

6 Discussion

As stated in the introduction, AI has become a part of

many aspects of everyday interactions and increasingly

requires citizens to have a basic understanding of its

underlying processes. We claim that grasping PCT con-

cepts and practices is a necessary condition for it. The

ability to develop machine learning models are, with-

out a doubt, an essential step towards achieving this

goal. Such skills need to be supplemented by developing

students’ understanding of the underlying mechanisms

and potential implications of such models if we are to

educate critical and not only productive citizens.

Only focusing on PCT actions, omitting the discus-

sion on essential concepts, is associated with a risk of

blackboxing critical components of AI. Blackboxing is a

widely researched phenomenon in mathematics educa-

tion research due to the pitfalls of emptying out poten-

tial learning of mathematics by replacing manual cal-

culations with handy digital technologies [17]. On the

other hand, simply not introducing students to power-

ful tools and their opportunities is equally problematic.
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Research in this field often suggests balancing these in-

terests by firstly introducing the concepts and applying

them through manual processes and subsequently using

digital tools to do the same operations [8]. To achieve

this balance, or “grayboxing” process [9], there is a need

for finding ways to unpack and discuss how such models

work, why they sometimes lead to undesired outcomes,

and how they can be improved.

One of our fundamental assumptions in this paper

is that the domain of mathematics provides one among

other relevant starting points to do so. By mathemat-

ics, we mean both its disciplinary nature, including con-

cepts and enactments thereof, as well as mathematics

as a widespread compulsory school subject.

As shown in the analysis, the essential underlying

mechanisms of several PCT actions are based on mathe-

matical concepts, especially from the sub-area of statis-

tics. While the tasks included in this paper occasionally

introduce and explain PCT actions and concepts, they

exclusively do so in the realm of computer science. As

noted by [35], there are evident overlaps and synergies

between PCT and mathematics that are highly relevant

to draw on in educational contexts. In the tasks, explic-

itly including the now implicit mathematical concepts

and actions could lever discussions about relevant mat-

ters. Students may be asked what the implications of

under and oversampling for the functionality of a ma-

chine learning model are. How do we adequately model

the moves in a rock-paper-scissors game? What varia-

tions do we need to account for in terms of how these

moves are represented? As already stated, using math-

ematical concepts to unpack these PCT mechanisms

could function as an anchoring point to discuss more

fundamental principles of AI and machine learning in

broader contexts. By doing so, we can educate students

not only with the skills to build an AI model. We may

prepare them with the knowledge needed to assess and

evaluate underlying assumptions and outcomes of AI

models in general and critically relate to AI in their

everyday lives.

The point above illustrates one of the limitations of

our study, namely the constrained contextualisation of

tasks into a familiar yet socially inconsequential game.

Rock-paper-scissors does not directly relate to social or

ethical aspects of AI. However, there are studies sug-

gesting that students’ mathematical reflections about

games in fact can lead to more general ethical consid-

erations that transcend the context of the game from

which these reflections are derived. Nobre [23] high-

lights how discussing a game of lottery helped students

making sense of probabilistic ideas. However, framing

the activity in the popular Brazilian “Animal Lottery”

lead students to situate the game in its profit orienta-

tion and corruption motivation. Another case is that of

a 7th-grade student expanding her learning from a dice

game to a broader reflection on games of chance. The

teacher engages in a dialogue comparing her success to

that of a casino player, and she realises that her class-

mates “are enthusiastic about me winning and believe

they can win, but in reality, they are all losing” [12,

p. 219]. Overall, a learning environment is more com-

prehensive than a given task; the teacher’s framing of

the activity plays a significant role.

A key discussion point in curriculum policy revisions

concerning PCT has been whether this topic should

be a subject in its own right or integrated in existing

topics. Several countries have already included PCT as

part of their mathematics curriculum, and the tasks

present opportunities for synergy with mathematics as

a school subject. The PCT tasks give a familiar and

playful context to explore curricular mathematical con-

tent. As suggested be previous literature [11], playful

activities allow students to grasp basic AI concepts from

an early age. While previous research have argued for

the usefulness of programming (algorithms in partic-

ular) to better understand mathematical concepts [3],

our paper shows that mathematics can also aid students

in understanding fundamental principles and potential

implications of AI. While our discussion points above

primarily argue for the value of explicitly connecting

PCT and mathematics for the sake of PCT, there are

values of doing so from the perspective of mathematics.

As noted by Pérez [29], mathematics is predominantly

an inwards-oriented and abstract activity dealing with

concepts in their own right, making it difficult to access

and relate to for many students. He argues that there

is a value in combining mathematics and computer sci-

ence in that the latter provides a significant context

that clearly shows practical applications of PCT actions

[29]. From there, the mathematics classroom environ-

ment can function as a fertile ground for reflectively

approaching the tasks beyond their current instruction-

following form. However, thinking about how to sup-

port teachers to embrace related contexts beyond PCT

and consider looking beyond these domains for inspi-

ration is a non-trivial task that calls for further edu-

cational implementation research.For example, the re-

sources analysed in this paper may stimulate bits and

pieces of what is likely to be part of a curriculum,

but is not based on well thought-through and explicit

ideas of progression. Weintrop and colleagues [35] have

made an important contribution of providing a taxon-

omy for CT in the science and mathematics classroom,

but no equivalent has been developed from the perspec-

tive of mathematics. Developing such a contribution is

far beyond the scope of this paper. We however believe
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that our analyses have indicated strong potentials in

stronger and more explicit integration of mathematics

to support an increased AI awareness among students.

A natural next step towards formally addressing this in

curriculum revisions could be to develop a taxonomy of

the mathematical content of relevance for CT/AI.

The implications of AI however naturally exceeds

what is meaningful to address within mathematics. There-

fore, we find it increasingly important that subjects

from various domains address issues of AI and thereby

contribute by aiming to learn students about the tech-

nology that surrounds us and implications on our every-

day life from the perspectives of a variety of subjects.
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Table 1 The four rock-paper-scissors tasks

1 Danish Ministry of Education
Resources Google Teachable Machine, Python

Problem Statement How can we produce a program capable of playing
rock-scissors-paper and making its moves based on the
previous moves based on a database survey?

Description This task is part of a collection of teaching resources
developed for the pilot implementation of Technology
Comprehension in Denmark. In summary, the task consists
of three stages: (1) Program the game considering
probabilities as static. (2) Redesign the game considering
probabilities as conditional to the up-to-date data
collection. (3) Program the game as a trained AI player
attempting to win. The task applies to grade 8 (age 14)
and is part of a longer course that is estimated to 40
lessons in total

URL https://xn--tekforsget-6cb.dk/wp-content/uploads/

2021/03/2.-fra-tilf%C3%A6ldighed-til-m%C3%

B8nstre-8.-kl.-SOM-FAG-rev.-22.03.2021.pdf

2 BBC / Micro:Bit
Resources Micro:Bit device, Scratch

Problems Statement Use the accelerometer and the screen to build a Rock
Paper Scissors game that you can play with your friends!

Description This an online tutorial developed by the BBC’s Micro:bit
tangible. It consists of a step-by-step construction of a
Scratch program that produces a led display (rock, paper
or scissors) each time the gadget is shaken. The outcome is
programmed with an if-elseif-else loop, and picked through
a random number between 1 and 3. This resource does not
explicitly state what grade-level it applies to or the
estimated duration.

URL https://makecode.microbit.org/projects/

rock-paper-scissors

3 Machine Learning for Kids
Resources IBM Watson Visual Recognition, Scratch 3

Problem Statement Make a rock, paper, scissors game in Scratch that learns to
recognise hand shapes.

Description The task consists of following a two-part tutorial. (1) Using
a built-in web-based machine learning environment, pupils
train a model by uploading and labelling different webcam
pictures of hand gestures. (2) Using a built-in template,
pupils insert the model into a Scratch script that runs the
game. As a final step, in case the image recognition is not
satisfactory, pupils are to train the model again. This
resource does not explicitly state what grade-level it
applies to or the estimated duration

URL https://raw.githubusercontent.com/IBM/

taxinomitis-docs/master/project-worksheets/pdf/

worksheet-rockpaperscissors.pdf

4 Raspberry Pi & Google Teachable Machine
Resources Raspberri Pi, Google Teachable Machine, Python

Problem Statement Create a game of rock, paper, scissors that you can play
against the computer: you will make the gestures with your
hands and have the computer recognise them. In this
version of the game, the computer is going to cheat -- it
will recognise the player’s move and choose the object that
will beat it!

Description This is one of the projects developed for Raspberry Pi.
After an overall introduction to the project and to Google
Teachable Machine, the task is organised into four steps.
(1) Collect your training data: using the webcam to
register a collection of hand gesture pictures. (2) Create
your model: using Google Teachable Machine to train and
export the model based on the collected data. (3) Set up
the game: using a pre-written Python code that plays the
game with a visual interface. (4) Connect your model to
the game: inserting the AI model into the game set up with
Python so the computer always wins. This resource does
not explicitly state what grade-level it applies to or the
estimated duration.

URL https://projects.raspberrypi.org/en/projects/

rock-paper-scissors-by-hand
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