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CTab could be an adequate instrument to verify the hypothesized multi-
dimensionality of CT.

A proof-of-concept (and very preliminary) design of a couple of items
for the CTab can be seen in the next two figures. Figure 4.14 shows item 22
from the original CTt, which addresses a visual-spatial problem through
“repeat” loops and “while” conditionals. Meanwhile, figure 4.15 trans-
lates and extrapolates that problem to a verbal-linguistic modality. To fully
design the CTab, the same should be done with all the computational con-
cepts involved and throughout all the types-modalities of problems.

DISCUSSION AND IMPLICATIONS

Here we discuss several implications of validating the multifactorial struc-
ture of the CTab and, consequently, of confirming our Theory of Multiple
Computational Thinkings.

First, if the CTab were validated, then it would be possible to establish
a personalized CT profile for any assessed person. Given that each of the
multiple computational thinkings is supposed to be relatively independent
of the others, it would be relevant to determine, for all students, in which
modality of CT they are most capable and then to design a personalized

Which instructions best summarize the following story?

Once upow a time, theve was a
character called "Pac-man,
who was very hungry. He
went to the forest path to find
food. At each step he took, he
found a cluster of three
strawberries and ate i
he veached the enal

while path ahead
do  repeat times
do | move forward
—

repeat [E)) times

do | Eat1 strawbe; rry
—

while path ahead

do | move forward
repeat times

do [gat 1 strawberry
| —

while path ahead
do  repeat [E) times
do | move forward
—

repeat [E) times

do |Eat1 strawberry
(=

Option D
while path ahead

do | move forward
L —

repeat [EJ times

do |gat 1 strawberry
| =

4.15 A verbal-linguistic item for the upcoming CTab.
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CT educational intervention taking into account their strengths in this
regard.

Second, if the theory is not only empirically confirmed but also accepted
by the community of researchers, practitioners, and policy-makers, then
the subsequent CT curricula and interventions would probably become
more diverse and inclusive. CT education will be more equitable if a more
diverse set of problems to be computationally solved are offered within
K-12 scenarios.

Finally, confirming our Theory of Multiple Computational Thinkings
could also reinforce Gardner’s TMI. Throughout the last decades, TMI has
been often harshly criticized because of its insufficient and inadequate
empirical supporting evidence (e.g., Visser, Ashton, and Vernon 2006a,
2006b; Waterhouse 2006). In this vein, Visser, Ashton, and Vernon (2006a,
2006b) reported that administering their battery of tests, which suppos-
edly encompassed the eight intelligences of Gardner, resulted in a large
common factor (general or “g” factor) that clearly contradicted and dis-
carded TMI principles. Gardner (2006) replied that most of the tests used
in Visser’s battery were heavily and exclusively loaded with verbal and
logical information and were presented through typical school-like tasks,
all of which derived in obtaining that single “g” factor. In other words, Gard-
ner claims that TMI requires to be fairly contrasted with a more diverse and
contextualized set of tests/tasks, but at the same time Gardner recognizes
the difficulty of building an assessment battery with such a heterogeneous
set of abilities/intelligences to be measured. Therefore, to be effectively con-
trasted, TMI could lack an anchor that provides it with a minimum stability
and homogeneity. We consider that CT might be the anchor that Gardner’s
theory needs. It is a risky conclusion but also a suggestive and beautiful idea
for future research.

NOTE

1. Manuscript under review.
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CO-CREATION PROJECTS

PERSPECTIVES FROM FINLAND
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and Kai Hakkarainen

INTRODUCTION

Societies and industries have changed significantly in recent decades. The
emerging innovation society has resulted in the technological, sociological,
and cognitive development of society. Our professional lives are highly
digital, but K-12 education (both teaching and learning) is still taking its
first steps in a digital transformation. To understand and become an active
member of society, students have to learn to understand the technol-
ogy behind digitalization. Understanding algorithms, such as procedural
thinking, reasoning, and decision-making mechanisms, helps students
understand technology and how it works. However, in addition to under-
standing algorithms and computational thinking (CT), students should be
able to utilize them in their personal and collaborative thinking, problem-
solving, and creative pursuits.

Modern society relies on advanced technologies, such as artificial intel-
ligence (Al) and data analytics. To understand the automatic decision-
making of online services and social media, students need CT sKkills.
Moreover, the role of information that is processed and analyzed by Al
is increasingly important in our everyday lives. For example, while bank-
ing or shopping, a customer receives information determined by the ads
and customized services they see based on automatic decision-making
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by Al. When using a search engine or reading a newspaper online, the
user is targeted by personalized content and ads based on the motives
and content interests of service providers. Learners should be aware that
the internet’s search engines and social networking tools rate and censor
search results and information based on various commercial and political
motives.

The major challenge for the K-12 educational system globally is to help
students develop critical thinking skills and creative capabilities, espe-
cially related to understanding computational processes and mechanisms.
In the digital world in which we live, CT skills are a prerequisite for critical
thinking. How can we ensure that K-12 educational systems are capable
of helping students develop these skills? What methods do we need to use
to learn and teach these skills? What wider changes in the organization of
teaching and learning in educational institutions are needed?

COMPUTATIONAL THINKING AS A TWENTY-FIRST-CENTURY SKILL
Various definitions and frameworks for twenty-first-century skills (Trill-
ing and Fadel 2009) have been used as a base for K-12 curricula to define
transversal competencies and goals for education. Widely used frameworks
in K-12 education usually include such competencies as collaboration,
communication, citizenship, creativity, critical thinking, and character
building. Most twenty-first-century skills frameworks are focused on so-
called soft skills (Bereiter and Scardamalia 2012) and neglect, to a large
extent, the importance of logic and mathematical or algorithmic rea-
soning. Wing (2006) introduced the idea of CT as a fundamental skill
for everyone; nevertheless, none of the widely used frameworks have
adopted it. Very often, CT is only linked to computer science or STEAM
(science, technology, engineering, arts, and mathematics) education and
is narrowly understood to only include coding or ready-made mathemat-
ical algorithms.

A common mistake is to talk about coding when we should talk about
CT. Coding is often used as a generalized term for programming or, even
more often, misused to describe some ill-defined activities with comput-
ers. To understand how to program, it is necessary to comprehend CT and
system design. CT is not a new concept but has been studied and discussed
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mainly by computer scientists (Denning 2009; Tedre and Denning 2016;
Wing 2006). However, it should be more extensively investigated by edu-
cational researchers and learning scientists when designing K-12 curri-
cula and educational practices.

The importance of CT was introduced by Wing (2006) and more widely
studied by Denning and Tedre (2019). Primitive forms of CT have existed
in the form of mathematics and calculation throughout history, even
in the time before computers. In modern terms, CT may be defined as
cognitive skills and practices for designing computation and computing
systems and for explaining and interpreting the world in terms of com-
plex information processes (Denning and Tedre 2019). Wing (2008) has
defined CT more compactly as analytical thinking utilizing abstractions,
as she defines computing to be the automation of abstractions. However,
CT is not only important for computing or for learning programming but
it is also a highly generalized cognitive skill needed for critical thinking,
media literacy, and knowledge production, as well as for comprehending
ethical issues related to data-driven society and various aspects of Al and
its ethically sustainable use.

LEARNING AND TEACHING COMPUTATIONAL THINKING
IN MODERN K-12 EDUCATION

The utilization of CT in K-12 education is anchored in our conceptions
of emerging digital technology, theories of learning, and technology-
mediated practices of learning and teaching. It appears to us that CT
requires a new level of epistemic fluency (Markauskaite and Goodyear
2017), interconnecting abstract and real-life phenomena by learners and
teachers. When considering pedagogical applications of CT in K-12 edu-
cation, it is not enough to address mere programming or coding. Pro-
gramming in K-12 education is sometimes even simplified to routine
procedures of giving directions to a computer or to a robot through
individual commands. Coding does not equal CT (Wing 2006, 2008)
or adequate computing skills; a wider approach than coding is needed
for learning and understanding the computational aspects of problem-
solving and analyzing, modeling, and automating abstractions (see fig-
ure 5.1). The focus should be on modelling and understanding real-world
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5.1 Framework for learning computational thinking in K-12 education, consisting of
the computational system and human information processing.

phenomena by designing, creating, and utilizing abstractions and by creat-
ing algorithms and simulations. In addition, the focus of learning should
be on systemic thinking, as in system theories or system design.

CT skills cannot be adequately learned in a decontextualized setting
of programming or designing algorithms without a connection to real-
world phenomena and their modeling. We argue that epistemic flexibility
is essential to comprehending relations between the real-world pheno-
mena (problems to be solved) and the abstractions (computational mod-
els or algorithms) that are used for problem-solving. The goal of learning
should be a systemic understanding of the entire computational system,
including real-world phenomena, computing, and human information
processing.

The use of modern information technology and modern computing
are fundamentally culturally mediated cognitive skills. CT (Wing 2006,
2008) can be associated with metacognitive skills and the sophisticated
use of a repertoire of cognitive strategies. Using algorithms as a mental
tool augments the power of human cognitive capacity and fosters the
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development of cognitive strategies. Simultaneously, computing and com-
puters are used as tools for complex physically distributed cognition (Pea
1985; Salomon 1993). Computational power and computers are often used
to solve problems that would be difficult or virtually impossible to solve
with a human’s information-processing capacity. A computational system
consists of human cognitive processes, distributed cognition, and informa-
tion processing on a computer (e.g., Pea, Kurland, and Hawkins 1985; Salo-
mon, Perkins, and Globerson 1991), all embedded in the social practices
of human communities (e.g., Ritella and Hakkarainen 2012). Human cog-
nition and computer processing can be seen as intertwined agents of the
cognitive system used for complex problem-solving. Moreover, the socially
shared cognition mediated by computers boosts these intertwined agents
of the cognitive systems that jointly may provide a crucial platform for cre-
ating novelty and innovations.

Ideally, when learners are provided with opportunities for cultivating
CT skills in K-12 education, they should have generalizable capabilities
for organizing, reorganizing, modeling, analyzing, utilizing, and comput-
ing information to problem-solve in any subject domain. This raises a
pedagogical challenge for K-12 educational systems: How should CT be
taught so that students gain adequate skills?

CT cannot be learned by reading books, by listening to teachers’ lectures,
or even by coding. Sociodigital processes combined with co-computational
thinking are needed. The best way to ensure a holistic understanding of
CT (see figure 5.1) is to connect it to a real-world phenomenon and to pur-
sue complex projects that require the interrelation of concrete experiences
with abstractions and associated formal languages. To learn novel skills
needed for the future, such as CT and creativity skills, new epistemologies
(see table 5.1) and metaphors for learning are needed. Beyond knowledge
acquisition, these emerging metaphors of learning highlight the impor-
tance of learning through computational participation (Kafai 2016) and
collaborative knowledge creation (Paavola and Hakkarainen 2005, 2014).
Hence, co-creation and co-innovation are seen as crucial for learning CT
and creativity.

Rather than merely digitalizing traditional acquisition-oriented and
teacher-centered instructional practices (surface learning), it is critical
to cultivate technology-enhanced practices of learning and instruction
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Table 5.1 The epistemic approach for learning the traditional and new skills needed
in a highly digitalized working life and in modern Al- and data-driven societies

Phenomena-based

Surface learning Deep learning learning
Goal Recalling facts Understanding Creating new solutions
Outcome | Capability to apply Capability to apply | Capability to create
information only ina | knowledge in new solutions for

narrow context, if at all | various situations various new situations

Methods | Information acquisition | Collaborative Co-creation and
knowledge building | co-innovation

Focus Facts Knowledge Thinking skills and
strategies as well as
innovation practices

that provide opportunities for social participation and collaborative cre-
ation of knowledge (Hakkarainen 2009; Paavola and Hakkarainen 2014).
To appropriate sociodigital instruments as tools of everyday activity, it is
necessary to transform everyday practices of learning and instruction as
well as change the operational culture of schooling (Ritella and Hakkara-
inen 2012). Educational transformation is a systemic change and requires
strong institutional support to succeed (Fullan 2016; Fullan and Quinn
2015). It is particularly important to develop novel epistemologies of learn-
ing and teaching, such as the phenomena-based approach, to integrate the
entire community of the school and to promote the pedagogic transforma-
tions that the effective learning of CT will call for.

In addition to CT, we propose that computational creativity skills
should be a goal of K-12 curricula. We cannot train our children to be
merely computer players or even programmers in the future; we will have
to train them to become computer composers with real computational
creativity skills. To use a musical metaphor, it is not merely about press-
ing a piano’s keys but about being able to interpret, compose, and create
music. Computational creativity skills are not focused on the automation
of existing processes or abstractions of the real world but rather on inno-
vating and creating novel solutions, abstractions, and epistemic artifacts
that may not yet exist. Computational creativity skills are used to create
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art and design artifacts, processes, and innovations by using computing,
digital fabrication, and shared sociodigital processes.

PHENOMENA-BASED LEARNING AND CO-CREATION PROJECTS
AS AN APPROACH TO LEARNING COMPUTATIONAL THINKING
AND COMPUTATIONAL CREATIVITY SKILLS EDUCATION

Phenomena-based learning can be described as multidisciplinary inquiry
learning in which teaching and learning, as well as curriculum, are based
on holistic and authentic topics—not on traditional school subjects or
decontextualized exercises. The key dimensions of phenomena-based learn-
ing are presented in table 5.2.

The basis of phenomena-based teaching and learning can be found
in constructionism, which sees learners as active builders and creators of
knowledge and artifacts. Knowledge is constructed as a result of problem-
solving and creative production through the integration of little pieces into
a comprehensive whole according to the situational needs and the infor-
mation available at the time. When phenomena-based learning occurs in a

Table 5.2 Key dimensions of phenomena-based learning

Holism The topics and concepts to be learned are chosen for
their relevance in the real world, and a 360-degree
perspective is offered through the integration of
traditional school subjects.

Authenticity The methods, tools, materials, and cognitive practices
used in learning situations should correspond to ones
in the real world: for example, in professional life.

Contextuality Learners learn new things in their natural context and
learn to move fluidly between contextualization and
abstraction.

Problem-based inquiry | Learning and collaborative knowledge building are based
learning on the questions and problems posed by learners, and
solutions are created by them as well, allowing them to
take an active role in designing the curriculum.

Learning as a nonlinear | Learning is seen as a nonlinear process, which is
process activated, guided, and facilitated by open learning
challenges and supporting structures.
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collaborative setting (when the learners work in teams, for example), it sup-
ports the socioconstructivist and sociocultural learning theories, in which
knowledge is not merely an internal element of an individual. Instead,
knowledge is formed in a social context. Sociocultural learning theories
focus on cultural artifacts (e.g., systems of symbols, such as language, math-
ematical calculation rules, and different kinds of thinking tools). Learning
relies on the knowledge and tools that are transmitted by cultures, which
are used generatively in novel contexts and for novel purposes.

Phenomena-based learning begins with the shared observation of holis-
tic, genuine real-world phenomena in the learning community. The phe-
nomena are studied as complete entities in their real context, and the
knowledge and skills related to them are studied by crossing the bound-
aries between school subjects. Phenomena-based integrative study units
frequently represent such holistic topics as climate change, the water cycle,
and health and nutrition. This differs from traditional school culture,
which is divided into subjects, where the things studied are often split
into relatively small, separate, and decontextualized parts.

In phenomena-based teaching, understanding and studying the phe-
nomenon start by asking a question or posing a problem (e.g., Why does
an airplane fly and stay up in the air?). At its best, phenomena-based
learning is cyclic inquiry learning, where the learners ask questions or
pose problems about a phenomenon that interests them and then dis-
cover answers and find solutions together. The problems and questions
are posed by the learners together—they are things the learners are genu-
inely interested in. Learners play a central role in creating and solving the
learning challenges being pursued.

The observation is not limited to a single point of view; instead, the
phenomena are studied from various points of view, crossing the bound-
aries between school subjects naturally and integrating subjects like
mathematics, history, foreign languages, and psychology with a variety
of themes. Phenomena-based structure in a curriculum actively creates
better opportunities for integrating CT in various subjects and themes
and for the systematic use of pedagogically meaningful methods, such
as collaborative knowledge building (Scardamalia and Bereiter 2006),
flipped classrooms (see, e.g., Bergmann and Sams 2012), and computa-
tional participation (Kafai 2016). The phenomena-based approach is also
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key to the versatile utilization of various digital learning environments
(e.g., diversifying and enriching learning while using online learning
environments).

In the learning process, new knowledge and skills are always applied
to the phenomenon or the problem at hand, which means that the con-
cepts, knowledge, and skills have immediate utility value that is evident
in the learning situation. To absorb new knowledge and skills, it is very
important that learners apply and use the knowledge and skills, such as
CT, during the learning situation. Information learned only at the level of
reading or theory (such as memorized physics formulas and calculation
rules without real context or related problems) often remain superficial
and separate details for the learners. They are unable to gain a comprehen-
sive understanding and deeper knowledge of the real-world phenomenon
and unable to internalize its meaning. Often it has been said that “you
cannot learn to drive a car by using pen and paper” or that “cloze tests
only teach how to answer cloze tests—there are no cloze tests in real life
or professional life.” Beyond encapsulated schoolwork, there are real com-
munication situations where knowledge must be applied and messages
must be transmitted clearly and comprehensively to another person.

The phenomena-based approach can significantly increase the authen-
ticity of learning. This authenticity culminates in making the learner’s
cognitive processes and practices authentic. In a learning situation, the
learner’s cognitive processes, therefore, correspond to the cognitive prac-
tices required in the actual situation in which the knowledge and skills
would be used. Toward that end, it is important to engage learners in cre-
ative activities that guide them to adopt the practices and epistemic games
(Shaffer and Gee 2007) of computer scientists, designers, engineers, and
scientists. In this authentic learning, the aim is to bring genuine practices
and processes into learning situations in a pedagogically structured way
when applicable, which allows the learner to participate in the expert
culture of the field. Authenticity is a key requirement for the transfer and
practical application of knowledge.

The new phenomena-based approaches for teaching and learning com-
putational creativity skills are fostered by the novel affordances of sociodig-
ital technologies that provide sophisticated professional-level tools for
creative production. Associated practices involve, for instance, students
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learning by designing and building robots or utilizing 3-D HoloLens, 3-D
printers, and sensors in their creative projects. The phenomena-based proj-
ects emphasize a way of thinking in which students solve authentic design
challenges thorough various collaborative design activities, apply CT, and
do actual coding, depending on the nature of the project.

Many Finnish schools are building educational makerspaces (see e.g.,
Peppler, Halverson, and Kafai 2016) by integrating arts and crafts, tech-
nology education, and science laboratories into other school subjects.
Schools in Helsinki have organized codesign and co-invention projects
that engage learners in designing complex artifacts that spark intellec-
tual, engineering, and aesthetic challenges at lower and upper primary
schools (Seitamaa-Hakkarainen and Hakkarainen 2017). Students work in
small teams to solve an open-ended invention challenge using traditional
craft and digital fabrication technologies. Their projects, in which they
create various prototypes and products that assist in modeling the phe-
nomenon, test and develop the learners’ hypotheses and working theo-
ries. The challenge, which is co-configured with learners, might be, for
example, to “design an intellectually challenging, aesthetically appeal-
ing, and personally meaningful complex artifact that makes daily tasks
easier.” It could be a new or an improved invention, and it should inte-
grate both physical and digital (e.g., circuits or robotic) elements.

The role of teachers is not merely to facilitate learning but also to acti-
vate students’ CT and learning processes. Toward that end, the learning-by-
making activities are structured according to several stages, including skill
building (e.g., working with microcontroller or other circuit boards), orien-
tation (guided analysis of existing artifacts), and brainstorming with design
challenges (in the classroom and at home with parents). They analyze
design constraints (task requirements and resources), cluster design ideas,
identify promising ones, and decide on their teams’ design project. They
share design ideas in the classroom, get feedback, seek knowledge (e.g., by
visiting technical or design museums), experiment with design solutions,
and construct prototypes of the design to arrive at their final solutions. It is
also very important to organize exhibitions where teams can present their
co-inventions to other students and parents. The analysis of Sinervo et al.
(2020) of the designs of thirteen fifth-grade students (aged eleven to twelve
years old) revealed that the details of their innovations varied considerably.
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We categorized the teams’ co-inventions according to their main function,
such as improving cleanliness, providing reminders, or addressing hygiene,
health, and nutrition issues. The inventions also reflected issues related to
user values (health-related inequality, inclusion, or personalization), usage
values (helping to resolve problematic situations), and environmental val-
ues (Sinervo et al. 2020).

Most of the teams’ co-inventions were considered appropriate and
promising, and only two co-inventions were not explicated clearly enough
and could be considered quasi-creative and infeasible. Some very original
ideas for known problems were found—for example, how to vacuum a
carpet and the creation of a new gel comb for styling hair, even though
these teams were not able to construct fully functional solutions. The gel
comb team had a hard time figuring out how to get the gel out of the con-
tainer. Some of the co-inventions were based on an already existing idea
or product that was used in another context—for example, a pump bottle
that was extended to help brush teeth with toothpaste more easily. In some
cases, the co-invention was based on the adaptation of existing artifact
designs by slightly modifying an existing product—for example, an auto-
matic garbage container with an alarm that sounds when it is almost full.
This long-term, open-ended invention project provided valuable learning
opportunities for iterative problem-solving, shared meaning making, and
collaboration that required a division of labor, organization, and personal
responsibility. Phenomena-based learning empowers students to partici-
pate in the co-creation and co-innovation processes that are needed to
learn CT skills and computational creativity skills. By using co-creation and
co-innovation as learners’ activities, the learning process is more insightful
and inspiring. The role of the learner is not that of an object but that of an
active subject of learning.

A more demanding example of a phenomena-based co-invention pro-
ject was conducted with one class of seventh-grade students (aged thir-
teen to fourteen years). The project was initiated by the craft and visual
arts teachers and involved the participation of mathematics, physics,
chemistry, and information technology (IT) teachers, who provided their
expertise to the inventors when needed. Eighth-grade digital technol-
ogy students who had done a similar project the year before also helped
the inventors during the project. The project started with two warm-up
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sessions for skill building. In the first session, the students built electric
circuits using cards with copper tape, simple LEDs, and a coin cell battery.
The aim of this warm-up session was to familiarize the students with basic
electric circuits so that they would be able to use them in their inventions.
The second warm-up session was organized by the eighth-grade students;
they planned and held a workshop for the seventh graders about micro-
controllers, basic programming with block-based coding, sensors, and DC
motors. Many of the students had only done very simple Scratch program-
ming tasks before this. After that, the actual collaborative invention proj-
ect was initiated, and it ran for eight to ten weekly two-hour sessions. Also,
in this project, the collaborative invention challenge was open ended:
“Invent a smart product or a smart garment by relying on traditional and
digital fabrication technologies, such as microcontrollers and 3D CAD.”
At the end of the project in May, the teams presented their inventions in
an open invention exhibition held at the University of Helsinki.

This project proceeded much as the previous example had; it was ini-
tiated and led by the student teams. The teachers and tutors provided
help when needed, but the project teams took most of the responsibility
for the design and the construction. As the challenge required, student
teams needed to use various digital technologies. It was also typical of the
teams’ processes that while ideating and experimenting, they confronted
many phenomena related to physics, such as mechanics, electronics, and
light and optics. Thus, they were exposed to numerous physics principles
without being necessarily conscious of it. For example, one team (the
banana light team) invented a banana-shaped LED light that attaches to
a laptop lid and lights up the keyboard area. The features of their lamp
included an RGB LED controlled by a microcontroller and a bendable
structure that allowed the light to be directed to the keyboard.

During their design process, the team produced sixty-three design ideas
in total, which can be divided into seven themes: (1) aesthetic features
and name of the project; (2) materials; (3) light controls; (4) mounting
to the laptop; (5) electrical connections; (6) directing light; and (7) other
functions. The banana light team’s invention process had many science-
intensive steps. For example, when the team designed the structure of
the lamp, some concepts of mechanics became relevant. With the joints,
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they experimented intensively with 3-D models and concrete prototypes.
While the team searched for ways to attach the lamp to the lid of the
laptop, the concept of friction came up. Furthermore, as the light was the
main functionality of their invention, they spent a lot of time designing
it and, thus, light and optics concepts were studied many times during
the team’s work. The microcontroller was used to operate the LED lights
of the invention, and they tested several different options for controlling
them, especially for turning them on and off. Understanding classical IF
logic was particularly significant in these experiments in terms of learn-
ing programming and basic CT. Figure 5.2 shows a sketch and prototype
of the banana light.

Furthermore, the team continued by testing different methods of turn-
ing the light on and off with predetermined event functions of the micro-
controller, such as tapping the microcontroller twice or clapping their
hands to create a loud sound. In the second prototype, they ended up
using a simple button that they determined would be the most reliable
when presenting the lamp to an audience in a noisy environment. Later,
they decided to take their programming a bit further and added a function-
ality to control the brightness of the LED with the board’s second button.
The team was able to design a fully functional prototype meeting their
specifications. These and other extensive maker-centered learning projects
allow students to build epistemic flexibility in terms of interrelating con-
crete and abstract phenomena and, thereby, provide ample opportunities
for system design and learning computational creativity and CT skills.

5.2 lllustrating, designing, and making a prototype of the banana light invention.
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DISCUSSION

The activities of CT and programming are not equivalent to a human giv-
ing commands to a computer or a robot. Instead, they involve problem-
solving and creativity, enhanced with computational tools and languages. It
is not a matter of mastering certain commands or coding procedures but of
engaging a designing system and creating digitally enhanced artifacts. How
can we transform the educational system to help transform children from
computer players to digital makers with real computational creativity skills?

To succeed in modern society, students should have advanced sociodig-
ital and CT skills when they complete their K-12 education. These essen-
tial skills are needed across all fields of study, from the humanities to the
sciences, including productive participation in knowledge-intensive work,
and for becoming an active citizen in data- and Al-driven digital societ-
ies. CT cannot, however, be learned incidentally, for example, by playing
computer games or by coding at home. Although informal interest-driven
and creative participation is important for overcoming digital divides, for-
mal education that deliberately cultivates innovative pedagogy and the
associated teachers’ expertise and guidance are urgently needed as well.
The best way to provide CT skills and computational creativity skills for
all students is to integrate them into K-12 education in curricula and in
everyday teaching and learning practices in the form of phenomena-based
co-creation projects. As we live in highly digital societies, we should also
start discussing twenty-second-century skills, which will be focused on the
innovation skills needed in an emerging innovation-driven society that is
thoroughly based in Al and the smart use of big data. CT and computa-
tional creativity skills are the key competencies of such a society’s citizens.

PRACTICAL IMPLICATIONS FOR CURRICULUM DESIGN
AND FOR EDUCATIONAL INSTITUTIONS

Learning CT should begin from early childhood (e.g., in the form of cog-
nitive games, songs, and plays) and continue across the whole span of
education. Digital technologies develop expansively and continuously,
so the process of learning CT and computational creativity skills should
also be a sustaining, lifelong learning process. A significant challenge of
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teacher education is to help teachers develop digital and CT skills that
they did not have the opportunity to learn during their own childhood
education. Only by acquiring computational skills and practices can
teachers work as builders of children’s futures. To teach CT and creativity
skills in K-12 education, both competent and educated teachers and the
context and time for cultivating such competencies in teaching and learn-
ing are urgently needed. This creates a challenge for teachers’ in-service
training. How can teachers be trained in pedagogical skills and methods
that will scaffold students’ CT and computational creativity skills? Our
experiences indicate that novel professional competencies become acces-
sible when teachers are encouraged to collaborate with their colleagues
and negotiate challenges through co-teaching. Teacher training should
be thoroughly participatory and should engage teachers in co-creation
and co-invention projects similar to those of young learners.

Traditional computer science and programming education do not offer
ready-made solutions for learning CT or computational creativity skills in
K-12 education. Instead, new practices and innovations require new peda-
gogical considerations in educational institutions on the level of the cur-
riculum. An optimal impact on CT with phenomena-based learning and
co-creation projects can be achieved by implementing the change compre-
hensively throughout the school’s operating culture and by ensuring that
CT and phenomena-based learning are integrated into the holistic reform
of teaching and learning. The challenge is to implement the pedagogical
change coherently and simultaneously at all levels (teaching, leadership,
learning, technology, and curriculum). According to Fullan (2016), system
improvement will result from a deep change in the culture of learning, local
ownership of the learning agenda, and a system of continuous improve-
ment and innovation that is simultaneously bottom-up, top-down, and
sideways. Through systemic developmental efforts that integrate all levels,
a permanent change in the operating culture can be achieved.
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COMPUTATIONAL EMPOWERMENT

Christian Dindler, Ole Sejer Iversen, Michael E. Caspersen,
and Rachel Charlotte Smith

COMPUTATIONAL EMPOWERMENT: A CRITICAL COUNTERPART

In this chapter, we outline and position computational empowerment
as an approach to digital technology in education. We trace the origin of
computational empowerment through the participatory design tradition
and discuss how it intersects with established ideas within computational
thinking (CT). We use examples from teaching practice to illustrate how
computational empowerment may be operationalized, and, on the level
of curricula, we discuss the curriculum for the newly developed course,
Technology Comprehension, for Danish primary and lower secondary
education.

We define computational empowerment as a concern for the method
used by students, as individuals and groups, to develop the capacity to
understand digital technology and its effect on their lives and society at
large and their ability to engage critically and curiously with the con-
struction and deconstruction of technology (Dindler, Smith, and Iversen
2020). While this concern overlaps with the fundamental issues addressed
within some parts of the CT literature, it also signals a critical approach
that reaches beyond what is typically addressed in mainstream CT. Before
unfolding the principles of computational empowerment in more detail,
we trace the origin of the concept in the participatory design tradition.
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A PARTICIPATORY DESIGN BACKGROUND

The participatory design tradition grew out of a series of projects in Scan-
dinavia in the 1970s and 1980s, in which researchers and unions engaged
in collaborative efforts to explore ways of democratizing the introduction
of technology and ensuring quality of work and products for workers
(Bjerknes et al. 1987). This fundamentally political commitment formed
the backdrop of the practices of active user participation in technological
development, using ethnographic methods to understand work practices
and collaboratively constructing mock-ups of future technologies (Green-
baum and Kyng 1991) that have since proliferated beyond Scandinavia.
The political commitment to empower people to understand and pose
demands for technology also remains a topic in contemporary participa-
tory design (Simonsen and Robertson 2013).

The notion of computational empowerment builds explicitly on the
political, democratic ideas from participatory design and draws on the
participatory practices that are used to realize these ideas. While the Scan-
dinavian workplace of the 1960s and 1970s might seem an odd compari-
son to the challenge of educating young people in computing, we believe
that there are parallels and that several principles from Scandinavian
participatory design are more relevant than ever. In the early participa-
tory design projects, unions and workers were fundamentally faced with
a situation where they lacked the knowledge, organization, and power
needed to understand and pose demands for technology. Similarly, the
challenge facing many young people today is that they, generally speak-
ing, have limited understanding of technology and computing, not only
in terms of its construction but how it affects their lives. Hence young
people have very limited capacity to pose demands for technology, make
informed choices about technology in their lives, and take part in the
development of technology and the cultures that surround it. Through
the years, participatory design has developed several principles and prac-
tices for promoting democratic approaches to technology design, qual-
ity of products, and for empowering people to make informed decisions
about technology. Here we draw out three principles from the participa-
tory design tradition that have played a particularly prominent role in
formulating the idea of computational empowerment.
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The first is a concern for providing people with firsthand experience of
technology in terms of how it is constructed and the consequences that
it has. This concern has been evident throughout the history of participa-
tory design, manifest in the archetypical participatory workshop, where
users, designers, and stakeholders collaboratively explore technology and
discuss its consequences and potential.

The second is a commitment to technology in use. This concern main-
tains that we need to understand technology not only as a technical issue
but also through its consequences for people’s everyday lives. In partici-
patory design, this concern has been manifest in a long-standing tradi-
tion for using ethnographic methods to gain a detailed understanding of
the practices for which technology was designed. Also, it is manifest in
a critical stance toward how technologies shape work practices and the
values inherent in these technologies.

The third is co-designing future technology. This concern reflects the
view that people should not only be considered users and recipients of
technology but also be invited to play an active role as co-designers. This
concern may be traced in participatory design’s catalog of methods (Han-
sen et al. 2019) and tools that invite future users to express their ideas and
understanding in mock-ups and participation in prototyping activities.

The common goals of these (and other) participatory design principles
have historically been to promote the agenda of democracy, quality of
life, and empowerment of people to take an active role in technological
development.

FROM PARTICIPATORY DESIGN TO COMPUTATIONAL
EMPOWERMENT
The three principles outlined previously make up the background for
computational empowerment. However, it is evident that the societal and
technological landscape today is very different from the one in which
participatory design emerged. So computational empowerment needs a
contemporary articulation, which is the focus of this section.

Whereas the notion of “empowerment” in early participatory design
was tied to empowering workers to have a say in the introduction of
technology at the workplace, empowerment in the context of computing
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education is somewhat different. In education, the concepts itself carries
with it a long history (Lawson 2011). Despite the fact that empowerment
is explicitly mentioned as an objective in many contemporary papers
based on computing education research, recent literature studies reveal
that no clear definition of the term is provided in computing education
research (Musaeus et al. 2021) nor in child computer interaction research
(Van Mechelen et al. 2021). What comes closest to a definition is Shneider-
man’s manifesto entitled “Human Values and the Future of Technology:
A Declaration of Empowerment,” highlighting the need for empower-
ment at the intersection of human values and future technology. Here,
Shneiderman (1990) argues that we, as researchers, designers, managers,
implementers, and testers, must “recognize the powerful influence of our
science and technology” and must commit ourselves to “studying ways to
enable users to accomplish their personal and organizational goals while
pursuing higher societal goals and serving human needs.” This interpreta-
tion resonates well with that of computational empowerment. Here the
term empowerment refers to a concern for providing students with the intel-
lectual and practical capacity to understand and engage with technology.
This may be fleshed out in three pillars of computational empowerment
that are, effectively, contemporary articulations of the three participatory
design principles mentioned in the previous section.

First, students should be provided with the means for engaging critically and
curiously with the design of technology. This pillar reflects the idea that it is
necessary for students to gain firsthand experience with technology, not
only as something they use but also as a material that can be molded
and used to build and construct things with. To some extent, this pillar
resonates with the current focus on teaching students the basics of algo-
rithms, programming, decomposition, and modeling. However, our con-
cern is with the broader concept and approach of “designing” technology,
which entails more than technical construction and modeling. Broadly
speaking, design covers the entire iterative process including framing a
problem, doing research, generating design ideas, constructing, and test-
ing. Thus, this includes knowledge of how, for example, user research is
done, and it requires knowledge of techniques for idea generation.

Figure 6.1 depicts a design process model developed through our work
on computational empowerment (Iversen, Smith, and Dindler 2018)
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6.1 Process model for engaging students in research, ideation, construction, and reflec-
tion upon technology.

embodying the first pillar of computational empowerment. In some
respects, the model is similar to other process models as it includes well-
described activities such as research, ideation, and construction. How-
ever, it differs in at least two ways, and these reflect that the model is
made in the interest of educating students in technology. First, besides
well-known activities, it also includes “argumentation” and “reflec-
tion.” These are deliberately included to make sure that design and
construction in the interest of education are not only about making
digital products but also about understanding how and why products
are made to fit particular people and situations and encouraging stu-
dents to reflect on what they learn by engaging themselves in design
and construction. Second, the model is circular, suggesting that the goal
is not a finished product (as is the case in most design models) but for
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students and teachers to iterate through the activities and develop their
skills and knowledge.

This first pillar and the model inherently include knowledge and skills
that are central to CT, such as programming and modeling. These are

“wi

most clearly related to the “‘construction” activity. These skills are an
indispensable part of gaining firsthand experience with technology as a
material that can be used to solve problems and shape our surroundings.
As such, CT and computational empowerment are not competing ideas
about engaging students in technology; they are complementary ideas.
Next we provide a brief example of how the model can be used to scaffold
teaching practice.

This example was centered on a project in which the task was to rede-
sign an urban space in Aarhus, Denmark, to develop proposals for the
city’s upcoming year as EU Capital of Culture (2017). The design brief
challenged the students to redesign a public park in accordance with the
city council’s aim of developing a more recreational space in the area for
everyday leisure and social activities. The students had no prior experi-
ence with design processes or constructing with digital technology. The
brief contained two important components to engage the students in the
design process, namely authenticity and closeness, in terms of the local
urban setting and neighborhood, to give the students an intrinsic moti-
vation to engage in the design work. In the research phase, the pupils
in groups explored the park and its visitors from different themes using
observations, interviews, photo journeys, and mapping. Based on the
design brief, their materials, and insights, the students worked to frame
their unique challenges and collaborative ideation. Rather than devel-
oping specific technological artifacts, the design process emphasized an
exploratory process, working with technology as a flexible and creative
means. The role of the technology was downplayed in the initial activi-
ties and introduced during the ideation phase as students were able to
work with and integrate relevant technologies into their projects in the
construction activities. The availability of different technologies, such as
Arduino, Makey Makey, and various software platforms, as flexible tools
and materials to be integrated into the process with physical mock-up
materials shifted the students’ perceptions of technology from something
involving fixed objects to digital means for creating their own alternative
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opportunities and solutions. This strategy was chosen to support the stu-
dents in developing their own reflective stance toward designing with
technology, which could form the basis of presentation and critical
feedback in argumentation, as well as common discussions of the impact
of technology and learnings from the process in reflection. The students
designed a series of concepts for the park that they presented to visitors from
the municipality, including automated bicycle stands to tidy up the park’s
many littered cycles, to new spaces for social activities and film screenings,
and interactive waste bins that would nudge visitors to help create a more
inviting public space. Students found the process challenging but exciting
with its emphasis on problem-solving and technology design.

Second, students should be provided the means to analyze and reflect on
how technology affects our lives as individuals, groups, and society. While the
first pillar is concerned with how students can engage actively in the
processes of researching, constructing, and reflecting on their designs,
this second pillar is concerned with how students are equipped to engage
with the technology that has been designed for them by others. This is
a re-articulation of the central participatory design idea that technology
shapes work practices and carries with it values embedded by those who
designed the technology. It is a fundamentally analytical and reflective
activity. Whereas the process described previously (figure 6.1) is concerned
with design and construction, this second pillar is concerned with decon-
struction. Figure 6.2 depicts the DORIT model developed for analysis and
deconstruction. DORIT is short for “Do your Own Research In Technol-
ogy.” The model depicts six areas that each represent an individual ana-
lytical focus: technology prompts us to ask questions about the physical
and digital materiality of the particular technology that we are analyzing.
Say we are analyzing a smart watch, the technology area concerns the
materials that have gone into the watch, the sensors and components
used, and the programs running on the watch. If we move the focus to
the purpose area, we ask questions concerning the purpose of the tech-
nology: What is the design meant to be used for; how is the interface
arranged to support people in discovering the functionality? Moving to
the area of use, we explore how the technology is actually used by people
in a given situation. This will likely require observing people and perhaps
interviewing them about their experience with the particular technology.
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Argumentation Purpose

Technology

6.2 The DORIT model for engaging students in analyzing and reflecting on the techni-
cal construction, purpose, use, value, and impact of technology.

The next two areas, value and impact, are concerned with exploring the
kinds of values that a particular technology reflects and the impact that
the technology has. Finally, the area of argumentation asks us to look at
the Kinds of argument that the producer or the design itself provides for
why we should use it. In sum, the six areas provide a structured way of
analyzing, critiquing, and reflecting on the nature, use, and impact of
technology.

Our example here is from a day in a Danish lower secondary school.
Here, students worked with aspects of the idea of quantified self, using Gar-
min Connect watches during a whole school day. Based on the teacher’s
presentations of Garmin’s website and the promotions of the product, the
students were asked to analyze and reflect upon the artifact based on four
dimensions of the model: argumentation, technology, value, and use. Small
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tasks included the categorization of statements concerning the aims, values,
and intentions promoted by Garmin through their online communication
and hence related to the area of “argumentation.” Unboxing the watches,
pupils explored data settings and submission of personal data (e.g., weight,
height, age) to Garmin’s system and did competitive running exercises
around the school to carry out a simple analysis of use from a consumer
perspective. Returning to the technology, students worked with the tech-
nical aspects of the watch by actively building a pedometer using simple
Micro:bits (using MakeCode). This spurred a general discussion about the
technical aspects of tracking movement and the technologies this could
involve. Using screenshots of the Garmin watches’ interfaces, the students
were asked to analyze aspects of interactivity relating to the artifacts’ com-
position and types of input/output data, before creating ideas for redesigns
of new interfaces to suit their own everyday lives, values, and preferences.
Such activities formed the foundations for discussions relating to impact,
in which students were asked to critically reflect upon various aspects and
layers of complexity in the digital artifact, from data privacy, intentionality,
and system design to the personal and societal consequences of a device,
such as a smartwatch, becoming part of our culture.

In this example, the teaching activities were arranged so as to move
between the different areas in the model to include both technical explora-
tion and design (building a pedometer) and more reflective task, including
a discussion of the use, value, and impact of fitness tracker technologies.

The third and final pillar of computational empowerment is the idea of pro-
moting democratic practices in the design and redesign of technology. In many
respects, this pillar sums up the first two pillars. The prerequisite for taking
part in technological development is an understanding of what technol-
ogy is and how it is produced and a well-developed language for posing
demands for technology. Democratization may, in this context, be under-
stood at a number of levels. At the individual level, learning about design
and construction as well as being able to critically analyze existing tech-
nologies provides students with the capacity to make informed decisions
about their own use of technology. Moreover, it allows them to configure
and perhaps redesign the technology of their everyday life. At the collec-
tive level, future generations that are well educated in terms of creating and
assessing technology stand a better chance of making their voices heard
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when decisions are made about how technology is introduced and used
and how it shapes our culture. This third pillar thus concerns the potential
implications of the practices described in the first two pillars and hence it
points to the larger aims of working with computational empowerment.
Taken together, the three pillars form the basis of computational
empowerment. They also define two archetypal roles that students may
assume in their engagement with technology. In the first role, students
may engage in processes in which they design and construct technology
for other people. These processes primarily concern the first pillar and
include students researching, constructing, and reflecting on technology
that they themselves create. In the second role, students may assume the
role of analyzing and discussing the technology that others have designed
for them. These processes relate primarily to the second pillar and the
processes of analyzing the physical and digital construction, purpose, and
actual use of a given technology. Figure 6.3 provides a simple depiction of
these roles: the arrows at the top (moving left to right) illustrate processes
of design and construction and the arrows at the bottom (moving right
to left) illustrate processes of analyzing the technology made by others.
While computational empowerment is, in essence, different from clas-
sical articulations of CT, it shares concerns with a body of contributions

A @ ety

Students
Others

R/ w__“

6.3 Students design and construct technology for others (arrows left to right), and stu-
dents analyze and critique technology that others have designed for them (arrows right
to left). (Adapted from Iversen, Dindler, and Smith 2019.)
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within the field. In the next section we briefly review this literature to
unveil the overlaps and points of resonance.

COMPUTATIONAL EMPOWERMENT AND
COMPUTATIONAL THINKING

A concern for a broader framing of CT, including a more humanistic and
critical approach to computing education, is present not only in the com-
putational empowerment approach presented above but also in a series
of recent contributions.

In their frameworks for studying and assessing the development of
CT, Brennan and Resnick (2012) expanded the traditional conceptual
understanding of CT to also include computational practices (the practices
designers develop as they engage with the concepts, such as debugging
projects or remixing others’ work) and computational perspectives (the
perspectives designers form about the world around them and about them-
selves). Brennan and Resnick (2012) combine CT, practices, and perspectives
in their framework and thereby expand the scope of computing education
to also include collaborative efforts in the design process as well as students’
reflective understanding of digital technology.

This conceptual framework is also traceable in the realization of CT
through making presented by Rode et al. (2015). Here, the authors envi-
sion competences related to aesthetics, creativity, and construction, visu-
alizing multiple representations and understanding materials as integral
parts of computing education. Rode et al. (2015) emphasize the impor-
tance of integrating arts in the science, technology, engineering and math
focus, placing the “A” in STEAM.

Other prominent approaches include computational participation (Kafai
and Burke 2013), focusing on creative engagement with computing and
on moving beyond the individual to embrace wider social networks, and
computational fluency (Resnick 2017), focusing on children expressing
themselves through technology and becoming computational creators.

Wilensky, Brady, and Horn (2014) make the case for treating computa-
tion “as a core component in a broad-based cultural literacy” and express
this concern through the notion of computational literacy.
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The connection between computing and culture is also present in Tissen-
baum, Sheldon, and Abelson’s (2019) conception of computational action,
in which they argue that learners have the capacity to have authentic
impact in their lives through computing. They outline two key dimensions
of computational action: computational identity and digital empowerment.
Computational identity is a person’s recognition that they can use comput-
ing to have an impact in their lives and may have a place in the larger com-
munity of computational problem solvers. Digital empowerment involves
instilling in them the belief that they can put their computational identity
into action in authentic and meaningful ways. They further argue that by
focusing on computational action in addition to CT, computing educa-
tion can become more inclusive, motivating, and empowering for young
learners.

These approaches and characterizations are not conflicting; instead,
they may be seen as focusing on different key aspects of CT. Nor does
computational empowerment, as proposed in this chapter, take issues
with the technical, creative, and cultural aspects of CT that are expressed
in the work presented previously.

Computational empowerment accentuates two aspects in particular
that contribute to the perspectives presented earlier. First, as noted in
the second pillar earlier in this chapter and represented in model 3, we
suggest that it is essential that children are provided with the means to
analyze and reflect on the technology that surrounds them and makes
up a central part of their everyday life. Engaging children in construction
is not sufficient. Critical and curious deconstruction aided by model for
analysis (such as the DORIT model) are necessary. In this sense, compu-
tational empowerment accentuates the balance and potential interplay
between construction and analysis. A similar concern is also expressed by
Kafai, Proctor, and Lui (2019), who suggest that CT should also include
“‘pulling back the curtain’ of the technological mechanisms underlying
our existing computational systems in order to understand how these
may cause inequities in and of itself” (104).

Second, computational empowerment accentuates the notion of design
as the activity in which children, in addition to construction, do research,
ideate, and reflect. Design is central to computational empowerment: it
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embodies the idea that technology is always imbued with values, it is always
the product of choices, and these choices come with consequences for oth-
ers and for ourselves. This concern has been inherited from participatory
design and is fleshed out in the design model described earlier (figure 6.1).

COMPUTATIONAL EMPOWERMENT IN THE CURRICULUM

As noted earlier, we believe that CT and computational empowerment
may complement each other to form the basis of an integrated approach to
educating coming generations for a digitalized society. The two examples
provided earlier demonstrate teaching activities that incorporate technical
and reflective elements. To demonstrate how such an integration of CT
and computational empowerment may be realized at the curricular level,
we turn to the development of the new “Technology Comprehension”
curriculum in Denmark.

An approach to embrace digital empowerment was present already in
the Danish upper secondary Informatics curriculum developed in 2009 and
2010 and made permanent in 2016. One of six key competence areas was
use and impact of digital artifacts on human activity. The purpose of this com-
petence area was that students should understand that digital artifacts and
their design have a profound impact on people, organizations, and social
systems. Design of a system is not just design of the digital artifact and its
interface, it is also design of the use and workflow that unfolds around the
artifact. The purpose is that the students understand the interplay between
the design of a digital artifact and the behavioral patterns that intention-
ally or unintentionally unfolds (Caspersen and Nowack 2013).

The curriculum for technology comprehension for primary and lower
secondary education was developed by mandate of the Danish Minis-
try of Education in 2018 and is currently running on trial in forty-six
schools for three years in Danish primary and lower secondary educa-
tion. A committee of twenty-five appointed experts within education and
research took part in the development of the curriculum. Based on pre-
vious research and impact of projects in both computational empower-
ment and CT (Caspersen et al. 2019; Smith and Iversen 2018), the authors
of this chapter were invited to be centrally involved in the process: two
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of the authors acted as co-chairs for the working group, while a third
author was involved in developing the content of the curriculum. In the
choice of chairs, the Minister of Education signaled the importance of
integrating humanistic and computer science approaches to computing
education. Also, it was specified that the curriculum should embrace both
technical as well as critical and design-oriented content.

The technology comprehension curriculum is based on four compe-
tence areas depicted in figure 6.4 (Danish Ministry of Education, n.d.).

Digital empowerment' refers to the critical and constructive exploration
and analysis of how technology is imbued with values and intentions
and how it shapes our lives as individuals, groups, and a society. It is con-
cerned with the ethics of digital artifacts and promotes an analytical and
critical approach to digital transformation.

Digital design and design processes refer to the ability to frame problems
within a complex problem area and, through iterative processes, generate
new ideas that can be transformed into form and content in interactive
prototypes. It focuses on the processes through which digital artifacts are
created and the choices that designers have to make in these processes,
highlighting students’ ability to work reflectively with complex problems.

Digital empowerment

Critical, reflexive, and constructive examination and understanding of
Oigial possibilities and consequences of digital artifacts.

myndiggereise Analysis of technology—intention and use | Evaluation | Redesign

i

— Digital design and design processes

T Organization and implementation of iterative and incremental design
N processes considering the context of future use.

SESERsE- Problem framing | Ideation | Prototyping | Argumentation

Computational thinking

GO0,
%
3;@‘} Analysis, modeling, and structuring of data and data processes
Coputaiions for automatic execution by a computer.
tankegang Data | Algorithms | Structuring | Modeling

Technological knowledge and skills

D
@ g) “Mastery” of digital technologies (computer systems and networks),

Toknckogek associated languages and programming.
anctanme Programming | Computer systems | Networks | Security

6.4 The four competence areas in the technology comprehension curriculum.
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Computational thinking (CT) concerns the ability to translate a framed
problem into a possible computational solution. It focuses on students’
ability to analyze, model, and structure data and data processes in terms
of abstract models (e.g., algorithms, data models, and interaction models).

Technological knowledge and skills concern knowledge of computer sys-
tems, digital tools and associated languages, and programming. They
focus on the students’ ability to express computational ideas and mod-
els in digital artifacts. This includes the ability to use computer systems
and the associated language and to express ideas through programming.
Working within this area aims at providing students with the experience
and abilities needed to make informed choices about the use of digital
tools and technologies.

Together, the four competence areas clearly integrate aspects of CT and
computational empowerment as outlined earlier. The lineage from com-
putational empowerment and participatory design is particularly evident
in the areas of digital empowerment and digital design and design processes.
It is, however, also evident when looking at the overall aim of the cur-
riculum where the needs for skills to proactively engage in the digitiza-
tion of society are accentuated: “In Technology Comprehension students
gain skills to understand the capabilities of digital technologies and the
implications of digital artifacts in order to strengthen students’ capacity
for understanding, creating and acting meaningfully in a digitized society
where digital technologies and digital artifacts are catalysts for change”
(Danish Ministry of Education, n.d., 1).

Moreover, technology comprehension is articulated as a support for
intellectual freedom and a democratic citizenship among students in the
Danish school system: “Freedom of spirit and democratic citizenship are
widely cultivated in digital environments, which is why a well-founded
understanding of technology is a prerequisite for being able to contribute
constructively and actively in the development of relationships, commu-
nities and societies” (Danish Ministry of Education, n.d., 8).

These concerns for students’ active engagement in technology devel-
opment, democratic citizenship, and freedom of spirit run through the
Technology Comprehension curriculum and can be traced throughout the
four competence areas. Design and design process is participatory, empha-
sizing user studies as a prerequisite for new design; digital empowerment
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provides students with skills for analyzing and reflecting on the values,
intentionality, and impact of digital technologies in our everyday lives.
The areas of computational thinking and technological knowledge and skills
represent core aspects of computing. Importantly, however, the four areas
are not simply envisioned as separate entities that are positioned next to
each other. In the very first sentence of the curriculum it is stated, “There
is in the description a balance between the four competence areas that in deci-
sive ways enrichen each other and act as the premise for each other” (Danish
Ministry of Education, n.d., 1).

The integration of computational empowerment and CT form a bal-
anced view and approach to computing education that is not found in
other national curricula worldwide. Hence, it would appear that this cur-
riculum is an ideal example of a balanced integration of computational
empowerment and CT.

There are, however, a series of challenges and uncertainties relating to
the development and implementation of the curricula in practice that
are far from novel. The challenges include implementation in an exist-
ing national curriculum without educators’ competences or resources,
implementation of pipeline from preschool to higher education, and
navigation of changing politics and priorities of education. These will,
over time, determine whether the integration of computational empow-
erment and CT will endure in Danish primary and secondary education.

CONCLUSION

In this chapter, we make the case for computational empowerment—based
on the legacy of participatory design—as a critical counterpart to main-
stream CT. We envision computational empowerment as concern for how
coming generations can develop the capacity and skills to make informed
choices about technology and act critically and constructively as citizens
in a digitized society. As such, the computational empowerment objectives
resonate well with contemporary research efforts exploring computational
practices and computational perspectives in computing education litera-
ture. However, as described in this chapter, computational empowerment
accentuates the balance between construction and critical analysis of tech-
nology and the importance of engaging with the process of design.
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We have illustrated how computational empowerment can be intro-
duced into classroom teaching and how it has been adapted and intro-
duced in the curriculum at a national scale. Our example from the Danish
curriculum underpins how computational empowerment and CT can be
tightly connected and mutually beneficial in the Technology Compre-
hension curriculum.

It could be argued that the Danish school system is relatively unique
in terms of its statutory concern for critical perspectives on societal mat-
ters. However, we suggest that many school systems around the world
could find inspiration in the Danish concern for computational empow-
erment to secure a conscientious digitization of our societies, in which
future generations are provided with the educational means to engage
actively and critically as citizens in an increasingly digital democratic
society.

NOTE

1. In the Danish curriculum, “digital empowerment” is used independently of and
with a different meaning than the term as used by Tissenbaum, Sheldon, and Abel-
son (2019).
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THE COMPUTATIONAL THINKING AND
ARTIFICIAL INTELLIGENCE DUALITY

Fredrik Heintz

Artificial intelligence (AI) is a new, general-purpose technology that will
impact most, if not all, aspects of both our society and our personal every-
day life. Al technology has enabled applications such as speech interfaces,
vision-based object recognition, and machine translation. Al technology
also makes recommendations about music, books, and movies for you,
decides whether you will get a bank loan, and controls what posts you see
on social media, all of which can have a major impact on your life. It is
clear that Al technology will play a central role for most aspects of our pro-
fessional and private lives, as well as society at large. Kevin Kelly predicts,
“The business plans of the next 10,000 startups are easy to forecast: Take X
and add Al” (2016). Andrew Ng says that Al is the new electricity—it is a
fundamental part of almost all things (Lynch 2017).

Considering its expected impact, raising the awareness of what Al is
and what it is not, as well as understanding some of the ramifications,
are very important. Taking an educational perspective, it raises questions
such as these: What does this mean for the need for competences, and
what demands does it put on education? How can education retake its
position as a positive force to provide individuals with the knowledge,
skills, and attitudes they need to be constructive and critical actors in the
major transformation that we are in? What competences are needed to
effectively be able to use Al as the powerful tool it is?
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The starting point is that people and Al complement each other. It is
humans and AI, not humans or Al It is clear that computers are significantly
better than we are at well-defined tasks such as mathematical calculations,
remembering huge numbers of facts, and repeating precise instruction over
and over again exactly the same way. It is equally clear that people are
significantly better than computers at understanding social interactions,
making decisions from a holistic perspective, and dealing with vague or
ambiguous situations. What is not clear is whether the progress of Al will
eventually make computers better than humans at all these things. For the
conceivable future, it is likely that humans will be better at some things and
computers will be better at other things, and most things can be done better
in collaboration than in isolation.

This means that we need to become better at solving problems together
with computers powered by Al technology. Those who know how to do
this effectively will have the best opportunities. The single most impor-
tant competence to achieve this will most likely be computational think-
ing (CT): solving problems using concepts and techniques from computer
science in such a way that computers can assist (Wing 2006).

Al and CT can actually be seen as duals with respect to problem-
solving by computers and humans. Al is about providing computers with
the ability to think like humans, while computational thinking is about
improving the problem-solving capability of humans by leveraging the
way a computer “thinks” when it solves problems.

Humans have developed increasingly powerful tools. Artificial intel-
ligence is the latest—perhaps the ultimate—tool. Al is about under-
standing what intelligence would be sufficient to create intelligence in a
computer or robot. A major challenge with this definition is that there is
no commonly accepted definition of human intelligence (Legg and Hut-
ter 2007). A computer can often do things that we assume requires intel-
ligence without any effort, like solving difficult mathematical problems.
At the same time, computers often are very poor when it comes to doing
what appears to be really simple things, like learning a new concept from
abstract descriptions, for example, the idea that a zebra is a horse with
black-and-white-striped hair.

Al can also be described as systems taking input, analyzing the data,
making decisions, and then acting based on these decisions. This approach
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is often called the Sense-Plan-Act approach (Russell and Norvig 2016). In
many cases these systems learn to improve their performance over time
from data collected (or given). These systems are often called agents, as they
have a sense of agency that differentiates them from other computer pro-
grams. This also gives rise to a cognitive and social view on computation.

Machine learning is currently seen as the most interesting part of Al,
both because many consider it an essential part of intelligence and because
it allows computer programs to improve over time based on experience.
This is important because it is hard for people to specify exactly what we
want a system to do. Instead the machine can partly learn what to do and
how to do it, as well as improve over time, by collecting data and modify-
ing its behavior (Brynjolfsson and Mitchell 2017).

The scientific field of Al has many subfields, which study different
aspects of intelligent behavior and cognition. Common topics at the main
Al conferences include machine learning, knowledge representation and
reasoning, heuristic search, planning and scheduling, natural language pro-
cessing, computer vision, robotics, and multiagent systems. All of these
topics have been studied since the 1950s. Most of them were in fact
discussed already at the seminal Dartmouth conference in 1956.

Two of the most important subfields are machine learning and knowl-
edge representation and reasoning. Knowledge representation and reason-
ing is the scientific study of how to represent knowledge in a computer and
how to reason with this knowledge to draw valid conclusions. Machine
learning is the scientific study of how a computer can learn things such as
finding patterns, recognizing objects, and acting to achieve specific goals.
Machine learning is mostly based on statistics and correlations (black box
models), while knowledge representation and reasoning is mostly based on
explicitly modeling cause and effect (white box models).

Currently, most of the attention is focused on machine learning, while
knowledge representation and reasoning were the focus in the 1980s and
1990s, often in the form of expert systems. The next big step is likely
the combination and integration of reasoning and learning, maybe in
a similar manner as we humans do it with type, separate but somehow
connected systems (Kahneman 2011). System I is the fast, automatic, and
opaque system for perception and intuition with very limited introspec-
tion, which shares many similarities with data-driven machine learning
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approaches. System II is the slow, deliberate, and explicit system for ana-
lytical thinking and planning with a high degree of introspection, which
corresponds roughly to formal, symbolic reasoning-based approaches.

Another significant trend is to study the implications of Al and to make
sure that Al is developed in a way that benefits all. The EU is for example
putting its weight behind the concept of Trustworthy Al, which requires
Al systems to follow the applicable rules and regulations, live up to four
ethical principles, and have a robust and safe implementation (High-Level
Expert Group on Al 2019). A consequence of this is that the field of Al is
broadening and today includes researchers from a wide variety of scientific
disciplines, not only computer scientists.

Even if the goal is to make computers learn new things and act intelli-
gently, itisimportant to remember that Alis still a tool. A tool is something
people use to augment our capabilities (e.g., remember, move around, lift
things, count) and to give us completely new capabilities (e.g., fly, travel
in space, control processes in real-time, see in x-ray vision). Through digi-
talization, the effect and improvement rate of tools can grow exponen-
tially, according to Moore’s law. If these tools are connected in networks,
their value can increase further because of the network effects.

We have seen a long history of automation in agriculture and manu-
facturing. Machines have taken over much of the work previously done
through manual labor. Today, Al-based tools are enabling us to start auto-
mating tasks that require cognitive skills (Brynjolfsson and McAfee 2017).
The development is still in a very early stage, but the trend is clear. More
and more tasks are being automated. Automation often increases the effi-
ciency, but it is rare that complete processes are automated. Rather, parts
of the processes are automated, making people part of the resulting semi-
automated processes.

An interesting question then becomes how this influences the role
of humans. Humans and computers are fundamentally good at different
things, which makes humans and computers complementary. Instead of
complete automation, where we hand over the control completely to the
computer, it is better if humans and computers solve problems together.
Even if a computer is good at recognizing objects and classifying images,
humans are still many times better at these tasks and definitely better at
generalizing to other similar tasks. The role of humans then becomes to
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train and teach Al algorithms to do different tasks and monitor that they
are actually doing the correct thing in an appropriate manner. The train-
ing most likely never will be completely finished, but rather incremental
and continuous as new concrete examples of incorrect decisions and situ-
ations where the computer does not know what to do are collected. In
these cases, we humans have to take over and provide the correct answer.
A challenge for us humans then becomes what we think is correct, given
our different perspectives and backgrounds.

Does this mean that the role of humans is determined by the ability of
AI? Partly, but we are developing Al techniques to complement our selves
and to do things that we find hard, like dealing with combinatorial prob-
lems and problems, which require detailed knowledge of vast amount of
data. Similarly, humans are enabled to do what we are good at and what
Al systems find hard, like understanding context and judge what is right
or wrong from a societal or psychological perspective.

Does this mean that humans will eventually be marginalized? Prob-
ably not. First, by leveraging Al tools, humans will be able to do more and
solve harder and more complex problems. Second, even if a computer
could do the same things as a human, it is not necessary that it is cheaper,
better, or even desired.

An interesting example is chess. We humans have no chance against
the best chess computers and have not had a chance for over twenty
years (Siegel 2016). At the same time, the quality of human chess playing
is increasing, as we are practicing together with chess computers. Some
claim that Magnus Carlsen is the best chess player in the world since he
is the human who is the best at playing like a computer. This is natural to
him as he has been practicing against the computer since he was a small
child. What is even more interesting is that if you combine humans and
chess computers in a team, called a centaur, they become better than
both the best humans and the best computers. It is even the case that the
team becomes even better if you include several people (Kasparov 2017).
This is a concrete example of how the result improves when humans and
computers collaborate to solve complex problems.

There is no dichotomy between humans and computers; it is not a
question of either or, but rather humans and computers. Simplified, com-
puters are good at doing, while humans are good at what should be done
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and why. We are good at asking questions, and computers are good at
answering them. Examples are question-answering systems that are great
at answering questions and planning systems that can generate elaborate
detailed plans for how to achieve goals, but the questions and the goals
have to be provided to the systems by human users.

An important observation is that it is a different skill to play chess with
a computer compared to playing chess on your own. This means that
even if you are an expert and are provided with the best possible tool, the
result does not necessarily improve significantly from your performance
without it. You might still perform worse than a person who is less of an
expert in the subject but more of an expert on using the tool effectively.

To really leverage the computational power we need to both educate
people in solving problems with Al tools and adapt the way we work to
truly leverage the tools. Thus, relevant education, changed ways of work-
ing, and new organizational forms are required. A central capability is to
transform business problems into computational problems. That is, to
formulate problems in such a way that computers or computer tools can
assist (Brynjolfsson and Mitchell 2017).

CT captures this general skill of solving problems in a way that com-
puters can assist (Wing 2011). For computers to help us, we have to be
better at understanding how a computer solves problems. Thus, CT is
to a large extent about learning to understand how a computer “thinks”
when it solves a problem.

When you solve problems with a computer, it is often about describ-
ing to the computer what should be done, rather than doing it yourself.
Programs are descriptions of how to solve something that a computer
understands. Traditionally, humans have to describe every step of the
process in great detail. Al actually reduces this by enabling the computer
to fill in some of the details.

CT is becoming a general basic skill (Wing 2006). We also need to
teach about Al and how Al can be applied to different fields and prob-
lems. To do this well, you need to understand both the domain and the
technology sufficiently well to make the right design choices or procure
the right solutions. This leads to a challenge for all those school systems
where subjects are taught independently. In the same way that Al breaks
down the silos in organizations, Al requires different ways of teaching in
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school. Instead of treating each subject independently, there is a need to
study both the subject matter and the Al tools and techniques used to
help solve the subject matter problems.

Al and CT can actually be seen as two sides of the same coin. Al is about
enabling the computer to solve problems we consider to require intelli-
gence, or casually speaking, to enable computers to “think.” CT turns this
around and asks the question: How can people become better at solving
problems by learning from how computers do?

We can now compare Al to the main CT activities.

Al tries to avoid step-by-step instructions through either (1) declarative
programming, such as logic programming, in which an engine interprets
declarative programs, stating what should be done and figuring out how to
achieve this, or (2) through machine learning, which could also be called
programming by example, in which a large set of examples together with
an objective function are used to define what the program should do.

Breaking down problems into smaller problems, or to divide and con-
quer, is a classical problem-solving technique used, for example, in Al to
provide dynamic programming solutions to optimization problems or as
part of reinforcement learning (Sutton and Barto 2018). It can be ques-
tioned whether the computer really breaks down the problem itself, but
in reinforcement learning the computer has the choice about what parts
of the state space to explore, providing some freedom to select how to
break down a problem.

Finding patterns is the main strength of deep learning neural network-
based approaches (Goodfellow, Bengio, and Courville 2016; LeCun, Ben-
gio, and Hinton 2015). Given sufficient (often large) amounts of relevant
examples, these methods are able to find patterns in the data that are
beyond what humans can do.

Abstraction is an area where Al-based approaches have had mixed
success. On one hand, it could be argued that all approaches to repre-
sentation learning are doing exactly this (Bengio, Courville, and Vincent
2013). On the other hand, the abstractions found are usually much more
limited than the type of abstractions we humans create.

Designing algorithms to solve specific problems is an important part
of CT. One way of characterizing Al, at least some parts, such as reinforce-
ment learning and planning, is as a form of automated programming.
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Some people even define Al as solving problems without being explicitly
programmed (Brynjolfsson and Mitchell 2017).

The focus of traditional computer science, and CT, is to develop algo-
rithms and programs that describe how to solve specific classes of problems
with some guarantees. This usually involves understanding the problem
in detail and then developing step-by-step instructions that allow a com-
puter to solve problem instances repeatedly and with great precision.

The focus of modern Al is to develop algorithms and programs that
can extract, or learn, general models or programs, from data where the
problem is not really well defined. It is very hard to specify precisely what
a cat or chair looks like, but it is relatively straightforward to create large
collections of images with and without cats or chairs. The same is true for
natural language.

By developing methods that do not require detailed specifications but
rather can extract the underlying phenomenon from positive and nega-
tive examples, we increase the range of problems that can be addressed by
computers. This is also significant for the skills required to leverage these
techniques. Maybe there is a need for data thinking or machine learning
thinking to capture the cognitive skills that highly skilled data science
and machine learning engineers use to solve problems through data?

By studying AI and CT, we will learn more about both thinking and
human intelligence, how to effectively solve problems with computers,
and most importantly, how we humans can solve large scale complex prob-
lems together with Al In consideration of the major challenges human-
ity is facing, such as providing everyone on the planet with food, energy,
sustenance, and belonging in a long-term sustainable manner for both the
climate and ourselves, this is absolutely essential.
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ARTIFICIAL INTELLIGENCE THINKING
IN K-12

David S. Touretzky and Christina Gardner-McCune

HISTORY OF THE FIVE BIG IDEAS IN ARTIFICIAL INTELLIGENCE

The “Five Big Ideas in AI” were inspired by the 2017 CSTA (Computer
Science Teachers Association) Computer Science Standards, which are
organized around five big ideas in computing. Those five big ideas are:
(1) algorithms and programming, (2) computing systems, (3) data and
analysis, (4) impacts of computing, and (S) networks and the internet.
Unfortunately, although artificial intelligence (Al) is an important branch
of computer science, the standards contain only two sentences about Al,
both in the eleventh- and twelfth-grade band, as shown in figure 8.1.
Until recently, Al was considered too advanced for younger students.

The Five Big Ideas in Al are a way to introduce teachers, parents, and
students to the essential concepts and major issues of a field often con-
fused with science fiction (Touretzky et al. 2019). We argue here that
studying Al can teach students about more than technology; it can help
them better appreciate the complexity of humanity.

Each of the Five Big Ideas is described by a key phrase and a one-
sentence statement; see figure 8.2. In a poster we published in 2019, each
statement was unpacked in a paragraph of explanatory text. This poster
has since been translated into fourteen languages, including Chinese,
Korean, Hindi, Spanish, Portuguese, Hebrew, and Arabic, all available on
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8.1 References to Al in the 2017 CSTA Computer Science Standards.
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8.2 The Five Big Ideas in Al graphic from Al4K12.org.
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the Artificial Intelligence for K-12 Students website (https://www.AI4K12
.org). In the guidelines, each Big Idea is broken down into a set of con-
cepts and skills that form the rows of a table called a grade band progres-
sion chart. The columns are the four grade bands, and the cells define
what students in that grade band should know about and be able to do
with that concept or skill. At the time of this writing, the draft grade
band progression chart for the first Big Idea, perception, has been released
for public comment and is currently undergoing revision. An excerpt is
shown in figure 8.3. The draft for the third Big Idea, learning, has also
been released.

The ordering of the Five Big Ideas progresses from narrow areas of low-
level processing (perception) to broad, high-level topics (societal impact).
But they are not meant to be covered in sequence. Some curriculum
developers have done this, such as ReadyAl’s “Al+ ME” overview (ReadyAl
2019). But there are many other ways to survey Al, such as by examining
different application areas. A module on self-driving cars could touch on
all five of the Big Ideas.

BIG IDEA #1: PERCEPTION

Big Idea #1, perception, says, “Computers perceive the world using sen-
sors.” The initial guidelines for Big Idea #1 start with a discussion of
computer sensors, which connects with the computer science standards
for computer hardware (under Computer Systems), and a discussion of
human sensory capabilities, which naturally connects with human biology.
But sensing isn’t what this Big Idea is about.

The first major insight we want students to have is that perception is
more than sensing. Specifically, perception is the extraction of meaning
from sensory signals, using knowledge. An automatic door at a supermar-
ket has a sensor, but it does not perceive anything. The signal from the
pressure pad or ultrasonic transducer is too impoverished to carry much
information, and the response of the door too simplistic to require any
“meaning” beyond the raw signal. We want students to understand that
not all devices exhibit intelligence. We would not be enjoying YouTube
videos of wildlife wandering through supermarket aisles if their auto-
matic doors could properly perceive who (or what) was entering.


https://www.AI4K12.org
https://www.AI4K12.org

‘spueq
apel6 Inoy syl ale suwn|od sy s||js pue s1deduod 1si| smou 8y uoindediad ‘| 4 eap)| Big Joj 1eyd uoissaiboud pueq spelb yeip ayrjo Led €8

1 yoeqgpes) olignd uo peseq abueys o) 1slans 020z ‘8z KB paseajay - L 'O'A

M jdasuod
s
prom sy} antauad susgndwon .
eap| Big

Baor
B10°Z L 1y MMM ey uoissaiboid - | eap| Big yeiq va_._u_dl L



ARTIFICIAL INTELLIGENCE THINKING IN K-12 157

If the extraction of meaning from sensory signals requires knowledge,
what does that knowledge look like? In the case of speech perception, this
question leads to an examination of the many levels of language, starting
with articulatory gestures (the motions made by the tongue, lips, and vocal
tract), and progressing to phonology (sounds), morphology (word stems,
prefixes, and suffixes), prosody (stress and intonation), syntax (grammar),
and semantics (meaning). These are sophisticated concepts, but even young
children can discuss the phonetic inventory of their native language and
can understand why an intelligent agent like Siri or Alexa might have trou-
ble understanding different accents or speech patterns.

The second major insight into perception we want students to come
away with is what we call the abstraction pipeline: the transformation from
signal to meaning takes place in stages, with increasingly abstract fea-
tures and higher level knowledge applied at each stage. In the case of
speech this progression is inherent in the structure of language, and early
speech-recognition systems actually implemented the pipeline as a col-
lection of distinct modules proceeding from the raw acoustic signal to
phonemes, words, phrases, and meaning. In more recent systems based
on deep neural networks there are many more stages of processing, and
different types of knowledge co-exist across multiple levels. But even in
these messier neural net implementations there is a general progression
from more local, signal-based information to more global, meaning-based
information as one moves through the layers.

Visual perception differs from speech perception in that language is
something produced by humans for the purpose of transmitting meaning,
while vision is concerned with constructing, meaning by sensing natural
phenomena such as reflection and occlusion. The abstraction pipeline for
vision starts with pixels and ends with 3-D scenes, but what lies between
is a complex mix of edges, contours, boundaries, surfaces, parts, shad-
ows, reflections, and objects. Marr (1982) called this the 2V5-D sketch. The
knowledge required to derive these representations is innate in humans
and not easily articulated explicitly in a computer program.

The abstraction pipeline is a wondrous thing. Information flows back-
ward as well as forward: for example, knowledge of the vocabulary of a
language can influence the perception of ambiguous sounds, and knowl-
edge about the shapes of objects can influence the interpretation of edges
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in a scene. Human perceptual processes are far from fully understood at
present. Studying how Al attempts to mimic these processes offers a new
route to appreciation of human perception.

How much of this can be conveyed in K-12 is still an open question,
but at least the early stages of the pipeline can be exposed to students
through interactive demos. Low-level vision can be illustrated by showing
the real-time output of vertical and horizontal edge detectors (figure 8.4)
applied to webcam images. Low-level auditory perception can be shown
with real-time spectrograms (figure 8.5) and pitch trackers.

BIG IDEA #2: REPRESENTATION AND REASONING

Big Idea #2 states that “Agents maintain representations of the world and
use them for reasoning.” In computer science terms, representations are
data structures, and reasoning is performed by algorithms. But how can
the concept of representations be explained to children in the lower grades
who are not yet familiar with data structures? Maps are a good place to

Vertical edges

3x3 kernel

-11-11]-1
3x3 kernel

8.4 Edge detection is one of the first stages of computer vision. Vertical and horizontal
edges are detected by convolving 3x3 kernels with the image.
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8.5 Real-time spectrogram of the first author saying, “Every child deserves to learn
about artificial intelligence.” The vertical axis is frequency; the horizontal axis is time;
shading indicates the amount of energy in that frequency band. (Created with https://
creatability.withgoogle.com/seeing-music.)

start. Even young children can grasp the concept of a map being a repre-
sentation of a place. They understand that the map is not the territory, that
maps abstract away many details, and that maps follow certain notational
conventions, such as the way that roads or buildings are depicted. Having
children construct a map of their house, their school, or their neighbor-
hood brings these ideas home. Children can also appreciate that using a
map to plan a route is a kind of reasoning and that a self-driving car must
be doing a similar kind of reasoning. Thus, using maps, representation, and
reasoning can be made accessible even in K-2.

A good next step in exploring representation and reasoning, appropriate
for grades 3 through 35, is the decision tree. This can be introduced via the
“guess-the-animal” game, where the goal is to guess the animal a person
is thinking of by asking a series of yes-or-no questions, such as, “Does it
swim?” or “Does it fly?” The questions form the nonterminal nodes of a
binary tree, and the terminal nodes are the animals (figure 8.6). In playing
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First question
“Does it swim?”

Next question Next question
“Does it have scales?” “Does it fly?”

New question
“Does it have
feathers?”

8.6 Decision tree learning. (AlI+ME: Big Idea 2—Representation & Reasoning: How Al
Makes Choices. Al+Me Series. Pittsburgh, PA: ReadyAl, 2020. Used with permission.)

this simple game children encounter fundamental concepts in represen-
tation and reasoning that they will be exploring further for years to come.
First, the decision tree is drawn on the board so that everyone can fol-
low the reasoning process. This introduces students to the notion of tree
structures and serves as a simple formalism for encoding knowledge. Sec-
ond, the procedure for playing the game is formalized. One always starts
at the root node. Upon arriving at any nonterminal node, the student
must ask that node’s question and then follows either the “yes” or “no”
branch to reach the next node. Upon arriving at a terminal node, one
states the animal associated with that node and waits to see if the guess
is correct. Asking students to explain this procedure in their own words
prompts them to think about how the reasoning algorithm works.
Another valuable aspect of the guess-the-animal game is the proce-
dure for growing the tree. If one reaches a terminal node and guesses
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“penguin,” but the correct answer is “octopus,” one has to obtain two
pieces of information: (1) what question distinguishes between a penguin
and an octopus, and (2) what is the correct answer for an octopus. The
decision tree can then be updated by replacing the “penguin” terminal
node with a nonterminal node containing the new question, “Does it
have feathers?” Penguin and octopus become its two children. Following
this procedure, especially when they choose the animals and questions
themselves, gives children a feeling for how human knowledge can be
encoded in a data structure, and how computers can learn.

A key insight we want students to have about this Big Idea is the inter-
dependence of representation and reasoning. Reasoning algorithms need
something to reason with, and representations are pointless if we have no
way to put them to use. Consider the map example from earlier: the map
representation needs a path-planning algorithm to find a route between
two locations. It’s also important to understand that representations are
not just the input to an algorithm, they may also be constructed by the
algorithm. The route constructed by the path planning algorithm is another
representation. Likewise, game playing programs need another common Al
representation, the search tree, to keep track of alternative moves as they
search for the move that will lead to a winning game. The search tree is
neither an input nor an output. It is constructed by the search algorithm
as it searches. We express the representation/reasoning duality as follows:
“Representation drives reasoning, and reasoning algorithms manipulate
representations.”

Older students can be introduced to a taxonomy of reasoning types to
help them understand the variety of ways Al is used to make decisions.
Classification and prediction (regression) problems are the most com-
mon applications of neural networks, although these problems can also
be approached symbolically. Combinatorial search is one of the oldest
parts of classical Al and still very important. Other reasoning approaches
include logical deduction and theorem proving, constraint satisfaction,
task planning, and numerical optimization. Some of these topics are too
advanced for K-12, but it may be possible to provide a taste. For example,
doing inference by resolution theorem proving using first-order predicate
calculus is a topic for undergraduates, but we might give students in 9-12
a taste of logical inference by looking at how a computer can handle
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syllogisms, such as the classic “all men are mortal; Socrates is a man;
therefore Socrates is mortal.”

SYMBOLIC VS. FEATURE VECTOR REPRESENTATIONS

While much of the recent progress on the difficult problems of speech
recognition, computer vision, and machine translation has resulted from
advances in neural network technology, symbolic representations remain
important, as evidenced by the resources Google and other large corpora-
tions have devoted to constructing knowledge graphs (Noy et al. 2019).
The knowledge panel displayed on the right hand side of the screen in a
Google search for “Thomas Jefferson” or “kiwi fruit” is generated from the
Google knowledge graph. Hand-crafted symbolic representations used in
classical Al are certainly easier to explain to children than the feature vec-
tor representations constructed by neural networks. But what should they
understand about feature vector representations? In the remainder of this
section we offer some speculation on how feature vector representations
may influence students’ views about word meanings.

Dictionaries and thesauruses are our traditional codifications of the
meaning of words. With six hundred thousand words spanning one thou-
sand years of usage, the Oxford English Dictionary (OED) is a landmark intel-
lectual achievement, billing itself as “the definitive record of the English
language” (Oxford University Press 2020). Dictionaries typically include
usage examples—often famous quotations—that help put words into con-
text. The OED contains 3 million quotations. All of this material was com-
piled over many years by committees of scholars. Similar efforts exist for
other languages: for example, a special commission composed of mem-
bers of the Académie Francaise produces the Dictionnaire de I’Académie
Francaise, endorsed by the French government. Dictionaries are important
cultural artifacts and are the original hand-crafted symbolic representa-
tions of words. But it is not easy for a computer to reason with this type of
representation.

Computing technology has offered our culture a new type of word repre-
sentation that now powers many natural language applications. This feature
vector encoding, also known as a word embedding, represents each word as a
point in a high-dimensional abstract space. To understand this encoding it



ARTIFICIAL INTELLIGENCE THINKING IN K-12 163

is helpful to first consider a less abstract example. The following is inspired
by the description of the word2vec family of models in Mikolov et al. (2013).

”n u ”n u

Suppose we want to represent the words “man,” “woman,” “boy,” “girl,”

n u

“king,” “queen,” “prince,” and “princess.” Imagine a 3-D space where the
x coordinate encodes gender, the y coordinate encodes age, and the z coor-
dinate encodes royalty (figure 8.7). Each of our eight vocabulary words can
be mapped to a unique point in this space: for example, “man” might be
(0,1,0), and “princess” might be (1,0,1). Euclidean distance in this space
can serve as a heuristic for semantic similarity, allowing us to infer that
“man” is semantically closer to “woman” than to “princess.” We can go
on to embed additional words in this space, even without adding more
dimensions. “Son” would likely be close to “boy,” although less definitive
as to age, so perhaps its coordinates would be (0, 0.3, 0). “Parent” is gender
neutral but an adult, with no implication of royalty, so it might map to (0,

0.5, 0), and so on.
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8.7 Representations of words as points in a 3-D semantic space.
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Mikolov et al. (2013) showed that in addition to providing a similarity
heuristic, feature vector encodings admit a simple type of analogical reason-
ing by vector arithmetic. Subtracting the vector for “queen” (1,1,1) from the
vector for “woman” (1,1,0) yields a vector (0,0,-1) that removes the royalty
attribute from a word. Adding this vector to “prince” (0,0,1) yields “boy”
(0,0,0). Adding it to “king” (0,1,1) yields “man” (0,1,0). Similarly, subtract-
ing “man” from “boy” and adding the result to “parent” yields (0.5,0,0),
which is a plausible encoding for “child.”

Representing a larger vocabulary requires a higher-dimensional feature
space. Rather than designing those features by hand, they can be created
using machine learning, specifically neural networks. We don’t have a
convenient way to train the network directly on word meanings, but since
words with similar meanings tend to occur in similar contexts, it turns out
that training the network to predict what words are likely to co-occur with
a given word is an effective proxy for meaning. This approach captures
more than pure syntactic and semantic features; it also captures informa-
tion about usage: for example, which adjectives are typically applied to
which nouns.

Unlike the carefully constructed dictionary definitions produced by
human experts, feature vector representations are somewhat arbitrary. They
depend on parameters such as the size of the context window (the number
of words before and after the word whose features are being learned), the
vocabulary set, the dimensionality of the feature space (number of units
in the neural network’s hidden layer), and the training corpus. Even if all
these parameters are held constant, two separate runs of the learning algo-
rithm will produce different representations because of the randomness of
the network’s initial weights. Heuristics used for speed training also influ-
ence the vector representation. And these vectors are not easily interpre-
table by humans, although one can sometimes find correlations between
vector elements and semantic attributes by comparing the representations
of several words, as in figure 8.8.

Despite their lack of definitiveness, statistical feature vector represen-
tations have significant practical uses. For example, they can be used to
disambiguate homophones during real-time speech recognition. Tell a
chatbot you want “two coffees, not too hot, to go” and it will get every
word right. Neural machine translation systems use feature vectors as their
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8.8 Feature vector representations of words in word2vec. (Figure modified from Alam-
mar 2019.)

input and output encodings, as do some question answering systems such
as Siri, and machine translation applications such as Google Translate.

There are already simple online demos that allow people to explore word-
2vec vocabularies and experiment with the analogy via vector arithmetic.
Demos that are friendlier to K-12 users will surely follow. eCraft2Learn,
a children’s Al programming framework built on top of Snap!, recently
added blocks for working with feature vectors (Kahn and Winters 2020).
Allowing students to experiment on their own with feature vector repre-
sentations is the twenty-first-century version of teaching them to explore
a dictionary: it will enrich their appreciation of language. It will also give
them insight into the workings of the Al systems they interact with in their
daily lives.

BIG IDEA #3: LEARNING

Big Idea #3 says “Computers can learn from data.” It’s important to dis-
tinguish human learning from what the computer is doing, so the guide-
lines begin with a comparison. Machine learning mostly follows one of
two approaches: finding patterns in data, or optimizing behavior based
on trial and error. Humans do those things too, but they also learn in
other ways, such as by being told, by observing others, by asking ques-
tions, by experimenting, and by making connections to past experience.
Human learning, because it is part of a larger cognitive architecture, is
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general and flexible, while machine learning is accomplished by special-
ized algorithms and focuses on performing a specific task.

Arthur Samuel, author of the first AI checkers playing program, is cred-
ited with coining the term machine learning in 1959. A definition often
attributed to Samuel is that machine learning is a “field of study that gives
computers the ability to learn without being explicitly programmed.” He
didn’t actually write those words, but they convey the gist of his think-
ing." Our take on this for the K-12 audience is: “Machine learning allows
a computer to acquire behaviors without people explicitly programming
those behaviors.” Another way to think about it is that machine learning is
a way to construct a reasoner. So humans program the learning algorithm,
the learning algorithm constructs a reasoner with the desired behavior,
and the reasoner is then employed in some task such as recognizing cats
in images or deciding whether an email is spam.

One of the things we want students to be able to do is construct a rea-
soner themselves. Several tools allow children to train an image classifier
on small numbers of examples using deep neural networks and transfer
learning. Probably the best known tool is Google’s Teachable Machine,
which conveniently runs in the browser. The demo can use images cap-
tured from a laptop’s camera and doesn’t require any programming. Simi-
lar capabilities now exist in children’s programming frameworks, such as
App Inventor, Cognimates (based on Scratch), and eCraft2Learn (based
on Snap!). Using a tool like Teachable Machine, students can train a clas-
sifier to recognize a thumbs-up gesture, a peace sign, and a “no gesture”
condition. They can then measure its accuracy on new images and exper-
iment with adding more varied training examples to help it perform bet-
ter. This makes a compelling educational experience for adults as well as
children. It's a great way to approach machine learning, but it has some
limitations, which must be addressed through other activities.

To enhance their understanding of machine learning, we would like
students to experience what it feels like to acquire a concept by finding
patterns in data. The problem with training Teachable Machine to recog-
nize cats or thumbs-up gestures is that we start out already knowing those
concepts, even if the machine does not. Training a classifier on famil-
iar concepts cannot help one experience what it’s like to be the trainee.
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To address this, the guidelines have students play the role of machine
learner for concepts they don'’t already know.

This exercise can be done as early as in grades K-2 by showing labeled
examples of cartoon creatures and asking students to figure out a rule
that predicts the labels. For example, the images could be of cartoon fish
of various colors, with different shaped heads, bodies, fins, and tails.
The labels could be “eats seaweed” and “doesn’t eat seaweed.” Labeled
instances would be presented one at a time, and after seeing a sufficient
number the students could begin positing what the pattern is that pre-
dicts a fish eating seaweed. A simple case would be that it’s the purple
fish that eat seaweed. More challenging cases may involve a conjunction
of features (only purple fish with pointy heads eat seaweed), or for older
students, a negated value (purple fish except those with small tails), a
disjunction of conjunctions (purple fish with pointy heads or orange fish
with small tails), or something even more complex.

In later grade bands, students are asked to simulate learning algorithms
in more detail. For example, in grades 3-5, instead of verbally stating a
classification rule, they may be asked to construct a decision tree, where
each node tests a single feature such as color or head shape. In 9-12 they
may be asked to train a classifier or predictor to fit a set of noisy training
points by turning knobs to adjust parameters, eyeballing the quality of the
fit. Such a model may predict a person’s height given their age, or the price
of a used car given its mileage. For a linear model y=mx+b, they would
adjust the slope (m) and intercept (b), but they could also train nonlinear
models such as logistic functions or cubic polynomials the same way.

CHANGES IN INTERNAL REPRESENTATIONS

Another insight we want students to have is, “Learning of new behaviors
is brought about by changes in internal representations.” In other words,
what the learning algorithm is doing is not magic; it is simply adjusting
a data structure. This is the second drawback to Teachable Machine and
similar transfer learning tools: they are black box demos whose internal
representations are unobservable. Given the complexity of deep neural
network representations, even if there were a practical way to display
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them, it’s not clear how their hidden layer activations could be made inter-
pretable by non-experts. There is, however, interesting work on giving
qualitative insights into what these networks are doing, such as displaying
which areas of a scene a network is attending to, or finding the optimal
stimulus for triggering a learned feature detector. As our methods for ana-
lyzing deep neural networks improve, the way we teach them will evolve.

For now, we advocate approaching “changes to internal representa-
tions,” using hand simulations of symbolic learning applications. We can
help students recognize that the decision trees they built in grades 3-5
or the parameter values they adjusted in grades 9-12 are the internal rep-
resentations that learning algorithms manipulate. We can also draw on
some “glass box” machine learning tools that disclose their representa-
tions. For example, MachineLearningForKids allows students to construct
a classifier using decision tree learning, and a recent enhancement added
the ability to draw the decision tree. While the tree can be very complex
for multivariate datasets, such as the Titanic survivor data used as one of
the illustrative examples, for simpler data the tree is easily interpretable.

For exploring changes in neural net representations, Google’s Tensor-
Flow Playground is an ideal tool. It allows students to train small feed-
forward neural networks that are graphically displayed in the browser.
Every connection is explicitly represented and gets thicker or thinner as
the magnitude of the weight increases or decreases; the sign of the weight
determines its color. By hovering over a connection, students can read
the exact weight value. What we want students to appreciate is that the
weights constitute an internal representation of a set of feature detectors
that the learning algorithm (backpropagation) is incrementally adjust-
ing. Exactly how those adjustments are calculated can be left to more
advanced classes. In deep neural networks, these feature detectors are
complex and hard to interpret, but for the shallow networks and simple
2-D input patterns supported by TensorFlow Playground, it is possible to
exactly visualize what each feature detector is doing.

TYPES OF LEARNING
“Finding patterns in data” is a broad concept that encompasses both super-
vised learning, where the data are labeled, and unsupervised learning,
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where they are not. It can be used to produce both classifiers and predic-
tors. Classification is a special case of prediction in which the output is
drawn from a discrete set (the class labels) rather than a continuous range.
The other type of machine learning covered in Big Idea #3, “learning from
experience,” involves something radically different.

In supervised learning the algorithm is provided with the correct answer
(the label) for every training example. All it has to do is adjust the internal
representations to make the model more likely to produce this answer. In
learning from experience, known as reinforcement learning, the algorithm
is only provided with a scalar value, the reinforcement signal, which indi-
cates how well things are going. It is not told what it should do differently
to make things go better; it has to figure that out for itself.

The other reason reinforcement learning is radically different is that
reinforcement learning is used for sequential decision problems. While
classification and prediction are one-shot problems where a single input
is mapped to a single output, sequential decision problems involve a
series of action choices, where each action affects the choices available
in the next step. An example would be playing a game like chess, where
each move constrains the choices available for the next move. We want
students to appreciate two things about reinforcement learning. First,
the computer is not being trained by a teacher; it is generating its own
data by making a choice at each step and seeing where that choice leads,
that is, how much reinforcement it ultimately receives. Computers that
have become expert game players through reinforcement learning gener-
ated their training data by playing against themselves. Second, because
we are not required to provide the algorithm with the correct answer at
each step, it is possible for the algorithm to discover solutions to prob-
lems in which we don’t know ourselves what would be the best choice
to make.

Reinforcement learning is worth teaching in K-12 because it has led
to some significant achievements for Al, such as AlphaGo’s 2016 defeat
of world champion Go player Lee Sedol. But like deep neural networks,
the details of reinforcement learning algorithms are too complex for all
but the most advanced high school students. Hand-simulating the algo-
rithm would be tedious because of the large number of trials required
even for simple tasks. But tiny grid world simulations with only a handful
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of states and actions can provide a glimpse into how reinforcement learn-
ing works.

Some other topics covered in Big Idea #3 are the design of feature sets,
development and use of large datasets, and sources and effects of bias in
training data.

BIG IDEA #4: NATURAL INTERACTION

Big Idea #4 covers a range of topics relating to how computers interact with
people. The one-sentence description reads: “Intelligent agents require many
kinds of knowledge to interact comfortably with humans.” The major top-
ics that make up this Big Idea are natural language understanding, common
sense reasoning, affective computing, and consciousness/theory of mind.
Natural language understanding includes making sense of human requests
to intelligent agents, extracting information from text, and translating from
one language to another. Language is often syntactically ambiguous, so
finding the most likely meaning of a text requires some semantic analysis.
For example, “John saw the man from the restaurant” could mean either
that John was gazing out from the restaurant when he saw the man, or that
John saw the man who had some previous connection to the restaurant.
Further context is necessary to decide which meaning the speaker intended.
Speaking with an intelligent agent incapable of common sense reason-
ing would be tedious because everything would have to be spelled out in
detail. Common sense reasoning includes naive physics: understanding
the properties of solids and liquids and how they behave in response to
forces such as gravity. Winograd schema sentences such as, “The trophy
would not fit in the suitcase because it was too [large/small],” illustrate
how an understanding of naive physics, in this case volume and physical
containment, determines whether “it” refers to the trophy or the suitcase.
Another requirement for common sense reasoning is knowledge about
the world: for example, knowing that cats are living things, or what chairs
are used for. This also includes sociocultural knowledge, such as when to
pay at a restaurant, or what makes a good gift for a child.
Today’s Al systems show little common sense reasoning ability. Google
can translate text into over one hundred languages but can’t answer ques-
tions about a short story that a five-year-old would find trivial. Al systems
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try to make up for this deficiency by focusing on retrieval from huge
knowledge bases. But retrieval is not the same as inference. For example,
ask Google how much an alligator weighs, and it will answer five hundred
pounds. Ask how much an ostrich weighs, and it will say 250 pounds. But
ask it, “Does an alligator weigh more than an ostrich?” and, as of April
2021, it doesn’t even understand the question. Retrieval alone doesn’t
cut it—usually. Sometimes it does. Ask Google, “Is Microsoft bigger than
IBM?” and it finds articles where people have discussed that question.
But ask it, “Is Intel bigger than Pfizer?” and it falls apart, despite the fact
that it can retrieve the number of employees and market capitalization
of these companies, either of which could be used to compare their size.

To achieve human-like common sense reasoning would require some-
thing called Artificial General Intelligence, or AGI. One of the essential
understandings we want children to come away with is the difference
between the narrow Al reasoners we have today and the broad AGI reason-
ers depicted in science fiction. One way to drive this idea home is to try to
have a conversation with an intelligent agent such as Alexa or Siri. At pres-
ent they do not maintain context from one utterance to another, so one
can’t have a meaningful discussion with them. AI developers are currently
working on this. Chatbots, which are more specialized than “agents” such
as Alexa, address the problem by relying on templates for common inter-
actions such as inquiring about the availability of a product, or placing an
order. But if the conversation veers outside the anticipated scenarios, the
chatbot is lost. We want children to be aware of these limitations so that
they do not attribute more intelligence to an Al agent than it deserves.

A third topic in Big Idea #4 is affective computing, or recognizing and
dealing with human emotional states. This includes sensitivity to tone
of voice, facial expressions, and body language, and the ability to adjust
interaction style to effectively respond to indications of frustration, bore-
dom, or excitement. If robot companions were as responsive as dogs to
our emotional states, they might truly capture our hearts.

The final topic in Big Idea #4 is consciousness and theory of mind. These
terms are normally addressed in university-level philosophy courses. But
because today’s children are growing up with intelligent agents, and in
a culture filled with fictional robots with human-like personas, they are
primed to appreciate questions about whether computers really do have
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minds, or could in principle have them. Concepts such as the Turing Test,
or Searle’s hypothetical Chinese room, can be introduced in high school,
and should be.

MORE PLAYING WITH LANGUAGE

We both enjoyed learning about sentence diagramming in school. In this
section we draw a connection between sentence diagramming and Al, spe-
cifically the question of how a natural language understander begins to
make sense of a sentence. We speculate that playing with Al language tools
may instill in future generations of students an appreciation for the formal
structure of language that we got from experimenting with diagramming.

Sentence diagramming was invented in the 1840s by Stephen W. Clark,
a rural New York schoolmaster, as a means of helping students learn to
“parse” (grammatically analyze) sentences (Florey 2012). The notation
was refined by Alonzo Reed and Brainerd Kellogg in 1877 into a form
that became widely used in nineteenth- and twentieth-century middle
and high schools. Diagramming is less frequently taught today and is not
included in the Common Core (Thomas 2014). English teachers argue
and research has shown that isolated direct grammar instruction does
not help students become more effective writers. Nonetheless, readers of
a certain age may have fond memories of learning to diagram sentences
(Florey 2006), perhaps because they were a first exposure to formal repre-
sentations. Diagrams are also something like data structures, a fundamen-
tal concept in computer science.

Sentence diagrams are a simplified version of the syntax trees used in
modern linguistics to represent the syntactic structure of sentences. Dia-
grams use only a few graphical devices, mainly horizontal, vertical, and
diagonal lines, as in figure 8.9. Some of these devices serve multiple roles,
whereas syntax trees label every node with an unambiguous grammatical
class.

Some linguistic theories are phrased in terms of transformations on
tree structures: for example, a sentence in the active voice can be trans-
formed into the passive voice by switching the subject and direct object
subtrees and modifying the verb phrase, so “John saw Mary” becomes
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As Gregor Samsa awoke one morning from uneasy dreams
he found himself transformed in his bed into a monstrous vermin.

Kafka, Metamorphosis
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8.9 Diagramming a sentence. (Courtesy of Pop Chart Labs.)

“Mary was seen by John.” Ambiguous sentences such as “John saw the
man with a telescope” are compatible with multiple tree structures, for
example, one in which “with a telescope” is attached to “saw,” and one
in which it is attached to “man.”

Al systems must parse sentences in order to understand them. While
syntactic analysis is only one part of language understanding, it is an essen-
tial component. The widespread availability of natural language parsers
presents an opportunity to introduce students to grammar in a new way:
by having them experiment with automated parsers. Figure 8.10 shows
a parse tree provided by the online demo page for the Berkeley Neural
Parser.?

Figure 8.11 shows the same parse in traditional syntax tree notation.

Students could learn to draw syntax trees by comparing their efforts to
computer-constructed syntax trees like the ones shown here. They could
explore the topic of syntactic ambiguity by constructing sentences and see-
ing if the parser generates more than one parse tree. And they could learn
to write simple rules in a phrase structure grammar and see those rules used
to generate parse trees (whose terminal nodes form sentences) by iterative
expansion of nonterminal nodes. With a well-designed graphical interface
to manage the rules, and automatic generation of many examples from
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S
Gregor Samsa awoke one morning from uneasy dreams
NP VP
Gregor Samsa ’ ‘ awoke one morning from uneasy dreams
NNP NNP VBD NP PP
Gregor | |Samsa ’ ‘ awoke ’ ‘ one morning ’ ‘ from uneasy dreams
CcDh NN IN NP
‘ one ‘morning from ’ ‘ uneasy dreams
JJ NNS
uneasy ’ dreams

8.10 Parse tree produced by the Berkeley Neural Parser (https://parser.kitaev.io). NP
indicates a noun phrase, VP a verb phrase, and PP a prepositional phrase.

S
NP VP
NNP NNP VBD NP PP
Gregor Samsa awoke /\ /\

CD NN IN NP
one morning from

JJ NNS
uneasy dreams

8.11 Traditional syntax tree notation, also from the Berkeley Neural Parser.
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the current rule set, students would have a grammar “sandbox” in which
to explore syntax and the relationship between parsing and generation.

The linguist Mark Liberman has remarked that because of diagramming
instruction, “grammar-school children of the 19th century learned more
about linguistic analysis than most graduate students in English depart-
ments do today” (Liberman 2012). Interactive language tools designed spe-
cifically for K-12 could remedy that.

What about semantics? Modern Al has leveraged statistical learning
over large datasets to construct practically useful natural language tools
for tasks such as machine translation or text summarization. These tools
use heuristics to resolve ambiguity from local context. The approach is a
powerful one but does not achieve true “understanding” in the human
sense, as evidenced by the limitations these systems still exhibit. For exam-
ple, given “John saw the man with binoculars,” the Berkeley Neural Parser

!

attaches “with binoculars” to “man,” while most humans would prefer
“saw.” But given “John easily saw the man with binoculars,” the Berkeley
Neural Parser attaches “with binoculars” to “saw.” It’s not just the presence
of “easily” that changes the attachment, because given “John easily saw
the man with groceries,” the prepositional phrase attaches to “man,” as it
should. The interaction of the noun with the adverb to influence attach-
ment is not the result of some explicitly formulated rule, nor is it the result
of commonsense reasoning. Rather it reflects the statistics of the corpus
the model was trained on, captured in a deep neural network. Another
example is the parser makes different but plausible attachment choices for
“John saw the man with one eye” (attached to “saw”) versus “John saw the
man with one leg” (attached to “man”). But it does not do so well on “John
saw the man with one ear.” Statistics can only get you so far.

One way students can explore machine understanding of language
is by comparing how Al parsers resolve ambiguous sentences with their
own preferred interpretations of those sentences, as we’ve done above.
It's even more fun than sentence diagramming.

BIG IDEA #5: SOCIETAL IMPACT

Big Idea #5 is that “Al can impact society in both positive and negative
ways.” We want students to be aware of these potential impacts, especially
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since there is so much apprehension today about Al putting people out
of work, enabling unprecedented levels of government surveillance, or
unleashing killer robots on the world. All of those things are likely to hap-
pen to some extent. But there are also many benefits to be realized from Al,
such as improved medical diagnoses and treatment, faster drug discovery,
robotic assistance for disabled or elderly persons, increased productivity
in industry, and personalized instruction for learners of all ages. Students
need to be shown a balanced picture.

We've listed four subtopics for this Big Idea: (1) ethics of Al making
decisions about people, (2) economic impacts of Al technology, (3) Al and
culture, and (4) Al for social good.

A great deal of attention has been paid to bias in Al-powered systems.
One source of bias results from training a system on an unrepresenta-
tive dataset: for example, a face-recognition engine expected to work for
everyone but that was trained primarily on Caucasian faces. A trickier
problem is automated decision-making systems found to treat different
groups of people unequally based on criteria we do not consider appro-
priate. People don’t set out to build systems that discriminate based on
race or gender. They may even withhold that information from the Al
system in an attempt to ensure neutrality. But race and gender correlate
with other variables and so can be implicitly present. The problem is that
machine learning systems trained on data that are unbalanced for histori-
cal reasons can acquire biases that perpetuate these imbalances because
they want to correctly predict the training data. A famous example is
Amazon using information from past technical hiring decisions to train
a system for screening resumes only to find that it had learned to assign
negative values to keywords that correlate with being female (Dastin
2018).

An important message for students to hear is that it is possible to take
steps to mitigate the negative impacts of technology. Face recognition
engines can be required to undergo testing to ensure that they perform
equally well for all populations. Automated decision-making systems,
whether Al-powered or not, can be required by regulation to be transpar-
ent in their reasoning and can be explicitly tested for disparate treatment
of protected groups based on inappropriate criteria.
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ARTIFICIAL INTELLIGENCE AND CULTURE

Until recently, Al's contributions to popular culture have been entirely
through science fiction. Speculation about possible futures remains an
engaging pastime: will we be happily coexisting with R2D2 and Lieuten-
ant Data, or fleeing the Terminator? Instilling a basic understanding of
Al helps students recognize that neither scenario is imminent. But now,
actual Al applications are appearing in popular culture. Intelligent assis-
tants modeled after Siri and Alexa are showing up in commercials and TV
show episodes. Radio station promos advise listeners to “tell Alexa to play
your favorite AM station.” Meanwhile, children’s interactions with Alexa
have sparked a debate about whether they should be taught to treat intel-
ligent agents with politeness (Elgan 2018). As Elgan observes, “Preparing
kids for the future means more than mere manners. It means teaching
them to appreciate the difference between real human people and mere
machines designed to create the illusion of humanity.”

We will soon have many more humble robots in our lives. Shelf-
scanning robots are appearing in department stores and supermarkets,
small-item delivery robots are trundling the halls of hospitals and high-
end hotels, and food and package delivery robots are beginning to share
the sidewalk with pedestrians. There is already a new genre of YouTube
videos showing mishaps with self-driving cars. Today’s children will grow
up in a culture where we routinely share our living space with machines
that, although not very bright, can navigate effectively through the world.
iRobot founder Colin Angle reported that 90% of Roomba owners named
their vacuums (Barker 2018). How will they respond to robots that can
see and hear?

CONCLUSION

In recent years there have been concerted efforts to introduce children
to “computational thinking” (Wing 2006), including its four cornerstone
concepts of problem decomposition, pattern recognition, abstraction,
and algorithms. ISTE (the International Society for Technology in Edu-
cation) and CSTA offer a joint operational definition of computational
thinking (CT, ISTE 2011) that includes five dispositions or attitudes:
(1) confidence in dealing with complexity, (2) persistence in working
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with difficult problems, (3) tolerance for ambiguity, (4) ability to deal with
open ended problems, and (5) ability to communicate and work with oth-
ers to achieve a common goal or solution.

Al thinking implicitly draws upon the core concepts and dispositions
of CT. The Big Ideas of perception, reasoning, and learning are all realized
as algorithms, while representations are examples of abstraction. And
introducing students to Al topics such as the richness of language or the
subtleties of visual understanding asks them to grapple with problems
that are complex, difficult, ambiguous, and open ended. But Al thinking
also goes beyond classical CT in this sense: it asks students to consider that
computation can actually be thinking. Not in the fully human, “strong
Al” sense that Turing envisioned in his seminal paper on machine intel-
ligence (Turing 1950), but at least in the specialized, narrow form known
today as “weak AL” CT is exactly what humans need when they try to
understand how machines can think.

These are the early days of K-12 Al education. It’s a dynamic area that
is developing rapidly. Here is what we see at the frontier:

+ New tools and demos are coming online, making it easier to give stu-
dents hands-on experiences with Al technologies. Since many of these
tools run in the browser, they are accessible even to low-resource schools.

+ As more states adopt standards mandating computing instruction
for all K-12 students, programming is making its way into the lower
grades, which means students will be more computationally sophisti-
cated when they learn about Al

+ Al professional development opportunities for teachers will begin to
have an impact. Computer science in general is poorly represented in
the schools: many computing teachers have no formal computer sci-
ence training. Even so, they at least understand how a digital computer
works and have elementary programming skills. But few of these teach-
ers claim to know anything about Al, or can even define it. Over the
next few years we hope to see Al become more integrated into comput-
ing curricula and teachers become more confident about introducing Al
topics in their classes.

+ Al technologies continue to progress. Intelligent agents are becom-
ing better conversationalists. Robot companions that are not vacuum
cleaners will find a niche where they can be successful, while robots in
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the workplace become common. Fully autonomous, go-anywhere self-
driving cars are probably still two decades away, but less demanding
applications such as freight hauling or fixed-route shuttle services are
already being deployed. As Al becomes a larger part of our lives and
culture, the need to demystify Al in K-12 will be widely recognized.

NOTES

1. See https://datascience.stackexchange.com/questions/37078/source-of-arthur-sam
uels-definition-of-machine-learning.

2. Try the Berkeley Neural Parser at https://parser kitaev.io/.
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PREPARING CHILDREN TO BE
CONSCIENTIOUS CONSUMERS AND
DESIGNERS OF Al TECHNOLOGIES

Daniella DiPaola, Blakeley H. Payne, and Cynthia Breazeal

“How many of you watch YouTube every day?”

A sea of eleven-year-old hands shot up. Every student in our summer
artificial intelligence (AI) workshop had not only heard of YouTube but
used it daily.

Although a bit jarring, this makes sense. In the 2019 Common Sense
Media Report, 56 percent of tweens (ages eight to twelve years) reported
watching online videos daily, and 76 percent reported regular usage of You-
Tube specifically. These statistics have almost doubled from 2015, suggest-
ing that children’s online video consumption is on the rise. At the same
time, we see TV consumption declining, with children watching about a
half-hour less television than four years ago (Rideout and Robb 2019).

We asked the same group of students, “Who uses Al every day?”

The answer looked a bit different, with about half of hands hesitantly
going up. It became clear that students were not aware that some of their
favorite technologies, like YouTube or Snapchat, are powered by artifi-
cially intelligent systems. Without knowing how these Al systems work,
students are unable to make choices about how they would like to inter-
act with them. AI is very much part of children’s technology landscape,
and it has implications for how they navigate their digital world. If chil-
dren are able to use Al, they must be able to identify it, know how it
works, and understand that they have the agency to change it. We need
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to give students these skills so that they are empowered to decide how
they would like Al to fit into their lives.
To meet this need, we developed a curriculum with three primary goals:

1. Students should be conscientious consumers of Al.

2. Students should be ethical designers of Al.

3. Students should be able to participate in democratic discussions
around Al

CONSCIENTIOUS CONSUMERS OF ARTIFICIAL INTELLIGENCE

If children are touching Al-powered systems every day, they really should
be aware of it. For example, our middle schoolers shared that they often
rely on YouTube’s recommendation algorithm to determine what videos
to watch. According to YouTube, the recommendation algorithm uses the
consumer’s viewing history as one of the main factors for determining
which videos to recommend (Covington, Adams, and Sargin 2016). By
recommending videos based on what the user has previously watched,
YouTube hopes that the user will stay on the site for longer. The longer
viewers watch content, the more ads will sell. For the most part, YouTube
is successful in this endeavor. In 2018 Neal Mohan, YouTube’s chief prod-
uct officer, reported that the recommendation algorithm accounted for
70 percent of watch time on the platform (Solsman 2018).

In February of the same year, the Wall Street Journal published an arti-
cle entitled, “How YouTube Drives People to the Internet’s Darkest Cor-
ners,” which recounted an investigation the publication had done into
YouTube’s recommender system (Nicas 2018). The recommender system
seemed to suggest increasingly conspiratorial or extreme content to its
users, regardless of whether the user was searching for it. The article shows
screenshots of “suggested videos” that were recommended to a brand-new
user with no previous viewing history. When the new user searched for
“the pope,” suggestions included videos containing conspiracy theories
around the Pope (“How Dangerous Is the Pope?”). When the user searched
for “lunar eclipse,” videos implying that the Earth is flat (“Lunar Eclipse
Doesn’t Work on Your Globe!”) were suggested (Nicas 2018). Viral conspir-
acy videos become even more of an issue when popular teen YouTubers
spread these theories, like a popular YouTuber, Logan Paul, uploading
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a video trailer promoting the Flat Earth theory in early 2019 (Schoenberg
2019).

YouTube is one example of the many systems that children use. Snap-
chat, Instagram, Amazon Alexa, and Google Search are other common
examples of Al that children touch every day. These systems make deci-
sions, like recommending content, and children are often not aware of
the mechanics by which the systems make such decisions. Al education is

essential in raising conscientious consumers of these systems.

FUTURE ETHICAL DESIGNERS OF ARTIFICIAI INTELLIGENCE

Given the pervasive impact Al is having on the global economy and soci-
ety, for good or for bad, it is imperative to educate an Al literate citizenry.
If we're to educate and train the next generation of Al makers, we need to
empower them with the tools and conceptual frameworks to design these
systems ethically. Present-day technologists and designers are beginning
to realize the long-term societal consequences of the Al-powered systems
that they create. Major Al tech companies have been criticized when their
products did not work as intended or behave equitably for everyone. Ama-
zon'’s facial recognition technology has been shown to have high error
rates for darker-skinned minorities (Vincent 2019). Uber’s self-driving car
neglected to account for pedestrians who jaywalked (Marshall and Davies
2019). Google has been called out for search algorithms that perpetu-
ate harmful stereotypes (Manjoo 2018). Al can do tremendous good, but
these stories are a call to action for the technology community. Software
developers need to adopt ethical practices in the design and development
of Al systems. Classrooms that are introducing Al for the first time are a
great place to start.

It’s not enough for students to be conscientious consumers of Al; they
must become ethical designers of it as well. Universities teach computer
science and are preparing students to enter a workforce that develops Al
systems. Al has already had an incredible impact on fields like medicine
and renewable energy, and we want future generations to continue to
make positive contributions to society through Al. If computational think-
ing (CT) is starting to enter K-12 education, what about learning about AI?
In 2018 the David E. Williams Middle School in Coraopolis, Pennsylvania,
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became the first school to integrate Al into its curriculum. Students in
grades 5 through 8 are learning about and designing their own Al systems
through courses such as Introduction to Pattern-Finding through Gaming
and Recognizing Computer Patterns Virtually and Through Algorithms.
Al education has been integrated into their elective courses, and there is
interest in integrating Al literacy into their core curriculum, too (Aglio
2018).

K-12 Al literacy is in its infancy but gaining momentum. Schools like
David E. Williams are early adopters of Al curriculum. Traditional STEM
programs such as iD Tech summer camps are beginning to offer Al courses,
and new programs such as ReadyAl and Technovation are creating new
spaces for this content to emerge (Artificial Intelligence Summer Camp:
Machine Learning for Teens 2020; Empowering All Students to Improve
Our World with AI 2019). The AI4K12 initiative, jointly sponsored by
Association for the Advancement of Artificial Intelligence (AAAI) and the
Computer Science Teachers Association (CSTA), is working toward national
guidelines for AI K-12 education akin to national K-12 computer science
standards. As these groups set the precedence for Al education, we must
make sure that they include ethical design tools and practices.

TOMORROW'’S DEMOCRATIC, AI-LITERATE CITIZENS

Even students who will not grow up to be future technologists should be
responsible users and conscientious consumers of Al. Al isn’t only affect-
ing our personal technologies and online circles. It’s entering our com-
munities as well, and citizens should be able to make informed decisions
about its use. Consider the case where facial recognition technology is
being used by law enforcement to detect criminal suspects. Many have
expressed concerns that this technology, which is known to consistently
misidentify darker-skinned faces, could further exacerbate racial inequal-
ity or could increase the amount of surveillance within communities. In
June of 2019 the residents of Somerville, Massachusetts, a town located
near Harvard University and MIT, passed legislation placing a morato-
rium on facial recognition technologies in the city. The city councilor
of Somerville, Ben Ewen-Campen, credits the bill to the technocentric
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community. The residents of Somerville know enough about the technol-
ogy to believe that it is not yet ready to be given authority in the legal
system. Cities around Silicon Valley are beginning to ban the technology
as well (Wu 2019).

As Al continues to enter and alter our cities, it is important that young
people grow up being well equipped to handle these democratic pro-
cesses. Like the constituents of Somerville, we want our students to have
the knowledge and skills to be able to make informed decisions in their
own communities.

CURRICULUM DESIGN

For these reasons, we have developed, piloted, and evaluated a hands-
on Al and ethics curriculum for middle school that can be integrated
into formal or informal learning contexts. The second author, Blakeley
H. Payne, developed the curriculum and teacher training guide as part
of her master’s thesis. The curriculum has three major goals. The first is
to teach young people how to be conscientious consumers when using
their own devices powered by Al The second is to give students knowl-
edge and perspective so that they can participate in democratic discus-
sions around these technologies. Finally, we want to empower them to be
ethical designers as they begin to build these systems themselves. Three
principles inform the design of this curriculum: the idea that ethics edu-
cation should be integrated alongside technical education; the value of
“unplugged” activities as a complement to those that use technology;
and the value of peer collaboration and discussion with opportunities for
creative learning.

First and foremost, this curriculum sought an integrated approach to
ethics and Al topics. Although integrated approaches are beginning to
gain traction at the collegiate level (Grosz et al. 2019; Saltz et al. 2019;
Skirpan et al. 2019), research shows that most university machine learn-
ing courses do not teach ethics issues at all or relegate ethics as its own
class (Saltz et al. 2019). Within the K-12 setting, almost all activities that
mention ethics do so as the last module of a larger unit (Lissitsa 2019).
Such approaches are problematic because research suggests that isolating
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ethics from technical content often leads students to perceive ethics as
unrelated to their technical studies (Davis and Walker 2011; Spradling,
Soh, and Ansorge 2008). To offer a more holistic educational experience,
we introduce ethics concepts as frequently as technical ones, anchored in
familiar scenarios that are meaningful to students. For example, when we
teach students how machines learn to classify objects, we make sure to
have a discussion about how classifiers can encode biases, and the poten-
tial consequences for society when such systems are used to make impor-
tant decisions, such as the use of facial recognition technology in policing.

We intentionally designed our Al and ethics curriculum to be low cost
and accessible to students and schools from all economic backgrounds. To
truly democratize Al, it is important to remove as many barriers as possible
that may hinder or prevent low-income and minority students—students
who are most likely to be negatively affected by these technologies—from
understanding how Al works, the current impact Al has on society, and
the impact Al could have on society in the future. For these reasons, our
curriculum is largely unplugged (requiring only pencil and paper; two
lessons require access to the Chrome web browser) and is open source for
noncommercial use (CC-BY-NC; https://creativecommons.org/licenses/by
-nc/4.0). Furthermore, our unplugged activities are designed to engage stu-
dents in highly kinesthetic or creative activities with a sense of playful-
ness (Bell et al. 2009). Many of the activities throughout the curriculum
follow a constructivist approach in which the teacher acts as a facilitator.
Instead of lecturing students, we leverage topics that middle schoolers are
comfortable with, like YouTube, and allow them to shape classroom dis-
cussion. We found that students were often expert users when it came to
these technologies and were able to apply their learning to their everyday
life. We learned a lot from their experiences and observations.

We piloted the complete curriculum, comprising two plugged and
six unplugged activities, in a week-long workshop with twenty-eight
middle school students (eight female students) in the summer of 2019
(see figure 9.1). We recruited participants under an approved IRB proto-
col through a local science, technology, engineering, and mathematics
(STEM) enrichment program, Empow Studios. Students were divided into
two groups, fifth through seventh graders (led by the Blakeley H. Payne)
and seventh through ninth graders (led by Daniella DiPaola). Each group


https://creativecommons.org/licenses/by-nc/4.0
https://creativecommons.org/licenses/by-nc/4.0

CONSCIENTIOUS CONSUMERS AND DESIGNERS OF Al TECHNOLOGIES 187

9.1 A group of fifth through seventh grade Al designers in front of their “Hopes+
Concerns about Al” mural.

also had a mentor from Empow Studios who assisted in classroom facili-
tation and was trained in the workshop material. These students had a
wide range of previous computer science experience, ranging from no
prior experience to more than seven years. Very few had ever formally
learned about Al. Given this varied background, we first had to answer
the challenge of how to bring middle schoolers from being uninitiated
to ethical designers of Al In the remainder of this chapter, we highlight
three different modules to show the range of activities and how middle
school students engaged with them.

WHAT IS ARTIFICIAL INTELLIGENCE?

The first activity in the curriculum is designed to help students identify
Al systems in their everyday lives. For simplicity, we ask students to look
for three components in an Al system: a dataset, learning algorithm, and
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a prediction. When students propose a technology that may be powered
by Al, we walk them through the following questions:

1. Is your system trying to predict something? If so, what?
2. What data does the system use to predict this?

At first, students were focused on the embodied examples of Al, such
as Amazon Alexa or a self-driving car. We nudged them to think about
more software or web systems, such as a spam filter on their email.

Once students were able to identify the parts of an Al system, we went
into a more detailed explanation of algorithms themselves, and how
specific objectives can be designed into them. Students learn that, like a
recipe, an algorithm is made up of a specified input transformed by many
specific steps to achieve a desired outcome. In introductory computer sci-
ence courses, students are commonly asked to write the steps to make a
peanut butter and jelly sandwich as a way to learn the specificity required
to construct a useful algorithm. We had our students do the same exer-
cise, but instead of writing instructions for a regular PB&J, we asked them
to find a partner and write instructions for the best PB&]J.

After the activity, we had students reflect on their recipes. We asked,
“If you could replace the word best with another word, what would you
choose?” A pair of students said the word best meant the most sugar,
and they added hazelnut spread, sprinkles, and marshmallows to a classic
PB&J. Another pair decided that best meant “most allergy-friendly” and
decided to omit the peanut butter from their recipe. Not surprisingly,
none of the students said the word “healthy” or “cost-effective,” but we
did brainstorm what that might look like, including a “healthy” PB&J
with bananas instead of bread.

Students could clearly see that, based on their definition of best, their
algorithms had very different outcomes from their peers. Once an algo-
rithm tries to optimize, it is essentially encoding an opinion about what is
important to prioritize. To quote the well-known Al ethicist, Cathy O’Neil,
“Algorithms are opinions embedded in code” (O’Neil 2017). In the same
way, Al and machine learning algorithms used in commercial products are
optimized for different objectives based on who creates them—in fact, they
are not as objective as we would like to think. Words like best are words that
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we commonly see used with software solutions, but it may mean very differ-
ent things from algorithm to algorithm. For example, Google search strives
to give the “most relevant” results, although relevant is not clearly defined.
Is “most relevant” the link that I will most likely click on? Is it what will
make Google the most money? Is it what will give me the answer I was hop-
ing for? Whatever it is, it is referred to as what the search engine optimizes
for. Just as Google gets to decide what their search engine optimizes for,
our middle schoolers got to decide what their PB&] sandwiches optimize
for. Words such as relevant and best are not neutral, and their definitions
change based on who is creating them. Algorithms hold the opinions of
their creators.

Then we pose the following challenge to students: How do we decide
what our peanut butter and jelly algorithms should optimize for? To aid in
decision-making, we introduced students to a tool called the ethical matrix.
Originally a tool used in bioethics, Cathy O’Neil has written about how
it can be used in the context of Al (O’Neil and Gunn forthcoming). An
ethical matrix is a 2-D table where stakeholders are listed on the y axis and
the values those stakeholders hold in the system are listed on the x axis.
Designers can then go row by column and identify where stakeholders’
values align and where they conflict. Designers can also identify which
conflicts in values may produce the most harm for any of the stakeholders
involved. In filling out the matrix, designers are forced to empathize with
multiple perspectives of a diverse set of stakeholders.

Our students brainstormed various stakeholders and values for PB&]J
sandwiches and practiced creating ethical matrices of various sizes. Stu-
dents identified stakeholders such as kids, parents, doctors, and supermar-
kets with values such as taste, health, cost, and efficiency. They compared
all stakeholder-value pairs to determine which stakeholders care about
various values (see example, figure 9.2). After they had laid out the matrix,
we asked them to decide on which value they should optimize for, after
reflecting on how stakeholders and values relate within the system. They
saw that depending on the particular stakeholders and values that they
accounted for, there were varied results. For example, a matrix with stake-
holders like parents, doctors, and dentists may value health more than one
with kids, teenagers, and supermarkets.
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Values

Nutrition

Parent

Stakeholders

Doctor

9.2  An example of a completed ethical matrix for PB&J with child, parent, and doctor
as the stakeholders.

SUPERVISED MACHINE LEARNING AND ALGORITHMIC BIAS

In the PB&J activity, students learn that algorithms can be optimized
toward subjective goals. Building on their learning, this activity shows
another way in which algorithms can produce nonneutral outcomes. In
an example of a “plugged” activity, we focused on a specific class of Al
algorithms called supervised machine learning. Supervised machine learn-
ing finds patterns by being shown labeled examples of data points. For
instance, a supervised ML algorithm may be given examples of emails
labeled as “spam” or “not spam” with the goal of classifying unseen emails
as “spam” or “not spam” in the future. Recent studies have shown that
many of these supervised machine learning systems—from facial recogni-
tion to hiring algorithms, to advertising algorithms—tend to predict worse
outcomes for members of minority groups. This phenomenon is called
algorithmic bias. A common reason for these biases comes from the data
that trains the algorithms. If a dataset underrepresents or incorrectly char-
acterizes a certain group, the algorithm will also mischaracterize that group
(Barocas and Selbst 2016). For example, it is known that many commercial
facial recognition algorithms meant to classify faces as male or female will
misidentify darker-skinned female faces as male faces because of the fact
that these algorithms were trained primarily on lighter-skinned male faces
(Buolamwini and Gebru 2018). In this way, classification systems that are
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trained on historical data that encode societal biases will perpetuate those
same biases.

Often these supervised machine learning classifiers are referred to as
“neural networks.” To demonstrate how a neural network is trained, how it
works, and how it can lead to algorithmic bias, we utilized Google’s Teach-
able Machines platform. Teachable Machines has an easy user interface that
allows students to train a deep neural net classifier by taking or uploading
photos or audio. Without any code or even any typing, students can train
an algorithm in a matter of minutes. This opens up the possibility for many
more students to play with the pieces of a machine learning algorithm,
manipulate them, and see how they impact the performance of the code.

During the workshop, we had students create their own classifier sys-
tem using a training set of provided cat and dog images. The goal of the
classifier was to distinguish between pictures of cats and pictures of dogs.
However, unknown to the students, the provided training dataset was
biased. It contained more images of cats than dogs, and the images of cats
contained a greater variety of breeds than did the images of dogs. After the
training period, we gave students a new collection of cat and dog images
to test out their classifier. After testing out each image of a cat or dog, the
students recorded whether the algorithm correctly classified the image,
and at what confidence level their classifier performed (figure 9.3). From
this data, students quickly realized that their systems worked much better
on cats than dogs. They were then tasked with re-curating their train-
ing datasets to produce fairer outcomes between cats and dogs. Students
decided to include an equal number of more diverse cats and dogs and
found that their algorithms worked much better.

Next, we showed the students a video about Joy Buolamwini’s “Gender
Shades” work on algorithmic bias in facial recognition systems (MIT Media
Lab 2018). Buolamwini explains that many facial recognition systems work
better on pale skin and male faces and work especially poorly on darker-
skinned female faces. We asked the students what they would do if they
were in charge of improving the system. Many students responded that
they would create a dataset that was much more representative of all skin
tones and gender. They were able to make the connection between the
simple cat and dog classifier and the advanced face recognition systems
used in commercial settings. If the system works better for one group than
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9.3 A group of students test their classifiers and record the confidence level for each

item of test data.

another group, changing the training data to be more representative is one
method designers can use to improve the system to make it behave more
equitably.

The importance of this topic became deeper for the students as they
watched live as Buolamwini testified before Congress, which serendipitously
aired on C-SPAN during the workshop. Buolamwini answered questions on
how facial recognition systems worked and why they were biased toward
specific groups of people. Students were not surprised by her answers, but
they were surprised that members of Congress were not aware of the impact
of these technologies. Our students were able to see that what they were
learning in our workshop had real implications for what was happening in
the world around them. At the end of the day, one child reflected on what
they had learned: “I still think that facial recognition is not fair, because they
still—these companies have not changed the fact that . . . it only works properly
for adults that are males and are pale white. And it’s not fair to people with col-
ored skin or like younger people or people who are girls.”
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REDESIGNING YOUTUBE

In the last days of the workshop, the final activity is a collaborative paper-
prototyping project where students are tasked with redesigning the You-
Tube recommendation algorithm. Working in pairs, students were asked
to first identify stakeholders invested in YouTube’s recommendation algo-
rithm and the values those stakeholders hold. Next, they created an ethi-
cal matrix for their own system design, similar to those for PB&]J at the
beginning of the week. After creating a matrix, students were asked to
discuss it and use their conversation with other student pairs to identify
the goal of their new system and provide a rationale for that goal. Some
examples of these matrices can be found in figure 9.4.

This work guided students in paper-prototyping their new YouTube
design. In the same pairs, students were provided craft supplies and
worked together to draw out a new version of YouTube with features that
served their identified goal. They used these initial drawings to get feed-
back from other classmates. Peer feedback guided changes made for the
final paper prototypes (figure 9.5).

Stakeholder-value pairs from the ethical matrices were recorded and
summed across all students. The stakeholder-value pairs that guided the stu-
dents’ redesigns were YouTube-money (9), kids-entertainment (7), YouTubers-
money (6), YouTube-entertainment (6), and Youtubers-entertainment (6).
These responses are visualized in figure 9.6. These pairs were used to deter-
mine the goals for the recommendation algorithm. The most common
goals for the system were entertainment (6) and profit (2). Most students
chose goals that aligned with the most stakeholder-value pairs: “because the
most stakeholders have the value of entertainment.” Others took a more
nuanced path, such as one group that justified their decision to optimize
for profit: “YouTube and YouTubers can use the profit to increase the qual-
ity of the site and videos.” Many students identified more than one goal
for their system, such as being entertaining while also being kid-friendly:
“lour design will have] all kid-friendly videos that will make you laugh and
any inappropriate content will be deleted.”

Next we spotlight three examples of student projects.
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9.4 Examples of ethical matrices for the YouTube Redesign Project. The image on the

top decided to optimize for “good content,” and the image on the bottom chose to
optimize for “profit.”




CONSCIENTIOUS CONSUMERS AND DESIGNERS OF Al TECHNOLOGIES 195

9.5 Student drawing out a paper prototype for the YouTube Redesign Project.

Value
Stakeholder Money Entertainment Safety Ads Popularity Other

Kids

YouTubers . .

Advertisers

YouTube . = .

Viewers
Parents
Adults
Sponsors
Media

Doctors

9.6 A heatmap of stakeholder-value pairs for the YouTube Redesign project. Darker
and larger shapes denote pairs that were used most often.
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PROJECT 1: OPTIMIZING FOR PROFIT

This rising seventh grader and eighth grader decided that YouTube should
maximize profit. They identified YouTube, YouTubers, viewers, and adver-
tisers as their stakeholders with the values of profit, quality of videos,
recommendations, and appropriateness. Like previously mentioned, stu-
dents chose this goal because “YouTube and YouTubers can use the profit
to increase the quality of the site and videos.” Their paper prototype, seen
in figure 9.7, shows features including additional ads in the sidebar or the
inability to skip through ads in videos.

PROJECT 2: OPTIMIZING FOR ENTERTAINMENT

This pair of rising fifth graders decided to optimize their new version
of YouTube around entertainment. Students identified YouTube, Kkids,
parents, and advertisers as their stakeholders along with the values of
money, educational, good content, and fun, where most stakeholders
were interested in “good content.” The students wrote, “We decided on
this goal because having fun is very fundamental but being appropriate

9.7 Student shows her “profit-maximizing” YouTube prototype.
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is also needed.” When asked how they would achieve this goal, the stu-
dents wrote, “We would also teach it to give us clean content or videos
that don’t have swears. It will have a child safety mode to make sure
there are no swears or inappropriate content.” Their paper prototype is
pictured in figure 9.8 and includes features like a slider, where users can
choose levels of “rudeness” that appear in their videos and a child safety
setting.

PROJECT 3: OPTIMIZING FOR TIME WELL SPENT

This pair of rising eighth graders decided to optimize for a version of
YouTube that was less addictive or as the students wrote, “[Users] are also
aware of how long they spend on the platform.” This group identified
a number of non-Al features that could help achieve this goal, such as
“screen pops up after an hour of usage” or “can set a time limit.” Their
paper prototype appears in figure 9.9.

[
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9.8 An example of “Entertainment” YouTube. Students put filters on the left side of

the webpage to help the user tweak what they would like to see.
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9.9 An example of “Time Well Spent” YouTube. The first image shows a pop-up win-
dow that lets the user know how long they have been on YouTube. The second picture
shows the home page. The bottom right sticky note reads, “This shows a history of
recently watched videos and time spent on YouTube session.”
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SOCRATIC SEMINAR

During the week of our workshop, the Wall Street Journal published an
article about the children’s content on YouTube. With so many known
consumers being minors, the FTC was pushing for YouTube to create a
separate app to house all kids’ content to be compliant with federal laws
such as the Children’s Online Privacy Protection Rule, commonly known
as “COPPA.” This new, hypothetical app would collect less data, remove
ads, and remove the AutoPlay feature.

We abridged the article and read it out loud with our students. Since
the results from this case could very well change the way that they use
YouTube, we were curious about their reactions and how they might
apply their ethical design skills to this real-world situation. We opened
up the conversation by asking about the various stakeholders involved
with the article. Kids were able to identify many stakeholders, includ-
ing Google executives, Google as a company, kids, parents, consumers of
YouTube, and advertisers. When we asked them whom the most impor-
tant stakeholder was, many said the kids impacted by the FTC’s ruling:
“Because it’s a lot about the safety of kids and what they watch because Kids get
easily influenced. So when they see something’s happening around them, they
obviously think, ‘Oh, they’re more experienced; we should copy whatever they’re
doing.” So, it could be really bad; that’s why they take a long time to make sure
everything’s cautious and there’s no bad content that could get released into the
world of children.”

One student mentioned that Google is a big stakeholder as well. “I
think Google would be like one of the major ones because, for one thing,
it’s making lots of money on YouTube.”

We asked the students if they thought that YouTube should move
forward and move all of the content. The majority of students thought
yes, they should. One student thought that kids’ safety was a reason to
move it, “because then even if YouTube doesn’t make as much money as
they used to, it’s still important that kids don’t watch grown-up stuff.”
Another thought that YouTube would actually lose viewers and money
if they didn’t move their content over: “It’s good to have a separate app,
because less people might start watching it, if they don't.”
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One student thought YouTube should keep things the way that they
are because they might lose money if they moved everything to another
platform. This student thought that there was a problem with content,
but recommended an alternative fix: “I think this would be a bad thing.
Because, YouTube would be losing a lot of money. And the way that they could
fix it is add a different setting. Maybe find a better way to do the restrictive
mode, or something like that. Or add another setting that would help restrict,
like a child mode setting that will only have, that would send them to a different
part which is all kids’ videos.”

Regardless of their view on the situation, we asked students how they
would feel if their parents forced them to use the YouTube Kids app
instead of the regular app. Many expressed frustrations and felt like they
could maturely handle the content on the app as it was: “I would feel like,
‘Shucks.” Because, I've been using YouTube a very long time. And I didn’t even
know what YouTube Kids was until a couple weeks ago . . . And so it’s like 1
don’t know. People just totally . . . now you have to go to this new app called
YouTube Kids now. I'd be very confused. I also, if I didn’t know that at first,
I'd just be looking around YouTube for my favorite channels and videos that |
watch, and be like, ‘Where’d they all go?"”

Perhaps one of the most important parts of the discussion happened
when children were able to identify the different outcomes of new poli-
cies and features: “I would remove AutoPlay because it was, when it first came
out . . . People’s definition of what’s mature and what's not mature is different.
It would feel like a more . . . Well, I'm kind of split on the issue. It would be a
much more simple and easier decision to just remove the AutoPlay. That way, a
kid and parents could choose at will what they want to watch. But then, again,
moving it all to a safer site will generally be more secure. You feel more secure.”

This discussion allowed students to apply what they had learned to a
concrete, timely, and relatable societal issue. Students had studied how
the AutoPlay feature worked, how to identify the stakeholders and their
values related to YouTube, and how to modify a design to change those
stakeholders’ interactions with the system.

A few months after the workshop Google and YouTube settled the
lawsuit for 170 million dollars and an agreement that they would no
longer collect data for videos labeled for children (“Google and YouTube
Will Pay Record $170 Million for Alleged Violations of Children’s Privacy
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Law,” Henderson 2019). Some of the students’ concerns were addressed
in the lawsuit, such as feeling safer that they will not get content that is
too mature for them, yet still accessing videos through the familiar You-
Tube site. Other student concerns, such as the impact of these changes
on content creators, remain hotly debated (Ray 2019). We are interested
in following up with students to understand their perspectives on this
recent change.

CONCLUSION

The first day of our workshop, some students came in with high-level ques-
tions such as, “What is AI? How does it work?” and “What are examples of
Al that we use in everyday life?” The students who had more specific defi-
nitions of Al often included science fiction references, such as the charac-
ters Hal from 2001: A Space Odyssey and Jarvis from the Iron Man franchise.
Their understanding of Al was limited to far-off dystopian narratives, yet
they were using these technologies daily. Through the workshop, we were
able to help them identify Al, understand how it works, and give them the
tools to design it to be more equitable.

Al can be complex, but we chose activities and technologies that the
students were already familiar with, like YouTube. It was evident that when
students arrived, even though they knew little about Al, they held exper-
tise on the topic of YouTube. Students could name their favorite content
creators and name ways in which YouTube’s recommendation algorithm
either assisted their favorite content creators or disadvantaged them. How-
ever, many students did not realize that the recommendation algorithm
was a form of AL

Once we redirected them to talk about Al technologies in terms of a
system that they were familiar with, their conversations about ethics of
Al were much more focused and realistic, and at times quite nuanced. As
they were exposed to the curriculum, we saw their conversations transi-
tion into discussions around fairness and equity in their daily technical
tools and that they were capable of empathizing with a broader set of
stakeholders.

We observed increasingly more questions about agency as the students
became confident in their ability to identify the positives and negatives
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of various Al systems. They expressed interest in systems that would ben-
efit many stakeholders: “I hope Al benefits everybody, not just one or two
groups of people.” They began to question others’ knowledge of these sys-
tems as well. One student reflected on watching Congressional hearings
and asked, “Why does Congress not know about today’s modern tech?”

As students reflected on their week at the workshop, we saw their new
understanding of AI and its impact on society change their feelings of
agency over the Al-enabled technologies they use. Many students expressed
interest in presenting their ideas to various stakeholders, especially when
it came to their YouTube redesign project. Our activities throughout the
week became a means for them to question, vocalize, and create the socio-
technical systems that they would like to see. One student commented, “I
wonder if my parents will like my YouTube redesign,” while another ques-
tioned, “Will YouTube pay attention to our ideas?”

Our students came in with a wide range of exposure to technical con-
cepts as well as practical experience with coding. For some students, the
prospect of enrolling in an Al course with no prior knowledge was intimi-
dating. The parents of one student, Sarah, approached the instructors at
the beginning of the week to say, “I want you to know my child is a
little nervous about having no coding experience. She thinks she’ll be
behind, but she is excited about the societal impact of things.” However,
the curriculum was designed in a way that any child, regardless of back-
ground, could understand and contribute to the activities. The activities
were also designed to work with a variety of learning styles and interests,
including some that used computers and others that relied on creative
writing or drawing. We feel that the students not only could grasp the
material we were teaching, both ethical and technical, but were able to
apply it to the technologies they use every day. This was evident during
the last day of the workshop, where students presented their YouTube
Redesign projects to their parents and members of the MIT community,
often highlighting the processes they took to get to their final product.
The YouTube Redesign Activity was successful because students were able
to create a prototype based on what they had learned. We recommend
including more hands-on, project-based activities in future iterations of
this curriculum. While the unplugged nature helped students to initially
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grasp concepts, many students were excited by the idea that they could
continue to learn about Al through a more technical course. At the end
of the course, Sarah’s parents returned to say, “She loved it and wants to
sign up for a more technical course next time, especially something that
might involve web programming.”

As students build on their knowledge of Al through technical courses,
we encourage educators and education policymakers to ensure that ethics
is embedded in the course requirements. We saw the impact of a focus on
ethics in our final YouTube projects, where students’ outcomes took mul-
tiple perspectives into consideration. The implications of doing this kind
of work is not only to make children more Al literate but also to change
the norms and culture associated with the technology industry. Educa-
tion practices that promote perspective taking and thinking about con-
sequences will lead to expectations by the public that industry designers
and engineers will draw on these same skills.

The shift in students’ thinking from being consumers to conscientious
users of Al-enabled apps and services brought with it a new level of opti-
mism around the future of Al. Through our activities, we were able to have
deeper conversations about philosophical topics such as fairness, bias,
and perspective taking. Al became a tool for us to ask the question, “What
kind of world do we want to make?” Students were able to reflect on the
world as it is and were given the tools to design it to be what they wanted
it to be. They were not only capable of understanding the larger implica-
tions of Al, but they had excellent ideas on how to improve it to make a
more inclusive and just world.

For your own use, the materials used in this workshop can be found at
bit.ly/mit-ai-ethics.
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ROBOTICS PROBLEM SPACES

Computational thinking (CT) is an integral aspect of learning and work
in the science, engineering, technology, and mathematics (STEM) fields
(Lee et al. 2020). Indeed, the Next Generation Science Standards (NGSS)
(2013) have defined mathematics and CT as one of the eight core disci-
plinary practices of science activity. Robotics is a robust learning environ-
ment that supports the development of CT and science literacy (Sullivan
2008; Sullivan and Heffernan 2016). Foundational to robotics learning is
integrated interaction in the three problem spaces typical of all robotics
learning environments, including the device itself, the screen-based pro-
gramming environment, and the actual physical environment in which stu-
dents are testing their robotic device. This chapter begins with a description
of each of the problem spaces, individually, and proceeds with examples of
student learning drawn from fifteen years of research on the topic. Specifi-
cally, I discuss student engagement in both science literacy practices (e.g.,
systems thinking, inferential reasoning) and CT practices (e.g., abstraction,
creative problem solving, and algorithmic thinking) as both are supported
by engagement in robotics learning. The chapter concludes with thoughts
for future research directions. These observations derive from both cogni-
tive and sociocultural viewpoints, with early work grounded in task analysis
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and mental representations (Roth 2001), and later work grounded in a
socio-cultural framework (Vygotsky 1978).

THE FIRST PROBLEM SPACE: THE ROBOTIC DEVICE

We have focused primarily on using the LEGO Mindstorms robotics kit
with students. Therefore, in this chapter, I describe this device as the first
problem space. However, any robotic device that includes the same ele-
ments as the LEGO kits will support student learning in the same way. A
micro-computer, called a brick, is at the heart of the LEGO Mindstorms
kit; the brick was developed at the MIT Media Lab in the mid-1990s (Resn-
ick et al. 1996). This brick, which is in its third iteration, is currently called
the EV3. The EV3 is a device that can fit into the palm of an adult’s hand
(see figure 10.1). The brick has four ports in which output devices, such as
servo motors, can be plugged in with connecting wires, and another four
ports in which input devices, such as digital sensors, can be connected.
There are three motors that come with the kit, two large motors and
one small motor. The larger motors are typically used when children are
building a vehicular robot. Once the vehicular robot is constructed, the
motors are attached to wheels, and as the motor spins, so do the wheels.
The third, smaller motor can be used to operate a robotic arm that may
be affixed to the vehicular robot. While building a robotic vehicle is a
popular approach, many other types of machines can be built with the
materials.

In addition to the brick and the motors, each robotic kit comes with
several digital sensors, including a color sensor, a touch sensor, and an ultra-
sonic sensor. These sensors can be used in one of two ways (both of which
are important for science inquiry and are discussed in greater detail later).
The first mode is a data collection and display mode; the second is a wait-
for mode that can trigger a specific event, once a threshold has been met
or crossed. The kit also includes a number of LEGO pieces, called Technics,
which fit together around the brick and the motors to create any number
of structures or vehicles.

The design of the robotic device is dictated by the challenge that stu-
dents are attempting to solve. As noted previously, often a robotic vehicle
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10.1 The LEGO Mindstorms EV3.

is constructed and sensors are then added to the vehicle to aid in navi-
gation. For example, the ultrasonic sensor measures the distance between
the sensor and objects in its path; using this sensor, a program can be
written that will allow the robot to circumnavigate obstacles in the room.
The design of the robot as a problem space revolves around accurate design,
physical construction, and correct wiring of the motors and the sensors.
While students may initially develop a robotic device that they think is
adequate, through the process of working out a solution to the given chal-
lenge, students will often need to revise their design. So, while we may
think of the design of the device as the first problem space, it is a prob-
lem space that is returned to throughout the duration of problem-solving
activity.
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THE SECOND PROBLEM SPACE: THE SCREEN-BASED
PROGRAMMING ENVIRONMENT

At this point, several types of software can be used to program the
LEGO EV3 robot: the actual software created by LEGO called LabVIEW
for LEGO MINDSTORMS (LVLM); an extension that can be used in the
2-D animation and game programming environment, Scratch (Scratch,
n.d.); EV3python; RobotC; and other programming environments (LEGO
Engineering, n.d.). For the purposes of this chapter, I focus our discussion
by drawing examples from LVLM. LVLM (see figure 10.2) is designed as a
drag-and-drop, block-based programming environment. It provides action
blocks for programming output devices (motors, sound, display, and/or the
brick light), flow control blocks for programming wait for loops and sen-
sor triggered events, sensor blocks for additional programming of sensors

200 LEGO MINDSTORMS Education EV3 Student Edition

[o R Y NepFloUltrasonic.ev3 X [EElrd B (abViEW

Z{GProgramx + 3 u@[%]‘ Qi CE]

- loJcA':n lo_]4|7

Dﬁnqgﬁ r®®g
X U@l i v i

Ll T 1T 1 1 5 Bowe
= S m No Brick Connecte:
¥ @ "il Iﬁ' I“”I 2®a -9’(. ’
(=] = } J :s% = ‘:% 2

10.2 The LabVIEW for LEGO Mindstorms (LVLM) programming environment.

m
A €2 L ks
‘ 3 l|




ROBOTICS FOR COMPUTATIONAL THINKING AND SCIENCE INQUIRY 213

including data collection, data operations blocks for working with data
that have been collected, advanced blocks (including message blocks, and
Bluetooth-enabled operations), and finally a “My Blocks” section, where
users can create their own blocks.

In addition to the programming blocks, the software includes a utility
in the bottom right-hand corner of the interface that, when the EV3 is
connected to the laptop, allows the user to quickly verify which ports the
motors are connected through, which port a sensor is connected to, and
whether that sensor is actually reading environmental data. This, along
with a context-sensitive help utility, which can be selected from a drop-
down menu, allows students to learn about the programming environ-
ment and also verify that all parts of the robot are functional.

THE THIRD PROBLEM SPACE: THE PHYSICAL ENVIRONMENT

For the purposes of this chapter I describe a specific environment, devel-
oped by the FIRST LEGO League, which is an international, nonprofit orga-
nization that publishes a thematic robotics challenge and holds regional
robotics events each year in which children participate. While this is a spe-
cific physical environment, the reader should bear in mind that robotics
environments can be created in any room, and/or one could do robotics
outdoors. Indeed, any physical space could be a potential robotics envi-
ronment. The FIRST LEGO League challenge map is four feet wide by eight
feet wide, which can be laid on the floor or set on a table with similar
dimensions. The challenge map comes with specific pieces that are placed
in specific spots on the map. For the purposes of this chapter, I provide
an image of one such challenge map created by the FIRST LEGO league
(2011). This challenge map was used in 2011 and is known as the Food
Factor Challenge (see figure 10.3). In this challenge, children were tasked
with completing specific large-scale food production robotic tasks on the
challenge board, while considering the environmental effects of such pro-
duction (e.g., the long-term effects of over-fishing). The board consists of
fifteen different challenges. All of the challenges include a description of a
real-world problem that the challenge attempts to solve.
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10.3 The Food Factor Challenge Board by FIRST LEGO League.

LEARNING IN THE MULTIDIMENSIONAL PROBLEM SPACE

From a Vygotskyan (1978) perspective, students learn in the robotics
environment through interaction with the tools and dialogue with each
other and the teacher. It is important to note that the learning outcomes
described in the following pages are made possible through a pedagogical
approach that affords open-ended, collaborative learning. It is children’s
free movement within the space that also contributes to their learning
(Dewey 1938/1997). In other words, while children should be given a
specific challenge to solve, within the activity itself, children should have
freedom to explore various solutions and various approaches. It is through
collaborative exploration that children are able to engage in practices
that support their learning. In our research, we have found support for
student learning and growth in the following areas: systems learning, sci-
ence literacy, inferential reasoning, abstraction, creative problem-solving
(including the role of play), problem-solving strategy development, and
computational concepts (Sullivan 2008, 2011; Sullivan and Keith 2018;
Sullivan and Lin 2012; Sullivan, S6ken, and Yildiz 2019). This learning
and growth are supported by the design affordances of the multidimen-
sional robotics environment. I address each aspect of learning with robot-
ics in turn.

SYSTEMS LEARNING
A system is defined as a collection of parts or processes (Penner 2000).
Hmelo-Silver, Holton, and Kolodner (2000) define a complex system as
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one in which part of a system interacts with other systems; to understand
a complex system, students must engage with the “causal interactions and
functional relations” (p. 248) among systems. The three problem spaces
that make up the robotics learning environment function as a complex
system (Sullivan 2008). This is so because each problem space can be seen
as a system in its own right. And, while the problem spaces are tightly
coupled to create the learning environment, one must often master and
troubleshoot errors in each system, as well as across the complex system,
to solve challenges. For example, students often build a vehicular robot
with the LEGO pieces and wheels when they are working with robot-
ics. If the vehicle is constructed poorly, it will affect the performance of
the entire system. Therefore, students would need to work on fixing the
building error to continue with any challenge solution.

Meanwhile, the program may contain an error that prohibits it from
executing when transferred to the robot. In this instance, the feedback
students receive is simply no feedback: the robot will not execute the pro-
gram, it will not move. Students then must return to the programming
space to puzzle through the error. Importantly, students are learning about
the robotic system through these debugging activities. In this way, it is
easy to see how learning to think computationally (debugging a robotics
problem) is connected to science inquiry (learning about systems). In our
prior research, we found that students’ understanding of systems improved
after a long summer course in robotics. A total of twenty-six fifth-grade stu-
dents, ages ten to twelve years, worked in a three-week, 105-hour robotics
course. Results on a systems thinking test created by Cooper (2004) indi-
cated that students’ ability to think about systems improved significantly
from before to after (Sullivan 2008).

SCIENCE LITERACY

Science literacy has been variously defined as the ability to engage in the
activity of inquiry, including “making observations, posing questions, plan-
ning investigations, reviewing what is already known in light of experimen-
tal evidence, using tools to gather, analyze, and interpret data, proposing
answers, explanations, and predictions; and communicating the results”
(National Research Council [NRC] 1996, 23). Science literacy as defined by
the Next Generation Science Standards (NGSS 2013) includes knowledge of
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disciplinary core ideas (specific to each area of science), science and engi-
neering practices (including the practices identified previously by the NRC),
and cross-cutting concepts (including concepts that apply to all domains of
science). In robotics learning environments, students have the opportunity
to engage in many of the practices defined by the NRC and the NGSS. In
our prior research (Sullivan 2008), we identified some of the cross-cutting
concepts students engage with, including cause and effect, systems and sys-
tem models, and structure and function. For example, we found that the
feedback loop created by the activity of writing and executing programs on
the robotic device (problem spaces one and two) support student engage-
ment with cause and effect, whereas building a robotic device to carry out
specific tasks in a specific environment (problem spaces one and three) sup-
ports engagement with the concepts of structure and function. Finally, as
noted earlier, students engage with and improve their understanding of the
concept of systems as they work in the robotics learning environment (Sul-
livan 2007, 2008).

The NGSS (2013) refers to science and engineering practices as includ-
ing observing, questioning, and planning, as well as designing, testing
designs, analyzing results, and modifying the design accordingly. Impor-
tantly, these practices fall well within the CT construct as defined by other
researchers (Barr and Stephenson 2011; International Society of Technol-
ogy in Education and the Computer Science Teaching Association 2011).
For example, planning is an aspect of problem-solving; designing is an
aspect of programming activity; and testing designs, analyzing results,
and revising designs constitute debugging activity.

In prior research, I identified a very regular set of activities that stu-
dents engage in while working with robotics, which I have termed the
troubleshooting cycle (TSC) (Sullivan 2011). The TSC consists of designing
and building the robotic device, writing a program for the device, testing
the program, diagnosing errors, debugging the program, and/or revising
the design of the device, and retesting the program. This iterative practice
encompasses action and interaction across the three problem spaces. The
duration of a TSC is variable, it can last a few minutes, several minutes, or
longer. However, the actual troubleshooting activity is very stable, it always
consists of these six activities, and so it is an excellent unit of analysis
for educational research; it can also serve to organize and support student



ROBOTICS FOR COMPUTATIONAL THINKING AND SCIENCE INQUIRY 217

learning and activity. For example, in one curricular implementation we
studied, the teacher developed a note-taking worksheet that prompted stu-
dents to record their trials, including what the students did, the problems
they encountered, and their solutions to the problem. This worksheet is
akin to a researcher’s journal (Sullivan 2007). The troubleshooting cycle is a
computational activity that is clearly an aspect of science and engineering
practice as identified by the NGSS.

INFERENTIAL REASONING

As noted in the NGSS, “cause and effect” is a cross-cutting concept in sci-
ence. In our research, we have found that interaction across the three prob-
lem spaces of robotics supports both hypothesis development, through
debugging activity (Sullivan 2008), and inferential reasoning with data
collected by sensors attached to the robotic device (Sullivan, S6ken, and
Yildiz 2019). Indeed, we have found that the sensors play an instrumental
role in supporting student engagement in science and engineering prac-
tices in the robotics setting. The sensors are designed to monitor and/or
collect data in the physical environment (the third problem space). The
robotic device can be programmed to respond to a specific result when
sensors are used to monitor the environment. The device can also be used
as a means of collecting, storing, and then transmitting data to another
device. In this way, the device, equipped with a programmed sensor can
function as a scientific instrument for data collection.

We conducted a study in a sixth-grade science classroom, in which
we followed a focal group of students as they worked to solve challenges
that centered on heat and light energy topics (Sullivan, Soken, and Yildiz
2019). The students in the study were twelve years old; they were work-
ing with the second LEGO iteration of the brick (called the NXT) and a
programming environment created at Tufts University called Robolab.
Robolab is equipped with science investigation utilities, including a data
graphing capability that allowed students to interpret the data numeri-
cally or through creating various graph-based visualizations of the data
(see figure 10.4). The challenge the students were solving in this class
was called Cave Explorer. This challenge asked students to explore three
simulated cave environments to find out which one may be the most
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10.4 Screenshot of the Robolab Datalogger.

comfortable to sleep in; the three simulated caves were actually three
cardboard boxes, prepared with varying levels of light and heat inside.
Students designed their robots with light, heat, and touch sensors and
programmed them to navigate into the caves, collect data, and navigate
back out. Table 10.1 presents a conversation among the students as one
of them makes an inference from the data collected by the light sensor
for one of the caves.

As can be seen in table 10.1, S makes an observation related to the
differences in the numerical readings and then she makes an inference
about where the data was collected. In line one, S has decided that the last
three collected readings were collected outside of the cave, because of the
numerical difference in the first three numbers as compared to the rest of
the numbers in the data readout. Each of the “caves” was darker than the
actual classroom itself. So, she infers that the light readings that were sig-
nificantly higher in number were collected outside of the cave. Meanwhile,
J interprets the last two readings as being outside the cave. In line seven, S
notes that it is not just the last three but also the first light reading that was
taken outside of the cave. In line 12, S begins to explain her reasoning to I
(the third student in the group). While S is consistently interrupted by J, we
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Table 10.1 School A student discussion—Making inferences from numerical data

Line | Speaker | Utterance Researcher interpretation

1 S: The, the last three [readings]| Sara reads a numerical
are from outside. presentation of the collected

light data and makes an
inference based on it.

2 J: What? Javier asks Sara to repeat

herself.

3 S: The last three make, I think Sara repeats the comment
they’re from outside because and expands with some
you know how when they reasoning.
came out there was two
separate readings?

4 J: No, the last two. Javier interprets the data

slightly differently.

5 S: The last three. Sara repeats claim.

6 J: The last two. Javier repeats claim.

7 S: Three and then the first. Sara continues to read the

displayed data and interpret.

8 J: Mister we got five hundred and | Javier asks the teacher a
two readings, why? question about the printout.

9 S: Yeah. Sara affirms question.

10 T: Oh, you got (?) Teacher remark is partly

unintelligible.

11 J: You do it go and do it. Javier instructs Sara to

continue.

12 S: Yeah, you know you're inside Sara interprets the readings
you’re inside look, look he for Ilana.
came out Ilana this . . .

13 J: No don’t (show it her) cause Javier interferes with Sara’s
she’s gonna say that’s not interpretation to Ilana.
gonna work.

14 St Look at this look at the light. Sara continues interpreting.

15 J: It’s not gonna work. Javier continues to interfere.

16 St These two are from outside. Sara continues interpreting.

17 J: It’s not gonna work. Javier continues to interfere.

(continued)
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Table 10.1 (continued)

Line | Speaker | Utterance Researcher interpretation

18 S: And then . .. Sara continues interpreting.

19 J: It’s not gonna work. Javier continues to interfere.

20 I: So, we got to do it all over Ilana expresses confusion
again? between Sara and Javier’s

comments.

21 J: No. Javier continues to interfere.

22 St And then these last these last Sara continues interpreting
three are from outside, and so | and suggests the last cave
feels right. “feels right.”

can see that in lines 12, 14, 16, and 22, S points out to I how the amounts
of reflected light are different and how that indicates where the readings
were taken. In this example, it is possible to see that S is making inferences
from the data. She is engaged in deductive reasoning from the data, and
she is engaging in the cross-cutting concept of cause and effect—since the
device is outside of the box, the light readings are higher. This is a powerful
learning moment for these students that included both CT and science lit-
eracy elements. It is made possible by virtue of working in the multidimen-
sional problem space of robotics; each of the problem spaces mattered in
this interpretation, the designed device, the data read-out (part of problem
space two), and the physical “cave” in which the robot collected data.

ABSTRACTION

In addition to supporting systems thinking and science literacy practices,
the multidimensional problem space and iterative nature of robotics sup-
port the process of abstraction. Abstraction is an important computational
concept. Abstraction refers to the stripping away of detail to reduce the
complexity involved in a problem. The goal in abstraction is to identify
the generalizable elements of a problem, which may be seen as founda-
tional. It is when the foundational elements are clear that new represen-
tations of the problem can be developed, and these new representations
can help lead to solutions. The three problem spaces of the robotics learn-
ing environment support abstraction in an after the fact mode. This is so
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because the physical robot and physical environment constitute 3-D rep-
resentations of the problem, and the 2-D programming space offers an
abstract representation of the 3-D movement of the robot. While work-
ing in the troubleshooting cycle, students move back and forth between
the 3-D challenge environment and the 2-D programming environment.
As they do so, they reason about the program they have written and the
movement of the robotic device. In this way, the shift in attention, back
and forth between the 2-D representation to the 3-D representation, sup-
ports students’ model development and abstract thinking ability. Since
the 2-D environment is provided to students, they do not have to create
the abstraction (hence the after-the-fact mode). However, they do need to
learn how to interpret the abstraction, and this work is supported by the
3-D aspects of the activity.

We have observed this behavior over and over again in our work.
To demonstrate the phenomenon, we provide a vignette from a recent
study (Sullivan and Keith 2018). Seventeen girls (ages eight to fourteen)
participated in this case study. The case study focused on girls learning
robotics in a one-day introduction to the FIRST LEGO league. Students
worked collaboratively in groups of two or three to solve the challenges
provided. Table 10.2 presents a short vignette featuring a conversation
that one focal group of students had as they worked to solve a challenge.
The conversation begins at the challenge board (lines 1 to 8), as the group
observes the functioning of the robot, and continues as they move back
to their worktable, where they were programming their robot.

As can be seen in table 10.2, the vignette begins with the students test-
ing their robot. It does not work completely (lines 2-8), so they diagnose
the problem, and then they move back to the 2-D representation and, as
can be seen in line 17, L gesture and talk through what each icon programs
the robot to do. While they are talking through the program, they are
thinking back to what they just saw happen on the 3-D challenge board.
In line 18, F pinpoints the block she believes should be programmed dif-
ferently. It is this same activity that supports the students’ ability to think
more abstractly about the problem—each time the students execute the
program, they must re-examine the icons used to program the robot to
gain a better understanding of how to revise the program. This constant
interplay between the 2-D and 3-D aspects of the activity provides students
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Table 10.2 Abstraction dialogue
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Researcher

Line | Student | Utterance Location interpretation

1 L: Okay, try that, I think | Challenge Three students stand
that might have been | Board around the game board
what we have. to test their executable

program.

2 F: Yeah, I think we just Challenge Possible solution is
need to make that Board forwarded by F.
distance longer. What? F is surprised by the
Okay. robot’s movement.

3 L: Well . .. Challenge L makes an utterance

Board while watching the
robot.

4 F: No. Challenge F articulates the failure

Board of the program.
5 S: It’s crashing. Challenge S narrates the
Board movement of the robot.
6 F: Alright let’s fix that. Walking F suggests group
toward work | activity.
table

7 L: Okay, what do we Challenge L asks aloud what needs
need to switch? Board to be done.

8 S: Okay, we need to make | Challenge S offers a potential
things that when Board solution.
it goes that way it’s
longer.

9 F: Yeah, we need one of | Walking F agrees with S's
the distances to be toward analysis.
longer. worktable

10 S: Haba Worktable S tries to sit in F’s chair.

11 F: S! Worktable F asks S to move

(with tone implies S
should quit fooling
around).

12 L: S! Worktable L agrees with E.

13 S: Sorry. Worktable S apologizes for lack of

focus.
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Table 10.2 (continued)

Researcher
Line | Student | Utterance Location interpretation
14 F: Come on. Worktable F asks S to refocus.
15 S: Okay, so what are we | Worktable S refocuses.
doing?
16 F: Uh... Worktable F begins a verbalization.
17 L: So it goes forward, Worktable L (looking at the
turns, forward, turns computer screen) thinks
when, when does it go aloud and moves her
wrong? hands as if they were
the robot moving across
the table.
18 F: I think it was that Worktable F (pointing at the
one. screen) points at the
block that needs to be
programmed differently.

with strong supports for developing the ability to program and to think
abstractly about the movement of the robot. Essentially, the 3-D activity
of testing the executable program on the challenge board transforms stu-
dent understanding of the 2-D programming icons. In this way, the three
problem spaces work together to support learning about abstraction.

CREATIVE PROBLEM-SOLVING

In addition to supporting engagement in CT and science literacy prac-
tices, other modes of learning are strongly supported by robotics. These
modes include play and creativity. Both of these modes of interaction sup-
port student engagement in problem-solving and learning with robotics.
I argue that robotic devices are inherently playful; typically, the robotic
device spurs student curiosity, and observing the movement of the device
immediately raises a number of questions in students’ minds about what
the robot is and how it is doing what it does. Anecdotally, I have witnessed
many students become intrigued with the device and express a desire to
play with it; this desire to play with the robot serves as a means for learn-
ing more about it.



224 F. R. SULLIVAN

Playfulness can lead to resourcefulness when students are attempting to
solve a robotics challenge. In a study conducted with students in a sixth-
grade science classroom (Sullivan 2011), I used a Bakhtinian (Bakhtin
1986, 1981) lens to identify the reified and spoken voices that influenced
students’ collaborative development of a creative idea to solve a particular
challenge. Integral to this analysis is the notion that the designed device
itself embeds the intentions of the designers and affords certain types of
interactions. Resnick (2003, 2006, 2014) has often discussed the role of
play at the heart of the technologies he develops, such as the LEGO brick.
This is in line with Papert’s (1993) strong support for the idea of tinker-
ing with technologies to learn more about them, but also to make them
one’s own. Moreover, the manipulative nature of the robotic device (i.e.,
one can hold it in one’s hands), coupled with the fact that the device can
be designed to roam around a room as a wheeled vehicle, affords a high
degree of student interaction and provides an opportunity for students
to think creatively about how to use the physical environment (the third
problem space) to help them solve challenges.

In this particular study (Sullivan 2011), the students repurposed an
item from the LEGO materials not used in the creation of the robotics
device to help them solve the challenge. The repurposing of the item was
an instance of bricolage (Lévi-Strauss 1966). Bricolage is the idea that one
should use what is “ready-to-hand” to address current problems, regard-
less of the intended use of an object. This type of practice leads students
to develop environmentally influenced problem-solving strategies and
algorithms to solve robotics challenges.

In addition to creating environmentally influenced problem-solving
strategies, we have also found that students developed strategies that entail
the use of the device itself. For example, in a case study conducted with
twelve students attending the three-week, 105-hour robotics camp refer-
enced earlier in the chapter, we identified a problem-solving strategy we
termed “simulating the movement of the robot” (Sullivan and Lin 2012).
This strategy includes holding the robot (the first problem space) and mov-
ing it about the physical environment that constitutes the challenge space
(the third problem space). We observed that, as students engaged in this
activity, they often verbalized the program that needed to be written to
solve the challenge. Here, one can recognize this activity from Vygotsky’s
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(1978) perspective as the role of externalized verbalizations and the use of
tools in mediating student learning in the robotics environment.

Finally, in addition to engagement in problem solving, our research has
indicated that students engage in a number of activities that emphasize
computational concepts while working across the three problem spaces that
make up the activity of learning with robotics. In our early work (Sullivan
and Lin 2012), we examined the computational concepts that fifth-grade
children engaged with while solving robotics challenge. For example, we
have found that children had the opportunity to engage with conditional
reasoning, program control and flow elements, and the basic idea of input/
process/output. In our later work (Sullivan and Keith 2018; Sullivan, Soken,
and Yildiz 2019), we developed a computational concepts coding scheme
to assist in the analysis of student problem-solving conversations and activ-
ities across two different studies. In each of these studies we collected video
data of focal student groups solving robotics challenges. We transcribed
these data and analyzed student talk at the level of the utterance.

Our computational concepts coding scheme was both data driven and
theoretically influenced from the literature (Barr and Stephenson 2011;
Grover and Pea 2013; Wing 2006). The scheme includes five CT codes
as follows: analysis, algorithmic thinking operations, algorithmic think-
ing variable, designing, and debugging. We split the algorithmic thinking
code in two because of the relative sophistication of setting the variable
parameter of a coding block (algorithmic thinking variable) versus sim-
ply selecting a coding block to use in the program (algorithmic thinking
operation). In two different case studies, we observed students intensely
involved in computational discussions regarding designing (problem
space one), algorithmic thinking (problem space two), and analysis and
debugging (problem spaces one, two, and three). Characteristic of stu-
dent involvement was a relationship between the difficulty of the chal-
lenge attempted and the sophistication of the solution. In this way, we
observed a phenomenon originally discussed by Dorst and Cross (2001)
regarding the co-evolution of the problem definition and the designed
solution; as students became more familiar with the problem spaces in
which they were working, the more sophisticated the designed solutions
became, both at the building level (problem space one) and the program-
ming level (problem space two).
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CONCLUSION

In summation, robotics is an integrated learning system comprising three
interwoven, multidimensional problem spaces. Interaction within and
among these problem spaces supports students’ development of CT and
their science inquiry abilities. A future research direction derived from our
research is further investigation of the intersection of CT and disciplin-
ary practices. As Lee et al. (2020) have pointed out, there are a number of
newer areas of inquiry in STEM that blend computation and science: for
example, computational biology. Future CT research should seek to further
explicate the interdisciplinary relationships endemic to these new areas,
such that powerful curriculum and pedagogical practices can be developed
to support students’ learning.
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TOWARD A RESEARCH AGENDA

FOR DEVELOPING COMPUTATIONAL
THINKING SKILLS BY SENSE-REASON-
ACT PROGRAMMING WITH ROBOTS

Nardie Fanchamps, Marcus Specht, Lou Slangen,
and Paul Hennissen

INTRODUCTION

Programming is important for pupils to develop computational thinking
(CT) skills (Kennisnet 2016; Serafini 2011). CT comprises the thought
processes that play a role in formulating and solving problems so that
the solutions are presented in a form that can be effectively conducted
making use of computer science concepts (Wing 2006). CT encompasses
a range of analytic and problem-solving skills, dispositions, habits, and
approaches used, such as the ability to break down complex tasks into
simpler components, pattern recognition, pattern generalization, paral-
lelization, and abstraction (Silk, Schunn, and Shoop 2009; SLO 2017; Toh
et al. 2016). Using CT in search for solutions also means gaining insight
into the design of algorithms (Fanchamps et al. 2019).

Programmable robots provide excellent opportunities to develop CT
skills as they combine the production of code with immediate tangible
results and feedback (Catlin and Woollard 2014; Slangen 2016). More
specifically, such a robotic programming environment can ensure that
programming actions and their results are immediately perceptible by
pupil and teacher (Sapounidis, Demetriadis, and Stamelos 2015). When
pupils can immediately test the response of their programming action
against the effect in reality, they will be better able to judge the effect of
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their programming action(s) (Wang, Wang, and Liu 2014). In this way,
robotic environments function as direct manipulation environments
(DMEs), which make it possible to obtain direct feedback on the effect of
the programming operation (Jonassen 2006; Rekimoto 2000).

A robot that needs to anticipate changes in its environment requires a
different program than one carrying out an unchanging, predictable task.
By making use of sense-reason-act (SRA) programming, a robot can react to
changes in its surroundings (Slangen 2016). To enable the construction of
such SRA programs, a variety of encoding components are available. SRA
programming is the skill of using encoding components in such a way that,
by its program, a robot can anticipate and react autonomously to changes
in the environment. Selecting and using the proper encoding components
in a robotic problem environment require understanding variable solution
strategies and the deployment of powerful cognitive skills, which we here
define as SRA thinking. SRA thinking is characterized by the deployment
of cognitive skills such as analyzing, synthesizing, elaborating, imagin-
ing, parallel thinking, cause-effect reasoning, and problem decomposition
(Slangen and Sloep 2005). Moreover, the application of these cognitive
skills is closely related to principles of CT (Yadav et al. 2017). Therefore
it seems logical to operationalize these SRA characteristics in the learning
of CT skills. In addition, the perception of the type of execution of the
robot’s programming task appears to make a difference. A different level
of abstraction occurs when a physically present and concretely observable
robot executes programming commands than when the execution of the
programming task only occurs on a screen (Weintrop and Wilensky 2015).

The timing and kind of teacher interventions also contribute to pupils’
decision-making skills when learning how to solve robot programming
problems (Valcke 1985). Teacher support can help or hinder (Slangen
2016). For teachers it seems to be difficult to be sufficiently reticent at
crucial moments (Sentance and Csizmadia 2017). Instead of exercising
a certain restraint, teachers often intervene to inform pupils when dif-
ficult problems must be solved or when misconceptions are likely to arise
(Petrou and Dimitrakopoulou 2003). In addition to providing support and
guidance, teacher interventions can also disrupt pupils’ ongoing think-
ing and can interfere with learning processes (Dekker and Elshout-Mohr
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2004). Therefore the reticence of the teacher is an important condition
to enable pupils to develop programming problem-solving skills through
the route of inquiry-based learning and problem-solving action (Yadav
et al. 2017).

McWhorter (2008) has found positive effects of programming robots
on pupil motivation, their use of learning strategies, and their agency
in selecting learning objectives, mediated by self-regulation skills, auton-
omy, and competence of the pupils. Pupils’ autonomy appears to increase
motivation and performance and is one of the basic psychological needs,
together with the need for building relationship and competence (Baard,
Deci, and Ryan 2004). The attention for these basic needs is an underly-
ing cause of a number of quality differences between intrinsic and extrin-
sic motivation. Moreover, learning to program from meaningful contexts
where one has a sense of control can influence the autonomy and com-
petence development of the learner (Rovai, Wighting, and Lucking 2004).

Previous research conducted by Fanchamps et al. (2019) has shown
that primary school pupils are capable of arriving at a certain level of SRA
programming but that pupils often do not apply SRA independently, even
when they have previously experienced the benefits of the SRA approach.
This research also anticipated that the instruction method used by the
teacher (a scaffolding-based approach versus direct instruction) would
show a characteristic difference on the development of self-efficacy, but
this could not be demonstrated.

Elaborating on the findings set out previously, our overarching research
proposal sets out to examine if the type of programming problem and task
design have an impact on evoking SRA thinking and to what extent the
influence of teacher interventions are of importance. We also want to exam-
ine whether these variables affect the effectiveness of the interventions.

THEORETICAL FRAMEWORK

From our literature review and previous research, we are generally inter-
ested in the question of whether the type of programming environment
and task design can evoke SRA thinking and therefore strengthen the
development of CT. We also specifically want to know if the instruction
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variant used influences SRA thinking and indicates the level of the effec-
tiveness of the intervention.

From prior research we know that primary school pupils, when pro-
gramming robots, primarily use linear programming structures, even
when they have previously experienced the benefits of parallel program-
ming and sensor use (Slangen 2016). In the pupils’ linear approach, all
commands are invariably sequenced in long strings, without several
handling routines being operational at the same time (Wyeth, Venz, and
Wyeth 2003). We also showed that pupils have considerable difficulties
in understanding and applying SRA programming and find it challenging
to use sensors or sensor programming (Slangen, van Keulen, and Grave-
meijer 2011). In an SRA program, there is always a conditional encoding
component, based on sensing (i.e., detection of change), that necessarily
influences the handling of the program. This is different from straight-
line programming, in which each encoding component is a stand-alone
command that is arranged in the correct sequence (Wyeth, Venz, and
Wyeth 2003). SRA programming has its origins in the robotics world and
connects physical reality with the virtual world based on observation,
decision-making, and action. Understanding SRA programming means
that pupils can explicitly relate processes in which a robot: (1) records
observations based on sensor use (sense), (2) compares these observations
with internal values of the external situation and decides which path to
follow (reason), and (3) reacts according to a subsequent process in which
the program “tells” the robot what action to take (act). SRA programming
involves complex elements, such as the “if-then-else,” the “nested loop,”

” u ” u

“when,” “while,” “wait-until,” “event handling,” and “simultaneous run-
ning parallel routines” that pupils find difficult to understand (Gregg et al.
2012). Understanding the functionality of the use of sensors also appears
to be an abstract task.

A functional application of SRA when programming robots, whether
combined with the applicability of sensory input, requires pupils to apply
logical reasoning in programming environments (Pea and Kurland 2007),
which we define here as SRA thinking. These insights enable pupils to
program a robot that can anticipate changes in its environment through
its program. In other words, it requires system thinking—the understand-

ing of the interactions and interdependencies between programming and
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the sensors and actuators used (Slangen, van Keulen, and Gravemeijer
2011).

CT is the process-based (re)formulation of a problem in such a way that
it becomes possible to solve the problem with computer technology (Barr,
Harrison, and Conery 2011; Wing 2006). CT instrumentalizes an iterative
process based on three phases: (1) problem definition, (2) solution expres-
sion, (3) implementation and evaluation (Wong 2014; Yadav, Hong, and
Stephenson 2016). CT also refers to skills such as problem decomposi-
tion, pattern recognition, data formation, generalization, abstraction, and
algorithmization (Voogt and Roblin 2010).

SRA programming with functional sensor use can be applied in differ-
ent programming contexts and can be regarded as a smart way of pro-
gramming (Gregg et al. 2012). However, our previous research shows that
if pupils are still able to use linear programming structures, they do not
recognize the added value of SRA programming (Fanchamps et al. 2019;
Wyeth, Venz, and Wyeth 2003). This seems to be caused by the fact that
when a programming task is based on the use of an unchanging, static
environment, in which pupils are not confronted with changing events
that must be anticipated, they maintain a predictable approach to the
programming task (Slangen, van Keulen, and Gravemeijer 2011). How-
ever, if the programming environment in which a robot has to perform
its tasks is dynamic in nature, and therefore unpredictable because the
environment is constantly changing, then the solution requires the use
of SRA programming in which sensors, conditionals, and routines must
be used to successfully solve the programming problem (Demetriou 2011;
Dragone et al. 2005).

SRA programming requires a degree of abstract thinking. It means
being able to analyze the robotic task environment—being able to rec-
ognize the conditional and iterative conditions and translate them into
the correct application of programming instructions (Caci and D’Amico
2002; Pea and Kurland 2007). If pupils understand that the reasoning
process of a robot is based on principles of logic, conditional, causal, and
iterative reasoning and thinking in parameters and variables, this would
be recognizable in their created programs (Slangen and Rohaan 2018).
Code that is produced according to SRA principles contains such complex
principles of programming, conditionals, and loop structures. Analyzing
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pupils’ code reveals information about pupils’ SRA thinking skills such
as efficiency, creativity, higher-order reasoning, analyzing, synthesizing,
and judgment.

DMEs are innovative learning tools that combine ICT (information and
communications technology) control technology and programmable logic
controllers with the construction of a concrete, material model (mov-
able structures linked to motors, actuators, and sensors) (Jonassen 2006;
Rekimoto 2000). Characteristic for DMEs is the “direct” feedback from
the technology that provides pupils with feedback on their thinking and
actions (Slangen, van Keulen, and Gravemeijer 2011). Examples of such
tools are Technologica, VEX 1Q, Arduino Makeblock, and LEGO Mind-
storms EV3, with which pupils can build a working robot or machine that
must then be programmed to carry out predefined assignments (Jonas-
sen 2000; Slangen, Fanchamps, and Kommers 2008; Slangen, van Keulen,
and Gravemeijer 2011; Slangen, van Keulen, and Jochems 2009). The use
of DMEs imposes requirements on the environment and the task and the
type of guidance and is very suitable for inquiry-based learning and a
problem-solving approach.

Self-efficacy is an important requirement for pupils to be able to work
on arobotic programming task in a creative, targeted manner independently
of the teacher (Dignath and Biittner 2008; Spin 2015). It is the teacher’s
task to create and support opportunities and possibilities in which pupils
can conduct their assignment in a self-effective way (Dignath-van Ewijk
and Van der Werf 2012). This asks for learning contexts in which learners
can make their own choices and decisions and in which there are pos-
sibilities for direct feedback. As mentioned previously, DME robotics pro-
gramming environments seem to be suitable for solving programming
tasks in a self-effective way.

According to Stevens (2004) and Broeck et al. (2010), pupils’ self-
effectiveness is built on competence, autonomy, and relationship. Com-
petence refers to the feeling and belief in one’s own ability. To let pupils
experience what they are capable of requires challenge and motivational
strengthening elements. A combination of high (but realistic) expecta-
tions and the availability of help and support are necessary for develop-
ing a strong sense of competence. Autonomy is having the confidence to
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be independent in such a way that pupils can make their own decisions
and choices. It is pupils feeling that they are capable of doing a task on
their own. Autonomy is only possible if tasks and instrumentation are
carefully aligned to the potential and needs of pupils. Relationship is the
feeling of belonging and being part of a community. Pupils need relation-
ships, both with their teacher and with other pupils, based on providing
safety, space, guidance, and support. Pupils and the teacher should collec-
tively feel responsible for a good atmosphere in the classroom, and pupils
should feel they can count on the support and guidance of the teacher
(Rovai, Wighting, and Lucking 2004).

Apart from the coaching and instruction of the supervising teacher,
the pedagogical needs of the learner play an important role (Vosniadou
et al. 2001). Our previous research showed that, when working with pro-
grammable robotics contexts in which pupils have to solve programming
problems with LEGO robots, the type of instruction offered (scaffolding-
based versus direct instruction) does not make a significant difference in
relation to the yield, solution, and efficiency of the constructed program
(Fanchamps et al. 2019). However, the teacher should adapt the pedagog-
ical offer to the pupils’ characteristics and associated pedagogical needs
in such a way as to achieve maximum learning efficiency (Alfieri, Brooks,
and Aldrich 2011).

Interventions by teachers can influence pupils’ final learning effi-
cacy outcomes in robot programming (Slangen 2016). Some pupils may
learn best when they perform all actions and thinking processes them-
selves with minimal coaching from the teacher, while other pupils may
learn most when the teacher explains everything fully (Fanchamps
2016).

Direct instruction can be defined as targeted actions of the teacher with
the aim of supporting pupils’ learning activities to structure them in a
desired direction (Veenman 2001). The starting point for direct instruction
is that there are moments in an educational learning process when knowl-
edge, insights, and skills that are considered meaningful and functional
within a context can be taught to pupils most effectively, purposefully,
and directly (Kirschner, Sweller, and Clark 2006). Direct instruction is
particularly appropriate when a well-structured set of knowledge, insights,
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and skills must be mastered by pupils (Leenders, Naafs, and van den Oord
2010).

Indirect instruction can be defined as an approach that allows pupils
to learn more autonomously—where the teacher’s help is temporarily
adapted to the needs of pupils’ learning. It is a method to acquire the
desired prior knowledge and to encourage the use of strategic approaches
(Kawalkar and Vijapurkar 2011). In case of indirect instruction, the
teacher coaches pupils if they are unable to continue independently
or when the teacher notices that pupils are heading in a direction that
would result in them becoming stuck. In principle, the open problem is
structured in such a way that it is expected that pupils will be able to carry
out most of the learning activities independently (Hmelo-Silver, Duncan,
and Chinn 2007). The teacher must resist direct instruction but can apply
verbal guidance techniques that ensure that the thinking process mainly
remains with pupils (Hogan and Pressley 1997).

Building on the theoretical exploration mentioned previously, we pre-
sume a correlation between the environment, the task design, and the
type of instructional method used will have an impact on the level of
self-efficacy and on the evocation of SRA thinking specifically and CT
more generally. Our conceptual model in figure 11.1 gives an overview
of supposed relationships between independent and dependent variables
that must be investigated further. Based on this conceptual model and
our preliminary research, a number of research questions arise that are
elaborated in the following research agenda.

Type of instructional

Task design method

produces influences

influences influences impacts

A

Evocation of Lidentifies» Computational

SRA-thinking thinking Self-effectiveness

11.1 Schematic representation of the conceptual model.
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TOWARD A SENSE-REASON-ACT RESEARCH AGENDA

In our previous research (Fanchamps et al. 2019), we investigated the rela-
tionship between the pedagogical environment and the development of
algorithmic thinking and SRA programming skills. We found some indi-
cations that it doesn’t matter which type of teacher guidance is used for
pupils to apply SRA programming. But we do have some indications that
pupils with experience in SRA programming are better capable of solving
mathematical problems based on algorithms. It also seems that the level
of self-efficacy is not influenced by the type of research design. Elaborat-
ing on these findings and our conceptual model, we want to investigate
which aspects can be decisive for better solving programming tasks and an
improvement of CT skills. In a broad sense, we assume that it is important
to look at the nature of the task design, such as a static/dynamic program-
ming environment and a visual/tangible programming environment.

This brings us to a first research direction of examining whether and
how the nature of the programming task and the programming environ-
ment affect what pupils can learn from it. From our research and further
theoretical exploration we know that pupils, when programming robots,
tend to look for solutions based on linear thinking and sequential pro-
gramming, even though they have been instructed how to use SRA
programming (Fanchamps et al. 2019; Slangen 2016). This is striking,
because these pupils have an earlier experience that showed that SRA pro-
gramming is more efficient in certain programming situations. Instead,
when children program robots, they predominantly choose the most obvi-
ous way that leads to an apparent good solution. Although pupils are not
inclined to use SRA programming, we assume that the problem situation
and task design are of significant relevance. To find out whether pupils are
indeed able to apply SRA programming when they find themselves in a
situation where a linear solution is no longer possible, we plan to develop
an experimental setting in which a dynamic task design will be used. The
assumption is that when the task is dynamic in nature, and the use of lin-
ear commands is no longer possible/sufficient, pupils have to apply SRA
programming. We expect this can be achieved by designing a dynamic task
environment (in opposite to a static task environment) in which the pro-
gramming task is unpredictable.
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Our second direction of research is distilled from theoretical exploration
and practical experience, from which we know that pupils seek support by
immediately reflecting the outcome of their programming assignment as
feedback to the task at hand. Classroom programming can be characterized
in three ways: unplugged programming, textual programming, and visual
programming. Unplugged programming introduces pupils to how com-
puters and related technology works without the concrete use of this tech-
nology (Brackmann et al. 2017). Textual programming refers to the use of
a programming language by the application of written commands, specific
syntax, and abstract variables (Maloney et al. 2010). Visual programming
involves combining icon-based command blocks with predefined param-
eters, variables, and syntax that can be manipulated on the screen (Kork-
maz 2018; Sapounidis, Demetriadis, and Stamelos 2015; Weintrop and
Wilensky 2015). Each of these different programming environments can
have either a visual and/or a tangible output. Programming robots can be
defined as tangible output, while a representation of a tangible world on a
screen display can be seen as visual output. It seems enlightening to inves-
tigate whether the type of programming paradigm and the output of a pro-
gramming environment influence the development of aspects of CT and
the use of SRA approaches. Korkmaz (2018) compares the use of Scratch
and LEGO Mindstorms robots and describes a more positive contribution
to thinking skills with the latter. Sapounidis, Demetriadis, and Stamelos
(2015) claim that in a tangible programming environment, children were
more involved, created more complicated programs, and investigated dif-
ferent commands and parameters more actively. We therefore expect that a
more tangible output will lower the degree of abstraction and lead to more
understanding about programming. We propose to investigate if there is a
difference in the increase of CT skills when pupils apply SRA programming
with a visual output compared to a physically perceivable output.

A third research direction should identify whether there is a differ-
ence in yield in the development of CT skills when pupils program in
a visual, screen-oriented programming environment either with an SRA
approach or with an linear approach, respectively with or without the
use of sensor-based information, loops, conditionals, functions, and rou-
tines (Korkmaz 2018; Sapounidis, Demetriadis, and Stamelos 2015). We
expect that pupils who work with the visual SRA approach will show a
greater development of CT skills in comparison with pupils who work
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with the visual linear approach. In a visually oriented programming envi-
ronment, pupils compose and construct functioning programs by merg-
ing programming commands in the correct order, and they receive only
visual feedback to inform them whether a particular constructed program
is valid (Weintrop and Wilensky 2015).

A fourth direction for research concerns the relationship of pedagogi-
cal aspects, such as teacher interventions and self-efficacy, and the use
of SRA programming and its effect on the development of CT skills. It
is reasonable that teachers will need to guide and supervise pupils while
programming (Hogan and Pressley 1997) and that the teacher has influ-
ence (directly/indirectly) on the pupils’ learning processes in acquiring
CT skills (Buitrago Florez et al. 2017; Lye and Koh 2014). The type of teacher
support and number of teacher interventions also have a direct influence
on the level of self-efficacy of the learner (Liu, Lin, and Chang 2010; Rama-
lingam, LaBelle, and Wiedenbeck 2004). We assume that if pupils have to
find a solution to a particular programming problem by themselves, this
will lead to more in-depth learning than if the teacher presents everything
and pupils simply follow along (Igbaria and Iivari 1995; McWhorter 2008).
Therefore it is relevant to investigate to what extent the constructed SRA
solutions are related to the type and number of interventions of the teacher.
The instructional needs of respondents should also determine, to a large
extent, which form of guidance the teacher can best use to enable growth in
CT skills through the use of SRA programming. This paves the way to create
a pedagogical programming environment in which the teacher, through a
joint understanding with pupils, does not always provide direction but is
available for help, support, and guidance. The teacher, as a reflective prac-
titioner, can have an indispensable role in creating meaningful learning
experiences and in extending their pupils’ computational skills and practi-
cal knowledge.

RECONSIDERING COMPUTATIONAL THINKING

With these directions for future research, we want to contribute to a
further development of the construct of CT. Our perspective is that SRA
thinking is an underexposed characteristic of CT. We propose that study-
ing SRA programming can provide fruitful directions for a more generic
development of CT.
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