ABSTRACT

HOUCHINS, JENNIFER KAY. Eliciting Middle School Students’ Computational Thinking Through
Virtual Educational Robotics: A Qualitative Case Study on the Role of Reflection. (Under the
direction of Kevin Oliver).

Computational thinking (CT) is recognized as an essential and universally applicable skill
for all disciplines (Wing, 2006; Bundy, 2007). Proponents of CT acknowledge that it is integral to
fostering 21st century skills such as problem-solving and higher-order thinking (Barr & Stephenson,
2011; Wing, 2006). Educational robotics activities have been shown to foster these skills, yet little
attention has been given to how to assess students’ use of CT in the context of such activities,
particularly within K-12 classrooms (Fu et al., 2020; Chevalier et al., 2020; Chen et al., 2017;
Witherspoon et al. 2017). As an alternative to physical educational robotics, virtual educational
robotics is a less costly way to bring CT-building activities into K-12 classrooms (Tselegkaridis &
Sapounidis 2021; Eguchi 2012; Tellez 2017). This dissertation study investigates how participation
in virtual educational robotics activities elicits middle school students’ use of computational
thinking. The study also examines whether and how middle school students’ written and verbal
reflections on virtual robotics artifacts captures computational thinking (i.e., students articulate their
use of computational thinking). The purpose of this qualitative case study is to develop a deeper
understanding of how middle students’ employ and communicate their use of computational thinking,
regardless of whether or not they know the jargon associated with its concepts and practices. The
study seeks to answer the questions: 1) How do middle school students’ virtual educational robotics
artifacts exhibit computational thinking? 2) How do middle school students articulate their use of
computational thinking in written reflections on their virtual educational robotics artifacts? and 3) To
what extent do virtual educational robotics artifacts facilitate students’ articulation of computational
thinking in their verbal reflections? Using the theories of constructionism and reflection-in-action as
theoretical lenses, the study provides an analysis of middle school students’ computational artifacts,
written reflections, and verbal reflections via semi-structured interviews. This analysis adopts a

conceptual framework for computational thinking adapted from that of Brennan and Resnick (2012)



which includes the key dimensions of concepts and practices important to computational thinking.
Results revealed that middle school students’ use of computational thinking concepts was more
evident in their computational artifacts than either their written reflections or verbal reflections
given during their interviews. However, written and verbal reflections revealed that students were
engaging in computational practices even when their language did not use the jargon associated
with computational thinking. Overall, the study confirms and builds upon scholarship asserting
that reflection is a key component of computational thinking (Papert, 1991; Ackermann, 1996) and

highlights the importance of an expert practitioner in modeling such reflection (Schon, 1987).
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Chapter 1: Introduction

Since Jeannette Wing's (2006; 2008) call for the incorporation of computational thinking
(CT) as a universally applicable attitude and skill set for all, the academic community has been giving
CT increasing attention and research. CT is considered essential for conceptual understanding in
nearly all disciplines (Bundy, 2007). It is also seen as an important competency for today's students
who not only deal with computing in everyday life but will potentially work in elds involving
computing (Barr & Stephenson, 2011; Grover & Pea, 2013; Voogt et al., 2015). CT has been
recognized by the Next Generation Science Standards (NGSS) as one of eight core engineering
and scienti c practices (Next Generation Science Standards Lead States, 2013). These practices
are seen as essential to lling future employment demands since projections place computing as
one of the fastest-growing job markets (National Research Council, 2010; Grover & Pea, 2013).
Moreover, CT is seen as integral to fostering 21st Century skills such as problem-solving and higher
order thinking across disciplines (Barr & Stephenson, 2011; Wing, 2006). Therefore, activities that
promote the development of CT are sorely needed in K-12 classrooms.

Educational robotics (ER) activities have seen increasing popularity in K-12 classrooms
and have been found to develop students' 21st century skills (Eguchi, 2014). Eguchi (2014) touts
educational robotics as an engaging learning tool that provides students with “hands on minds
on” (p. 4) experiences in which they can collaborate, problem solve, and think both critically
and innovatively across many disciplines. ER activities are recognized as fostering students' CT
skills because they require that students engage in practices associated with CT such as problem
decomposition, algorithmic thinking, and generalization (Chevalier et al., 2020). Despite studies
that suggest ER is an appropriate learning tool for developing students' CT skills (Bers et al., 2014;
Bottino & Chioccariello, 2015; Eguchi, 2016), the focus is still largely on how ER activities should
be structured to foster CT (Chevalier et al., 2020) rather than on how to assess student development
of CT in the context of ER activities. Yet determining how to assess student development of CT is

of particular importance if we wish to foster it for all students. As a learning tool seen as bene cial



to promoting the development of students' CT skills, educational robotics may provide a context in
which assessing this development is possible. For this reason, this study seeks to identify how to

assess student development of CT within the context of educational robotics.

Background

In 2006, Jeannette Wing presented Computational Thinking (CT) as an approach that
involves “solving problems, designing systems, and understanding human behavior, by drawing
on the concepts fundamental to computer science” (p. 33). Wing (2006) further argued that CT as
a skill is fundamental for everyone and should be an addition “to every child's analytical ability"
(p. 33). Whereas CT is typically addressed in computer science, it does not necessarily involve
the use of a computer but rather applies principles of computer science to other disciplines to
arrive at automated solutions to any problem (Kafai & Burke, 2014). This prompted scholars to
examine CT as a practice and its in uence was found to be pervasive, in nearly all disciplines for
both the sciences and humanities (Bundy, 2007). This is perhaps due, in part, to the increasing
availability of computers as 21st century research tools. Bundy (2007) suggests that computers
extend our cognitive faculties and that one must understand computation to understand the 21st
century. Bundy (2007) goes on to note that the CT revolution goes much deeper than widespread
access to computers, but rather it is changing the way we think. According to Wing (2008), the
pervasive nature of CT gives rise to the educational challenges of knowing how and when to teach

it. Kafai and Burke (2014) note that:

“In short, computational thinking has become the rallying cry for those who study what
youth need to know about computer science and what it means to think systematically

about solving all types of problems, big and small” (p. 7).

Computational Thinking (CT) has roots in the work of Seymour Papert (1980; 1991),
particularly his development of constructionism. Papert saw computers as powerful educational

tools with which students could make things via programming (Martinez & Stager, 2013). Papert



(1980) suggested that to “think like a computer” (p. 155) opened new ways of approaching thinking
and that true computer literacy not only came from knowing how to make use of computers and
computational ideas but also knowing when to do so.

Papert's work promoting the use of computers in classrooms led to the development of
the rst programmable robotics construction kits (Catlin & Woollard, 2014; Martinez & Stager,
2013). These kits used the Logo programming language to control a real-world device that Papert
called a turtle. Papert saw these turtles as “objects-to-think-with" which students could use as
tools to explore environments and construct meaning from their experiences (Catlin & Woollard,
2014). Most importantly, Papert's underlying theory of constructionism suggested that creating such
external artifacts allowed students to re ect and make meaning of their learning experiences. For
Papert, technology was a powerful tool with which to develop an understanding of abstract concepts
(Papert, 1980) and he coined the phrase “computational thinking" to describe the type of procedural
process he was teaching via the Logo programming environment (Papert, 1993). This environment,
which Papert called a microworld, provided an authentic context within which the turtles (or robots)
were situated as tools to be used for learning.

Papert's work with Logo and turtles gave rise to other major educational robotics platforms,
most notably LEGO Mindstorms and VEX Robotics (Fu et al., 2020). Platforms like LEGO
Mindstorms and VEX Robotics generally use visual, block-based coding environments to program
physical robots (see Figures 1.1 and 1.2) that students build from component parts. Students develop
code within the block-based programming environment that can be downloaded to the robot to
control its behavior within its environment.

The bene ts of ER have been recognized and the use of robotics in educational contexts has
seen an increasing popularity over the last decade (Eguchi, 2014). In addition to being engaging and
motivating, ER shows promise as a learning tool, particularly for STEM areas, but more research is
needed for how ER helps students develop certain skills (e.qg., critical thinking and problem-solving
skills often associated with computational thinking) (Benitti, 2012). Some studies show that ER

curriculum can promote STEM conceptual understanding (Silk et al., 2010). For example, signi cant



Figure 1.1

VEX Robotics Platform Block-based Programming Environment.

Figure 1.2
VEX Robotics Physical Robot.



impact on mathematics learning occurs in integrated contexts involving robotics (Martinez Ortiz,
2015). Likewise, the use of robotic vehicles can help students understand underlying physics
concepts (Brockington et al., 2018). Moreover, ER is recognized for being particularly effective
at teaching computer science concepts because robots require programs that control their motion
(Yesharim & Ben-Ari, 2018).

Educational robotics programs provide students with constructionist learning opportunities
where they can build both virtual and physical objects and engage with abstract concepts in mean-
ingful ways (Chambers et al., 2007). Their use in the classroom has resulted in students' increased
problem-solving abilities and understanding of concepts in science, technology, engineering, and
mathematics (Chambers et al., 2007; Druin & Hendler, 2000; Eguchi, 2014). In particular, edu-
cational robotics has emerged as a means of developing students' computational thinking skills
(Ardito et al., 2020; Leonard et al., 2016; Mosley et al., 2016).

Incorporation of educational robotics activities into classrooms and after-school programs
has emerged as a way to address the problem that students' interest in STEM, especially in
computing, is seen to decline as they progress to middle school while the need for a workforce
skilled in computing continues to grow (Bureau of Labor Statistics, 2020; Mosley et al., 2016;
National Research Council, 2010; National Science Foundation, National Center for Science and
Engineering Statistics, 2019). Studies have shown that educational robotics activities not only foster
students' positive perceptions of STEM, but also promote problem solving and collaboration (Aris

& Orcos, 2019; Brand et al., 2008; Fu et al., 2020; Welch & Huffman, 2011).

Statement of the Problem

Educational robotics (ER) is touted as one way to address growing STEM workforce de-
mands, particularly in computing (Fu et al., 2020). Moreover, ER has been shown to: 1) increase
students’ interest and engagement in STEM; 2) strengthen students’ STEM conceptual under-
standing; and 3) promote the development of computational thinking skills (Ardito et al., 2020;

Leonard et al., 2016; Mosley et al., 2016). ER platforms like LEGO Mindstorms and VEX Robotics,



along with their corresponding robotics competitions, have seen increasing attention in research as
effective learning tools both in and out of classrooms (Barker et al., 2012).

Research ndings praise ER as an appropriate learning tool for fostering the development of
students’ CT skills (Chevalier et al., 2020; Eguchi, 2014). ER requires computer programs to operate
and thus provides an effective way to learn computer science (Fu et al., 2020). An increasing number
of studies show that ER programs can be effective tools for the development of computational
thinking (CT) skills and practices (Ardito et al., 2020; Chen et al., 2017; Witherspoon et al., 2017).
This is unsurprising since CT skills and practices are based on the fundamentals of computer science.
However, some literature notes dif culties posed by physical robotics platforms, including students
spending too much time troubleshooting hardware issues and too little time engaging in CT practices
or focusing on computer science concepts (Bers et al., 2014; Witherspoon et al., 2017). To alleviate
these issues, research has turned to virtual educational robotics (VER) platforms which are entirely
software based and eliminate hardware issues (Tselegkaridis & Sapounidis, 2021). These virtual
platforms allow students to engage in robotics activities when there is a lack of resources in their
classroom as well as provide the opportunity for students to rapidly develop and test solutions to
robotics problems without needing to spend time troubleshooting robotic hardware (Eguchi, 2012a;
Tellez, 2017).

One particular challenge is assessing whether and how students are employing CT skills
and practices in the context of ER activities, whether physical or virtual. ER is often treated as
an add-on activity rather than a foundation for teaching CT (Fu et al., 2020). Whereas VER may
be a promising alternative for fostering CT in the classroom, much of the existing research on
educational robotics has been primarily focused on physical platforms despite high costs barring
their entry to some classrooms (Fu et al., 2020). Thus, there is a need to examine the potential
bene ts of VER for classroom use, especially for assessing the development of computational
thinking skills. In particular, a key aspect of determining this potential lies in identifying if students

are able to re ect on virtual robotics artifacts in a manner that captures computational thinking.



Purpose of Study

The purpose of this study is to investigate how participation in VER activities elicits middle
school students' use of computational thinking. The study also examines whether and how middle
school students’ written and verbal re ections on virtual robotics artifacts captures computational
thinking (i.e., students articulate their use of computational thinking). The following research

questions frame the study:

1. How do middle school students' virtual educational robotics artifacts exhibit computational

thinking?

2. How do middle school students articulate their use of computational thinking in written

re ections on their virtual educational robotics artifacts?

3. To what extent do virtual educational robotics artifacts facilitate students' articulation of

computational thinking in their verbal re ections?

De nition of Terms

To build understanding of the topic at hand, the following section de nes the key terms

associated with this study.

Educational Robotics (ER)

Barker et al. (2012) de ne arobot as a combination of technologies and components working
as a single system that senses changes in the environment, processes that information, and carries
out a decision to act accordingly. These types of autonomous systems are becoming increasingly
prevalent in diverse areas of society, from manufacturing and production facilities to medical
institutions. The widespread use of robotics has prompted the use of robotics platforms as tools for

learning and giving rise to what is called “educational robotics" (Barker et al., 2012).



Despite the bene ts robotics provide in conceptual understanding across multiple domains,
simply de ning educational robotics as the use of robots in education is insuf cient (Angel-
Fernandez & Vincze, 2018) . Angel-Fernandez and Vincze (2018) suggest that a concrete de nition
of educational robotics is crucial to its development and to avoid its incorrect use which may be

counterproductive to learning experiences. To this end, the authors de ne educational robotics as:

...a eld of study that aims to improve learning experience of people through the
creation, implementation, improvement and validation of pedagogical activities, tools
(e.g., guidelines and templates) and technologies, where robots play an active role and

pedagogical methods inform each decision (p. 41).

Virtual Educational Robotics (VER)

Educational robotics relies on robots to play an active role while pedagogical methods inform
decision making (Angel-Fernandez & Vincze, 2018). Generally, educational robotics employs the
use of physical robots in pedagogical activities. More recently, virtual learning environments have
provided simulated robots (i.e., a virtual representation of a robot) as educational tools. For the
purposes of this study, virtual educational robotics will be identi ed as educational robotics that

employs a virtual (or simulated) robot rather than a physical robot.

VEX Educational Robotics Platform

VEX Robotics is one of the largest educational robotics companies in North America.
Founded in 2005, VEX aimed to address issues presented by other educational robotics platforms,
such as affordability and appropriate levels of complexity for some age groups (Alvarez Caro, 2011).
VEX Robotics continues to offer affordable robotics kits and competitions as alternatives to the
more expensive LEGO Mindstorms platform. VEX Robotics also makes high-quality curriculum
and activities along with comprehensive teacher tools accessible on their website. Finally, VEX
Robotics has also released a virtual robotics learning environment, VEXcode VR, that is free

and openly available online in a format which is accessible on any device (VEX Robotics, 2021).



VEXcode VR uses the same block-based programming language that is used for physical VEX
Robotics kits, meaning that students can move easily between virtual (or simulated) robotics and

physical robotics.

Computational Artifacts

Computational artifacts are the products of applying computer science concepts within
programming languages. For the purposes of this study, computational artifacts will be the set of
block-based programming scripts that students produce within the VEXcode VR platform. These
computational artifacts can consist of a single set of code blocks (i.e., a script) or multiple sets of
code blocks (i.e., a collection of scripts). An example of a single script that consists of code blocks

is shown in Figure 1.3.

Figure 1.3

Example computational artifact showing code blocks that control a virtual robot.
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Computational Concepts

As noted in the previous section, computational artifacts are comprised of a set, or sets,
of code blocks. These code blocks represemputational conceptthat are used to execute the
code. Brennan and Resnick (2012) refer to these computational concepts as the “concepts designers
engage with as they program” (p. 1). According to Brennan and Resnick (2012), there are seven
concepts that highly useful and transfer across both programming and non-programming contexts.
These are the conceptss#quencedoops parallelism events conditionals operators anddata

The following sections de ne each of thesemputational concepts

Sequences

Sequencesire a key programming concept wherein an activity or task to be performed is
comprised of a series of steps or instructions (Brennan & Resnick, 2012). This set of instructions
speci es the behavior or action that should be produced by computer program. For example, Figure

1.4 shows a set of steps that tells a VEXcode VR robot to draw a square by executing the steps to:

1. Move the pen down

2. Drive forward for 200 mm
3. Turnright for 90 degrees
4. Drive forward for 200 mm
5. Turn right for 90 degrees
6. Drive forward for 200 mm
7. Turn right for 90 degrees
8. Drive forward for 200 mm

9. Turn right for 90 degrees
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Figure 1.4

The Sequence of instructions that produce a square.

Loops

According to Brennan and Resnick (201@ppsallow us to repeat the same sequence (or
set of instructions) multiple times. In block-based programming languages like that of the VEXcode
VR platformloopsare represented by a “repeat” block. Therefore, the previous set of instructions
shown in Figure 1.4 which repeatedly instructs the robot to drive forward and make 90 degree right
turns can be shortened to a sequence that includes a repeat code block that tells the robot to repeat

that sequence of instructions 4 times (see Figure 1.5).

Figure 1.5

Example of instructions that produce a square using a loop.
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Events

In block-based programmingyentsallow a user to interact with the set of instructions
being executed. That isventsare an occurrence of something that causes another thing to happen
(Brennan & Resnick, 2012). The VEXcode VR platform, like other block-based programming
languages includes code blocks that allow the programmer to specify a sequence of instructions to
execute when an event occurs. These blocks are contained within the “Events” block category. In
the case of VEXcode VR, theventsshown in Figure 1.6 that cause another sequence to be executed
include when a robot's sensors (e.g., bumpers or eyes) detect something, when a timer reaches a

certain amount of time, or when the robot receives a message.

Figure 1.6
Code Blocks Representing Types of Events in VEXcode VR.

Parallelism

Parallelismis de ned as sequences of instructions being executed at the same time (Brennan
& Resnick, 2012). In some block-based programming languages, this means that multiple sets of
instructions may be attached to the “When Started” block. However, in the case of VEXcode VR
this may not make sense given that the limitation of the robot. Multiple sequences of instructions

may not be possible for the robot to execute all at once.

Conditionals

A key computational concepis that ofconditionals Conditionalsrefer to the ability to

make decisions based on the existence of certain conditions (Brennan & Resnick, 2012). This
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concept appears in programming environments using the “if” block. That is, if a certain condition
exists, or true, then a particular sequence of instructions is carried out. Otherwise, a different set of
instructions may be given. In this wagonditionalsdetermine the behavior of the code. Figure 1.7
shows an example of a conditional statement the robot's pen color is set to black if the square side

it's drawing is even, otherwise it sets the pen color to red.

Figure 1.7

Example of Conditionals in VEXcode VR Determining the Behavior of the Robot.

Operators

According to Brennan and Resnick (2018peratorsallow a programmer to perform
both numeric and string manipulations. This typeomputational concepprovides support for
mathematical and logical operations as well as string expressions. Figure 1.8 shows the types of

operatorsavailable for use within the VEXcode VR platform.
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Figure 1.8
Operator Blocks Available in the VEXcode VR Platform.

Data

As acomputational conceptdatarelates to the storage, retrieval, and updating of values
(Brennan & Resnick, 2012). Block-based languages like that of the VEXcode VR platform generally
offer two ways of containing data: 1) variables which can contain a single number or string, and 2)
lists which can contain a collection of numbers or strings. Figure 1.9 shows the blocks associated

with containingdatathat are available with the VEXcode VR platform.

Figure 1.9
Variables blocks in VEXcode VR that Support Storage, Retrieval, and Updates of Data.
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Computational Thinking Terms

Despite a noted lack of consensus on a single de nition of computational thinking, there are
core processes involved in thinking computationally that are consistent across the literature (Selby
& Woollard, 2013). Selby and Woollard (2013) proposed that these processes consisted of abstrac-
tion, decomposition, algorithmic design, evaluation, and generalization (or, pattern recognition).
Moreover, these thought processes are embedded within the operationalized de nition of CT put
forth by ISTE (2011) and the practices of the K12 Computer Science (CS) Framework standards
(2021b). The following sections provide de nitions of these terms associated with CT which are

embedded within the literature reviewed by this study.

Abstraction

To Aho and Ullman (1994), the automation of abstraction is the fundamental de nition of
computer science. For this reason, Wing (2014) notes that abstraction is the "most important and
high-level thought process in computational thinking" because it "gives us the power to scale and
deal with complexity." We use abstraction when we de ne patterns and generalize solutions (Wing,
2014). Abstraction is the process by which one focuses on only the relevant details of a problem.
In this way, the complexity of the problem is reduced (Computer Science Teachers Association,
2021c). Beecher (2017) adds that abstraction allows an idea to be expressed for a particular context
while simultaneously suppressing the irrelevant details for that context. The author goes on to note
this is a key component of computer science and computational thinking. The K-12 CS Framework

(2021b) lists "Developing and Using Abstractions" as a core practice (i.e., Practice 4) and states that

Abstractions are formed by identifying patterns and extracting common features from
speci c examples to create generalizations. Using generalized solutions and parts of
solutions designed for broad reuse simpli es the development process by managing

complexity.
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Decomposition

In addition to abstraction, Wing (2006) suggests that computational thinking is the decom-
position of large, complex tasks or problems. Decomposition is de ned as the process of breaking
problems down into smaller components that are more manageable (Computer Science Teachers
Association, 2021c). In computing, these large, complex problems often consist of multiple in-
terrelated parts or sub-problems that can be understood and solved independently of one another
(Beecher, 2017). Beecher (2017) notes that decomposition is a problem-solving strategy that gives a
starting point for the formulation of a solution rather than a complete plan of action. The author
also points out that the process of decomposition not only illuminates the relationship between the
sub-problems, but it can aid collaboration since these sub-problems can be solved independently by

different people, potentially simultaneously.

Algorithmic Thinking

In seeking a single, uni ed de nition of computational thinking, Selby and Woollard (2013)
found that the term algorithmic thinking was consistently de ned across the computational thinking
literature. Therefore, they recommended its inclusion in the de nition of computational thinking.
Algorithmic thinking is de ned as the process by which a step-by-step set of instructions or
procedure, called an algorithm, is developed to solve a problem or achieve some end (Computer
Science Teachers Association, 2021a; Selby & Woollard, 2013). Beecher (2017) cautions that these
instructions must be clear, detailed, and carried out in sequential order because computers will do

exactly as directed.

Generalization (Pattern Recognition)

Selby and Woollard (2013) note that while the term generalization is seldom used in the
literature, analogous processes are described throughout. Generalization describes the ability to
recognize problem patterns that allow solutions to be applied for future problems with common

features. In this way, applying generalization achieves a broader applicability for developed problem
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solutions. Beecher (2017) adds that this process makes a solution “simpler because it contains fewer
distinct concepts, and it becomes more powerful because you can reuse it in other situations” (p.

95).

Evaluation

The operational de nition of computational thinking for K-12 education set forth by CSTA
and ISTE (2011) places emphasis on the characteristic of “identifying, analyzing, and implementing
possible solutions with the goal of achieving the most ef cient and effective combination of steps
and resources.” This implies a process by which solutions are analyzed for wider applicability and
may require tradeoffs (Selby & Woollard, 2013; Wing, 2006). Beecher (2017) suggests that the
problem-solving process is not complete until one has evaluated the quality of the solution in terms

of correctness, ef ciency, simplicity, and applicability.

Signi cance of the Study

The literature suggests that ER bene ts students in areas like STEM conceptual understand-
ing and collaboration. However, some issues arise surrounding the use of ER in classrooms. First, it
may be dif cult for students to distinguish between software and hardware issues (Witherspoon et al.,
2017). Moreover, Witherspoon et al. (2017) note that the programming associated with physical
ER often lacks depth and suf cient focus on computer science content. It is possible that virtual
educational robotics (VER) could alleviate some of these issues, particularly mechanical issues
associated with robotics hardware. A few studies suggest that VER shows many of the same bene ts
with respect to learning outcomes, particularly when used to teach computer science fundamentals
(see Gucwa & Cheng, 2018; Tellez, 2017). However, there are few studies that examine the use
of VER for eliciting students' computational thinking skills, despite their connections. This study
aims to add to the understanding of how VER programs can contribute to identifying and assessing
students' computational thinking skills. In particular, the study seeks to identify whether and how

students are able to re ect on VER artifacts in a manner that illustrates computational thinking.
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Theoretical Framework

The theoretical framework provides a structure from which to summarize the theories
undergirding a study, aids in building a theoretical background for synthesizing the existing literature,
and forms a basis for the researcher’s interpretations of meaning in their research data (Kivunja,
2018). The following sections provide the theories that guide this study as well as the conceptual
frameworks employed in the study. These are followed by the researcher's inquiry worldview and

subjectivity.

Constructionism

This study is guided by Papert's (1991) theory of constructionism. Constructionism builds on
Piaget's theory of constructivism which posited that learning was mediated through the construction
of mental objects (or schemas) resulting from children's interaction and experimentation with the
physical world (Nathan et al., 2014). Constructivism asserts that knowledge is constructed by the
learner rather than transmitted by the teacher (Kafai & Resnick, 1996). Papert extended this view that
learning is an active construction of knowledge from experience rather than a passive internalization
of information (Nathan et al., 2014), with the notion that knowledge is more effectively constructed
when learners are engaged in creating artifacts that are personally meaningful (Kafai et al., 2009).
Thus, there are two key elements of constructionism: 1) the construction of new knowledge; and 2)
the construction of artifacts that have personal and social relevance on which learners can re ect
(Papert, 1991). Papert termed these artifacts as “objects-to-think-with” which learners build to make
ideas into tangible items on which they can re ect as well as share with others to negotiate meanings
(Ackermann, 1996). The external nature of constructed artifacts not only brings to light learners'
understandings and misconceptions but also enables the critique of experts (Halverson & Sheridan,

2014).
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Re ection-in-Action

Constructionism posits that learners' created artifacts are “objects-to-think-with” which
allow for re ection. Re ection has been recognized as important for developing deeper under-
standing in learning (Sawyer, 2014) since it reveals learners' conceptual understanding and can
allow learning outcomes to be assessed (YuekMing & Manaf, 2014). Thus, Schén's (1983) theory
of re ection-in-action also provides a theoretical frame for this study. Re ection-in-action is de-
ned as a re ective practice which places emphasis on understanding gained through addressing
ill-structured problems (Schon, 1983), like those presented in educational robotics activities. Schon
described re ection-in-action as the way in which practitioners employ re ection while engaged in

their practice, particularly when faced with complex problems (Tracey & Baaki, 2014).

Conceptual Framework

This study aims to examine middle school students' use of computational thinking when
participating in virtual educational robotics activities. De nitions of computational thinking in the
literature are very uid, creating dif culty for both researchers and educators to determine how to
teach and evaluate it (Zapata-Caceres et al., 2021). To operationalize computational thinking, this
study adapts a framework that emerged from studies of Brennan and Resnick (2012) that examined
young programmers use of Scratch. This framework consists of three key dimensioosidl)-
tational conceptsor the concepts engaged with by learners as they progracon@putational
practices or the practices learners develop as they engage with computational concepts, and 3)
computational perspectivesr the perspectives learners form about the world and themselves as
they engage in programming. The following sections de ne these key dimensions and describe

whether and how they are employed by this study.
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Computational Concepts

Brennan and Resnick (2012) identi ed sevesmputational conceptshey describe as
highly useful to their Scratch programming language used in their studies. They also suggest that
these concepts transfer to other programming contexts, such as the block-based programming
environment offered by VEXcode VR being used in this study. These concepts, de ned in an earlier
section, consist adequencedoops events parallelism, conditionals operators,anddata

This study adopts all but one of thesemputational conceptas part of the conceptual
framework. Whereas Brennan and Resnick's (2012) studies used the Scratch programming where
multiple agents, called sprites, could exist and enact different code-based behaviors simultaneously,
the VEXcode VR programming environment provide only one agent, the simulated robot, to enact
code-based behavior at a time. Therefore,dbmputational concepof parallelism does not

transfer well to this study.

Computational Practices

In their analyses, Brennan and Resnick (2012) found that framing computational thinking
in terms ofcomputational conceptdid not suf ciently represent all elements of a programmer's
learning and participation. Thus, their framework included “the design practices [they] saw kids
engaging in while creating their projects” (pp. 6-7). The authors suggest thatcthegeitational
practiceshome in on “how you are learning” rather than “what you are learning.” Brennan and
Resnick (2012) included four core sets of practices they observed in their stidynd)ncremental
and iterative 2) testing and debugging3) abstracting and modularizingand 4)reusing and
remixing.

The rst set of practicesbeing incremental and iterativecaptures what Brennan and
Resnick (2012) describe as the adaptive process of reaching a solution by small steps. Programmers
may plan and implement a portion of the progrdreifig incrementaland test it out only to nd
that the plan must be adjustdae{ng iterativg. This set of practices may reveal problems with the

programmer's plan necessitating the next set of practtesing and debuggingin this second
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core set of practices, programmers engage in strategies to both anticipate and address problems
in their solutions. The kids in Brennan and Resnick's (2012) exhibited these practices through
experimentation with their programs until the reaching the desired behavior. Next, the practices
of abstracting and modularizinglescribes how a programmer might build a larger solution by
bringing together a collection of smaller parts. Finally, the practicegw$ing and remixing

describe how programmers might build on their own or others' work. For the purposes of this study,
we will be focused primarily on theeusingasremixing is a terminology speci c to the Scratch

online community where Scratch programmers are actively encouraged to “remix” other Scratchers'

code projects.

Computational Perspectives

Brennan and Resnick (2012) describe the nal dimension in their computational thinking
framework,computational perspectives terms of how their programmers expressed their chang-
ing understanding of themselves, others, and the world. This key dimension of their framework was
deeply rooted in the social aspects of the Scratch online community. Within the Scratch community,
programmers are encouraged to use and adapt others' Scratch programs (remixing) or to share their
own programs for others to remix. As the VEXcode VR platform employed in this study's activities
does not include such a community, this dimension is not included in the adapted conceptual
framework for the current study. As such, Table 1.1 shows the nal conceptual framework adapted

from Brennan and Resnick (2012) for the purposes of the present study.
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Table 1.1

Key Dimensions of Computational Thinking with Corresponding Components

Dimension Components
Sequences
Loops
Events
Conditionals
Operators
Data
Being incremental and iterative
Testing and debugging
Abstracting and modularizing
Reusing

Computational Concepts

Computational Practices

Note.Adapted from Brennan and Resnick (2012).

Inquiry Worldview

Worldviews are general philosophical orientations about the world and the nature of research
that researchers bring to their studies (Creswell & Creswell, 2017). Crotty (1998) notes that
throughout every step in our research, “we inject a host of assumptions” (p. 17). These philosophical
assumptions shape our research goals and outcomes, our training and research experiences, and our
evaluative criteria for research-related decisions (Creswell & Poth, 2018).

| believe that our philosophical assumptions are built upon experiences that aid us in con-
structing meaning about the world around us. These experiences are the result of our interaction with
the world and others in it. We construct meaning from these interactions and build an understanding
of the world around us. Crotty (1998) notes that humans engage with the world and make sense of
it based on their historical and social perspectives. This brings the context or setting we wish to
study into focus as historical and cultural settings will shape the meanings others have about the
world. The view that meanings are constructed socially and historically, formed through interaction

with others and not simply imprinted on individuals, is known as social constructivism (Creswell &
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Creswell, 2017).

As a researcher, | recognize that my own cultural and historical experiences will shape my
interpretation of research results. Therefore, | position myself within my own research and seek to
understand the meanings others have constructed about the world. In particular, | seek to understand
the meanings others have constructed about computational thinking practices, particularly within
informal learning environments (e.g., makerspaces).

Informal learning environments, such as makerspaces or non-pro t organizations that offer
out of school learning programs, provide a context in which learners are actively constructing
meaning about the world in a very social way. Activities within these environments are often
inquiry-driven and collaborative. Understanding how individuals construct meaning within these
contexts could lead to the development of theory about the aspects or experiences that contribute to
learners' sense-making. By adopting a social constructivist stance and positioning myself within
my research in acknowledgement of my own experiences, | hope to gain a broader perspective that

will help me reach this understanding.

Subjectivity

| acknowledge that our experiences interacting with the world around us aids us in building
an understanding of the world with which to construct meaning. Therefore, it is important to re ect
on my own experiences that are most relevant to this topic of study. As a child, | spent a good amount
of time with my maternal grandmother outside of school while my parents worked. My grandmother
would supply materials for craft projects like sewing and crocheting to keep me occupied during our
time together. She would give a small amount of instruction on how to complete these projects if
she was not busy with her own household chores. However, if she were occupied, she would often
allow me to tinker with the crafts on my own, stopping only to answer my questions whenever |
experienced dif culties. Instead of pointing out my mistakes, my grandmother would ask me to
look at my project and explain to her where | thought the problem existed and what | thought may

have gone wrong. This encouragement to re ect on my work and explain my process resulted in
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what | consider to be some of my most valuable learning moments. These experiences helped shape
my own teaching style and, ultimately, my epistemological beliefs as a constructionist by showing
me the power of hands-on, problem-based learning.

Moreover, as a rst-generation college student from a rural area with limited access to
technology, | had particularly little exposure to computing throughout my early academic career.
Thus, I believe | can adopt an “insider” view and understanding of some of the unique challenges that
the population of students | seek to study faces. Many traditionally underserved students in the STEM
programs | have studied are also from lower to middle class homes and would be rst-generation
college students should they pursue post-secondary education. Despite this connection with my
study population, there are some perspectives that might be more dif cult for me to understand
such as those of students from different races, ethnicities, or sexual orientations. However, as a
white female in a STEM eld who is also a person with a disability, | bring an understanding
of the concept of intersectionality and the multiple avenues it creates for discrimination and/or
marginalization to my research. Therefore, | approach my studies with constructionist views that are
informed by interpretivist theories such as critical theory, critical race theory, and feminist theory.

Finally, | am both a former software engineer and an informal educator whose primary
focus was teaching computational science. Therefore, | bring my own professional experiences,
knowledge of programming practices, and the nature of computational thinking to bear in this
study. | believe that my combined 17 years of expertise have given me a particular insight into
how computational thinking strategies are employed in both academic and industry settings as well
as the computer science conceptual knowledge necessary to do so. | will draw on this aspect of
my background as | analyze the data for this study, particularly when identifying how students’

problem-solving strategies align with computational thinking.

Overview of Methodological Approach

For this study, a qualitative case study approach (Creswell & Clark, 2017; Creswell &

Creswell, 2017) will be used and data will be collected from middle school students at a middle
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school in the southeastern United States. It is expected that this context may highlight key issues
affecting the ef cacy of such programs with a potential for identifying ways to address them in
order to meet the growing STEM workforce demands regarding computing. The study design
consists of three phases. In Phase 1, qualitative data consisting of students' computational artifacts
and structured re ections is gathered during the study activities. Phase 2 consists of qualitative,
semi-structured interviews with students. Finally, data analysis and integration of the ndings are
carried out in Phase 3 of the study. The phases of the research design are described in more detail in

Chapter 3 and illustrated in Figure 3.1.

Organization of the Study

Chapter 1, Introduction, gives an overview of the study, including its purpose and signi -
cance, de nitions of key terms, theoretical framework, and the methodological approach employed.
Chapter 2, Literature Review, provides a review of the relevant theoretical and empirical literature
and aims to situate the study within the eld. Chapter 3, Methodology, details the research proce-
dures proposed to address the research questions that frame the study. Chapter 4, Findings, presents
the case study ndings for each case. Chapter 5, Discussion, expands on the ndings from Chapter
4 and their ties to the current research literature and also presents resulting implications for practice

and future research.
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Chapter 2: Literature Review

The purpose of this literature review is to provide a synthesis of the existing literature
on educational robotics as a learning tool for eliciting computational thinking. In their review of
literature on developing computational thinking for young learners through educational robotics,
Ching and Hsu (2021) found educational robotics to help young learners develop computational
thinking skills along multiple dimensions. They note that if age-appropriate kits were chosen, frus-
tration was reduced and thus created successful learning experiences. Therefore, they recommended
further study on the integration of educational robotics into the classroom for developing students'
computational thinking abilities.

This study examines how participation in VER activities elicits middle school students’
use of computational thinking. The study also examines whether and how middle school students'
written and verbal re ections on virtual robotics artifacts captures their use of computational

thinking practices. The following questions frame the study:

1. How do middle school students' virtual educational robotics artifacts exhibit computational

thinking?

2. How do middle school students articulate their use of computational thinking in written

re ections on their virtual educational robotics artifacts?

3. To what extent do virtual educational robotics artifacts facilitate students' articulation of

computational thinking in their verbal re ections?

The purpose of this literature review is to synthesize the qualitative review of the existing
literature on using educational robotics to elicit students' computational thinking. The literature
review begins with an overview of the importance of developing this conceptual knowledge and how
educational robotics has evolved as a learning tool. The overview is followed by a synthesis of the

studies that have examined educational robotics as a learning tool for fostering students' conceptual
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knowledge across a variety of disciplines. Finally, an examination of the key issues and a rationale

for the signi cance of the research problem are presented.

Literature Search

For this literature review, high-quality empirically-based research studies of educational
robotics that speci cally examined students' development of conceptual knowledge, particularly
conceptual knowledge associated with computational thinking, were identi ed. First, a broad
literature search on computational thinking was conducted using the following electronic sources:
ERIC, JSTOR, Google Scholar, and the Association for Computing Machinery's Digital Library.
The following key words and phrases were used both individually and in various combinations:
virtual robotics, educational robotics, computational thinking, k-12 classroom, and immersive virtual
robotics environment. The search included both reports for national meetings and consortiums held
in regard to the search topic and empirical, peer-reviewed research articles published since 2006.
Scholarly reviews of literature identi ed during the initial literature searches and reference lists of
key studies were used to identify further studies of relevance to the research problem.

The search was restricted to results where the full text was available online. Moreover,
related dissertations were searched in an effort to identify any studies that may have been missed
in the aforementioned search strategies. Abstracts of the identi ed studies were then reviewed to
determine their relevance to the current study. Special effort was made in this review to identify
which of these relevant studies, if any, captured students' re ections as a data source. Any study

that was not suf ciently relevant to the research questions for the current study was eliminated.

Literature Synthesis

The next section presents the theoretical context for this study followed by discussion of
how this theoretical context provides a foundational relationship between computational thinking

and educational robotics.
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Theoretical Context

Seymour Papert (1991) referred to his theory of constructionism as “learning-by-making”
(p. 1). Constructionism builds on Piaget's theory of constructivism which posited that learning
was mediated through the construction of mental objects (or schemas) resulting from children's
interaction and experimentation with the physical world (Piaget, 1973; Nathan et al., 2014). Piaget,
and others like Dewey and Vygotsky, saw children as the center of the learning process (Martinez &
Stager, 2013). In constructivism, learning is a personal process where new knowledge is the result
of learners' making sense from any new experiences and integrating those into what they already
know or have experienced (Martinez & Stager, 2013). Thus, Piaget saw learning as progressing in
stages from the concrete to the abstract as new mental schemas emerged from learners' interactivity
with the world (Ackermann, 1996; Nathan et al., 2014). Papert extended this view that learning
is an active construction of knowledge from experience rather than a passive internalization of
information (Nathan et al., 2014), with the notion that knowledge is more effectively constructed
when learners are engaged in creating artifacts that are personally meaningful (Kafai et al., 2009).

As Papert (1991) puts it:

Constructionism—the N word as opposed to the V word—shares constructivism's con-
notation of learning as building knowledge structures irrespective of the circumstances
of learning. It then adds the idea that this happens especially felicitously in a context
where the learner is consciously engaged in constructing a public entity whether it's a

sandcastle on a beach or a theory of the universe. (p.1)

Another important aspect of constructivism that informs constructionist learning theory is
Piaget's emphasis on the “other”, or rather that learners achieve a deeper understanding via moments
of separation when they detach themselves from their experiences and “objectify” them, making

them tangible (Piaget, 1973; Ackermann, 1996). Ackermann (1996) elaborates on this point:

They [learners] become their own observers, narrators, and critics. Then, again, they

newly engage their previously “objecti ed” experience. They dive back into it and try
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once more to gain intimacy. Both “diving in” and “stepping out” are equally needed to

reach a deeper understanding. (p. 32)

Ackermann (1996) refers to this process of “stepping out” as perspective-taking and suggests it
aligns with the construction of tangible objects, supporting Papert's view that learning is especially
facilitated by creating personally meaningful artifacts that can be shared.

Constructionism moves constructivist theory toward action where learners engage in “per-
sonally meaningful activity outside of their head” and it “acknowledges that the power of making
something comes from a question or impulse that the learner has, and is not imposed from the
outside” (Martinez & Stager, 2013, p. 32). Kafai et al. (2009) note that, for constructionism, the
importance lies not in what form these artifacts take, but rather in learners' active engagement in
“creating something that is meaningful to themselves or to others around them” (p. 19).

According to constructionism, schemas are gradually constructed as learners build these
physical artifacts (Halverson & Sheridan, 2014). Papert termed these artifacts as “objects-to- think-
with” which learners build to make ideas into tangible items that they can share with others to
negotiate meanings (Ackermann, 1996). The external nature of constructed artifacts not only
brings to light learners’ understandings and misconceptions but also enables the critique of experts
(Halverson & Sheridan, 2014). For Papert (1980), the importance was on the public nature of these

artifacts, regardless of whether a student was building some physical object or a computer program.

Re ection-in-Action: Placing an Emphasis on “Thinking”

Constructionism places emphasis on learners' ability to re ect on the artifacts they create.
Re ection gives students the opportunity to compare their problem-solving decisions and evaluate
what they might have done differently (Nathan et al., 2014). Schén (1983) proposed that the process
of re ecting on practice was critical for engaging in complex activities. Learning environments that
foster re ection help students identify strategies that lead to successful problem solving (Nathan et
al., 2014). Schon (1983) stressed that this process of re ection, called re ection-in-action, allowed

an individual to draw on their “repertoire” (i.e., prior knowledge) to frame a problem and then
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develop a solution to that problem. In this way, individuals can deal with the challenges that arise
from dynamic, unstructured problems (Schon, 1983), such as those found in educational robotics.
Studies examining computational thinking have used re ection as strategy for engaging
students in reviewing their programming experiences and found it to help students develop CT
practices such as evaluation (e.g., testing and debugging) (Lye & Koh, 2014). Moreover, YuekMing
and Manaf (2014) found that examination of students' re ective thinking revealed some learning
outcomes that summative assessments could not. In fact, re ection has the potential to identify where
and with what concepts students experience dif culty. For example, Moon et al. (2022) examined
the re ections in undergraduate students' coding journals and foundaimputational concepts
andpracticesthat were dif cult for students to learn. The authors noted that these were the concepts
of parallelism, conditionals data andoperatorsand the practices @ésting and debuggingnd
abstracting and modularizingDespite the insights that examining students' re ections seems to
provide, much of the literature focuses on examining the re ections of undergraduate students, a

fact also noted by Lye and Koh (2014).

Constructionist Foundations of Computational Thinking

Constructionism as a theoretical framework for educational robotics is founded on its
association with computational thinking practices in learning environments that involve the use of
computers (such as makerspaces and Computer Clubhouses; see Kafai et al., 2009; Martinez &
Stager, 2013). Papert (1991) explains that constructionism'’s particular connection to computers lies
in the “wide range of excellent contexts for constructionist learning” (p. 8) that they provide. He
developed the Logo programming language as one such context, that he called a “microworld"”, to
enable students to construct knowledge of geometry and computation via programming animated
“turtles” (Papert, 1980). A microworld, according to Papert (1980), provided an environment with
its own set of constraints and assumptions in which learners could acquire and construct knowledge
in a natural way.

Through his work with the Constructionist Learning Lab, Papert advocated for children to
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use computers and make things with them through programming (Martinez & Stager, 2013) as
well as for learning environments where “learning is achieved through experimentation, practice,
and exposure to the real world” (Papert, 1996). Papert viewed programming as “the most powerful
medium of developing the sophisticated and rigorous thinking needed for mathematics, for grammar,
for physics, for statistics, and all the "hard' subjects” (Denning & Tedre, 2019, p. 175). As Papert
(1980) suggests:

Programming a computer means nothing more or less than communicating to itin a
language that it and the human user can both “understand.” And learning languages
is one of the things that children do best. Every normal child learns to talk. Why then

should a child not learn to “talk” to a computer? (pp. 5-6)

It is perhaps this view of programming's contribution to developing learners' thinking that aligns
best with Jeannette Wing's call for computational thinking as a skill for all. Kafai and Burke (2014)
further support this by pointing out that key features of computational thinking (e.g., articulating
procedures, recognizing patterns, and debugging) are evident as children learn to code digital
artifacts that they can share with their peers

Constructionism is a foundational learning theory for computational thinking. Papert (1996)
coined the phrase “computational thinking” to describe the type of procedural process he was
teaching via the Logo programming environment which was built around his constructionist princi-
ples. Despite his focus on teaching mathematics, Papert saw the importance of programming as a
contextual medium for all subjects (Denning & Tedre, 2019). Moreover, learning environments that
have incorporated computational thinking practices have constructionist underpinnings (Kafai et al.,
2009; Martinez & Stager, 2013). To be able to assess the use of computational thinking practices, it
is important to consider these theoretical underpinnings and their dimensions, as they will help build
an understanding of how learners construct knowledge when engaging in computational thinking
practices. In particular, constructionism's emphasis on the construction of tangible artifacts that
make learners' understandings and misconceptions visible (Halverson & Sheridan, 2014) may

be especially important as the identi cation of learners' misconceptions is a key component to
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assessing learning outcomes via student-created artifacts.

What is Computational Thinking?

CT is loosely de ned in the literature as “the thought processes involved in formulating a
problem and expressing its solution in a way that a computer (human or machine) can effectively
carry out” (Wing, 2006). Wing (2006) further notes that engaging in CT was not thinking like a
computer but engaging in cognitive processes in order to solve problems with both ef ciency and
creativity. Additionally, she argued that CT involved the three key constructs (called the three As
of CT): 1) algorithms (i.e., step-by-step series of instructions); 2) abstraction (i.e., generalizing to
solve similar problems); and 3) automation (i.e., using digital tools to mechanize problem solutions)
(Wing, 2006).

In keeping with Wing's de nition, Denning and Tedre (2019) describe computational
thinking as a “thinking tool” for understanding the social world where technology, particularly
computing, is pervasive in all aspects of human life. The authors also point out that computational
thinking has “irrevocably changed the tools, methods, and epistemology of science” (p. xi) and its
bene ts extend “beyond programming” (Denning & Tedre, 2019). Denning and Tedre (2019) go on
to de ne computational thinking as “mental skills and practices for designing computations that get
computers to do jobs for us and explaining and interpreting the world as a complex of information
processes” (p. 4).

In an effort to operationalize CT for adoption in K-12 education, the International Society of
Technology in Education (ISTE) and the Computer Science Teachers Association (CSTA) enhanced

Wing's (2006) de nition by specifying that CT involves:

Logically organizing and analyzing data; representing data through abstractions such as
models and simulations; automating solutions through algorithmic thinking (a series of
ordered steps; identifying, analyzing, and implementing possible solutions with the goal
of achieving the most ef cient and effective combination of steps and resources; and

generalizing and transferring this problem-solving process to a wide variety of problems
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(Computer Science Teachers Association & International Society for Technology in

Education, 2011).

ISTE and CSTA (2011) further specify that these skills are supported and enhanced by dispositions
(or attitudes) like persistence in working with dif cult problems, the ability to deal with open-ended
problems, and the ability to work collaboratively toward a common goal or solution.

Beyond the loosely de ned practices and dispositions provided by Wing (2006; 2008), ISTE,
and CSTA (2011), the literature contains varied operational de nitions of CT. Some studies use ISTE
and CSTA's guiding principles, attitudes, and dispositions, whereas other studies gravitate toward
Denning's (2003) great principles of computing or Brennan and Resnick's (2012) framework which
de nes computational thinking in terms of computational concepts, practices, and perspectives.
Still others have sought to nd the overlap in these varied de nitions and provide an overarching
framework (see Selby & Woollard, 2013; Kalelioglu et al., 2016). However, this lack of consensus
regarding a single de nition of CT practices is consistently noted throughout the literature and
presents one of the largest challenges of incorporating CT across the K-12 curriculum which will be

discussed in the following section.

Assessing the Development of CT in K-12 Contexts

If a case is to be made for incorporating the use of computational thinking practices in K-12
contexts, then ways of assessing the use of those practices should be considered. Martins-Pacheco
et al. (2020) note that assessment of computational thinking is one great challenge in attending to
the demands of K-12 education. In their systematic mapping study, these authors note a shift in the
literature from “programming courses are the most common pedagogical approaches to promote CT
for K-12 students” to “CT within the context of non-computing disciplines” (p. 299). However, one
key issue they found across the literature in their study is that assessment methodologies employed
in assessing computational thinking generally dealt with isolated experiences making it dif cult to
inform decisions for curricula or educational policy regarding computational thinking.

Despite this issue, the authors nd a variety of assessment methodologies for computational
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thinking in the literature. These range from pre- and post- surveys examining both conceptual knowl-
edge and attitudes toward computing to examinations of student-designed artifacts. Martins-Pacheco
et al. (2020) suggest that the latter are important assessment tools within educational environments
due to their formative nature and alignment with constructionism and scaffolding. However, it is
important to note that Brennan and Resnick (2012) previously cautioned that assessment of these

artifacts alone could provide an inaccurate sense of students' computational competencies.

Educational Robotics as Constructionist Mechanisms for Developing CT

Beyond its connections to CT, constructionism underlies Papert's creation of a robotic device
called a “Turtle” which was controlled by the LOGO programming language (Evripidou et al., 2020).
Papert maintained that students' experiences building the robotic structure of the “Turtle” allowed
them to construct knowledge, especially with respect to problem-solving and reasoning (Druin
& Hendler, 2000). The LOGO programming environment sought to support students' learning of
geometry by allowing them to control a virtual turtle's movements on the screen and, later, a physical
turtle (Papert, 1980, 1991). Papert's work with the “Turtle” and the LOGO programming language
that controlled it gave rise to a collaboration with LEGO which resulted in the rst programmable
robotics construction kits (Martinez & Stager, 2013).

Alimisis and Kynigos (2009) propose that the constructionist perceptions of learning t well
with building both robots and the programs that control them because the goal of robotics is to have
humans use robots to complete tasks that are arduous, repetitive, potentially dangerous, or physically
impossible. Eguchi (2012b) adds that educational robotics not only provides a manipulative with
which children can think and interact, but it also gives immediate feedback on the success of their
efforts.

In a review of the eld, Alimisis (2013) found educational robotics like the LEGO construc-
tion kits as beginning to show potential for signi cant impact across all levels of STEM education.
Educational robotics provides a context for “constructionist learning experiences” (p. 64) and a tool

where students can engage in solving real world problems by interacting with their environment.
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These learning experiences are not without obstacles. Alimisis (2013) found the time-consuming and
costly nature of educational robotics activities to be consistently barriers in the literature. Despite
these challenges to incorporating educational robotics activities into the classroom, Alimisis (2013)
suggests that the approach to educational robotics should focus on the curriculum rather than the
robots themselves. For Alimisis (2013), an emphasis on the curriculum while viewing robots as a
technological tool aligned to educational theories will lead to successful learning outcomes.

Educational robotics can also help students develop ne motor skills, hand eye coordination,
and programming concepts that facilitate computational thinking (Bers et al., 2014). In particular,
Bers et al. (2014) found the TangibleK robotics curriculum for kindergarten students to foster
computational thinking skills such as problem representation, algorithmic thinking, evaluation
and debugging. Whereas this curriculum introduced students to programming concepts within
the context of controlling a robotic vehicle in what the authors refer to as a “developmentally
appropriate” way, particularly using tangible and graphical programming languages, the authors
note that a limitation was that students spent more time troubleshooting hardware issues than
engaged in programming.

Bers et al. (2014) are not alone in recognizing the importance of the pedagogical approaches
associated with educational robotics. Bottino and Chioccariello (2015) propose that speci ¢ learning
goals can be achieved through the effective use of targeted programming languages, microworlds,
and robotics construction kits. They note Papert's Logo turtle as one particular example that pro-
vided both a physical robot as well as a virtual robot to make the abstract ideas behind differential
geometry “concrete and accessible to children” (Bottino & Chioccariello, 2015, p. 303). Educa-
tional robotics provides an excellent context for introducing students to computational thinking
since robotics kits are in themselves microworlds that provide support to learners by giving them
“structured context and powerful primitives while taking care of the syntactical aspects of coding”
(Bottino & Chioccariello, 2015, p. 304). However, Bottino and Chioccariello (2015) caution that
the construction of artifacts like robots does not guarantee learning and such activities should

be embedded in learning environments that foster elements like collaboration, discussion, and
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re ection. The last of these, re ection, may be particularly important as a means for students to
construct new knowledge.

The construction and programming of educational robots fosters students' ability to “ques-
tion, think, analyze, and act” (Eguchi, 2016, p. 82) while engaging in problem solving. Eguchi (2016)
touts educational robotics as a learning tool for computational thinking because even accomplishing
something as simple as moving the robot forward requires that students think in terms of ordered
step-by-step instructions, thereby fostering algorithmic thinking. Such a computational thinking
skill is necessary for the creation of solutions that students' can apply when similar situations
arise. Moreover, working with robots requires students to understand the individual components of
complex problems (e.g., the computational thinking skill of problem decomposition) to identify what
components of a robot might be needed to solve a particular problem (i.e., using a distance sensor
to recognize obstacles). Finally, educational robotics encourages students' ability to generalize by
allowing them to recognize patterns and use previously developed solutions to more quickly solve
new problems.

Computational thinking was also one of six key learning outcomes associated with educa-
tional robotics activities, speci cally robotics competitions, identi ed by Evripidou et al. (2020).
They noted that elements of CT, such as decomposition, algorithmic thinking, or generalization,
were especially applicable in the problem-solving approaches participants employed in robotics com-
petitions. In fact, the authors suggested that robotics competitions “strongly enhanced” participants'
CT skills.

Whereas others have noted the bene ts of educational robotics as a means of enhancing
students' use of CT skills, Fanchamps et al. (2022) note that students have a tendency toward
using linear programming structures despite having been exposed to the use of robots' sensors and
parallelism in code. The authors suggest that students have particular challenges in understanding
how to implement and use robotic sensors, a skill that requires students to apply what they call
“Sense-Reason-Act” thinking. Fanchamps et al. (2022) suggest that this may be due to the nature of

a static and unchanging environment in which students are programming robots. The authors note
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that programming their robots to perform tasks which are dynamic in nature requires students to use
more abstract thinking.

Finally, Jawawi et al. (2022) found a statistically signi cant increase in Malaysian secondary
school children's pattern recognition and decomposition skills when introduced to CT through
educational robotics activities. Despite the literature suggesting that a longer-term intervention is
necessary when teaching students educational robotics, the study by Jawawi et al. (2022) examined
a two-day intervention that explicitly taught students computational thinking concepts in the context
of constructing C programming instructions for RoboKar mobile robots. The authors note that
students were taught techniques for analyzing the behavior of the robot, including all possible
problems, using a simple owchart. Students were also taught decomposition techniques to aid in
translating complex robot behaviors into a set of simple behaviors that they could then implement
for the RoboKar (Jawawi et al., 2022). This explicit instruction on these techniques could potentially
serve as an example of how an expert practitioner sharing their own approaches impacts novices'

ability to employ those same strategies, particularly with respect to computational thinking.

Educational Robotics Platforms

If we are to understand how educational robotics can be used to develop students' computa-
tional thinking skills, then we must have a clear de nition of what constitutes educational robotics.
Robots are de ned as a system of components and technologies that sense changes in the environ-
ment, process the information sensed, and react to that information (Barker et al., 2012). Robots are
being employed to address a wide array of societal needs such as automating manufacturing and
production or performing medical procedures. As such, robotics platforms have also seen a rise in
use as tools for learning aptly named “educational robotics" (Barker et al., 2012).

Simply de ning educational robotics as the use of robots in education is not suf cient
(Angel-Fernandez & Vincze, 2018). Angel-Fernandez and Vincze (2018) propose a more sound

de nition of educational robotics:

...a eld of study that aims to improve learning experience of people through the
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creation, implementation, improvement and validation of pedagogical activities, tools
(e.g., guidelines and templates) and technologies, where robots play an active role and

pedagogical methods inform each decision (p. 41).

The authors caution that this de nition is vital to the development of educational robotics and
prevent its use in the classroom in a way that may be counterproductive to learning experiences.

Since Papert's work led to the development of LEGO Mindstorms, there have been a number
of other educational robotics platforms offered for both in-classroom use and out-of-school activities
such as robotics competitions (e.g., FIRST LEGO League competitions). These platforms consist
of construction kits and curriculum that range in both complexity and capability (Takéacs et al.,
2016). Takéacs et al. (2016) conducted a study to evaluate available platforms in terms of criteria that
included cost, target audience, modularity of the platform, quality of the curricular materials, and
the possibility for extending the platform. They found eleven major educational robotics platforms
suitable for classroom use based on these criteria. Of the eleven platforms that Takacs et al. (2016)
present in their paper, three platforms have target ages that encompass the age ranges of middle
grades in the United States, are globally available, have high levels of modularity, and include
educational curriculum. However, only two of those three platforms have a cost that is less than
$1000 and offer both physical and virtual robots: LEGO Mindstorms and VEX Robotics. For this
reason, these platforms were investigated more closely for use in the current study.

LEGO Mindstorms rst launched a Robotics Invention System in 1998 in collaboration
with researchers from MIT (Aris & Orcos, 2019). The popularity of this platform led to robotics
competitions for students such as FIRST LEGO League which saw 100,000 participants from over
70 countries just two years after the rst World Championship competition in 2005. Subsequent
versions of the platform, Mindstorms NXT 2.0 and Mindstorms EV3 were released in 2009 and
2013, respectively (Aris & Orcos, 2019). Despite its popularity, Alvarez Caro (2011) suggested that
the VEX educational robotics (VEX EDR) started in 2005 as a means to address needs unmet by
the LEGO platforms, speci cally “a lack of mechanical complexity in the system” needed for high

school students. VEX Robotics kits' affordability, educational materials, and popularity with both



39

middle and high school teachers and students make the platform a viable option for getting robotics
into schools (Alvarez Caro, 2011; Robinson & Stewardson, 2012).

Examination of these two platforms revealed that VEX Robotics offers a virtual robotics
environment that is freely-available, requires no account creation for students, and that is web-
based to ensure accessibility. However, the virtual robotics environment offered by LEGO, called
CoderZ, was only offered free of charge to students and teachers for a short time and does require
account creation for both teachers and students. For this reason, the VEX Robotics virtual robotics

environment became the educational robotics platform of choice for this study.

Programming and Educational Robotics

Educational robots are controlled by writing computational programs. Computer program-
ming concepts used in controlling robots include automating a series of steps, processing input
and output, and generalizing to a wide variety of problems (Sullivan & Heffernan, 2016). Sullivan
and Heffernan (2016) found curricular interventions with robotics in the literature to signi cantly
improve students' understanding of programming despite a lack of generalizability in the studies
they examined.

In their investigation of the learning outcomes associated with educational robotics, Evripi-
dou et al. (2020) categorized educational robotics kits (or platforms) by the programming knowledge
and skills students' need to use them ef ciently. They classi ed educational robotics kits as belong-

ing to one of three categories:
1. No Code (kits that consist of physical code bricks that represent programming elements)
2. Basic Code (kits that can be controlled through block-based programming interfaces)
3. Advanced Code (kits that can be controlled through text-based programming languages).

Figure 2.1 illustrates the differences between these types of programming controls.
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Figure 2.1

Differences in Programming Controls for Educational Robotics (tangible, visual, and text-based)

Whereas educational robotics platforms target speci ¢ age groups or grade levels, Evripidou
et al. (2020) argue that these categories provide a better criterion for applicability of the platforms
because they account for students' prior knowledge and programming skills. Their review of the
literature found that visual programming languages such as those in the “Basic Code” category
provide a suitable environment for novice programmers that allows students to iteratively build
a program while receiving immediate visual feedback when testing their programs. Moreover,
the ndings of Evripidou et al. (2020) indicated that visual programming languages were viewed
as a pathway to text-based programming languages that require more advanced skills. The VEX
Robotics platform adopted in this study is controlled by such a visual programming language, but
can be extended to the Advanced Code category because it also offers a text-based programming

option for controlling the robots.

Educational Robotics in K-12 Settings: Bene ts and Challenges

Bene ts of educational robotics consistently appearing in the literature are learning gains
in STEM conceptual knowledge, problem solving skills, and collaboration. For example, Ardito
et al. (2014) found no statistically signi cant differences in state mathematics test scores between
students who participated in a robotics intervention and those that did not. However, they did nd
that a higher percentage of students who participated in the robotics intervention performed better

than their peers in the areas of Algebra, Measurement, and Statistics. Moreover, students in this
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study were noted by the teacher to have developed in both their problem-solving and collaboration.

Another study by Martinez Ortiz (2015) examined the use of robotics to develop fth grade
students' mathematics conceptual knowledge for problems of ratio and proportion. Unlike Ardito
et al. (2014), the author did nd signi cantly higher levels of performance on problems of ratio
and proportion for students who participated in the robotics intervention. However, Martinez Ortiz
(2015) did not observe students in the robotics intervention using higher levels of proportional
reasoning strategies which the author attributes to the short length of the program. However, ndings
of this study indicate that the engineering-related context of robotics is motivating and a bene cial
instructional tool for improving students' understanding of these mathematical concepts.

In addition to mathematical conceptual knowledge, robotics can be used to demonstrate
physics concepts for students. Brockington et al. (2018) used LEGO robotics activities to help high
school students with kinematic relationships. The authors noted that students' understanding of
kinematic relationships, particularly those associated with braking and stopping distances, were
facilitated by the use of robotics. The integration of robotics into this physics curriculum allowed
students to visualize the kinematic concepts they were learning.

The tangible experience these students experienced is also observed for younger students
learning computer science concepts through robotics. Yesharim and Ben-Ari (2018) found robotics
to be an engaging and integral learning experience for elementary students. However, students
experienced some dif culties with distinguishing between sensors which the authors suggest could
be explained by the need for sharing robots and students not being able to practice creating and
executing programs on their own. Despite these dif culties, results of the study indicated that
students were able to develop pro ciency in relatively advanced programming constructs.

Nugent et al. (2016) saw more success with respect to increasing students' STEM self-
ef cacy within the context of robotics summer camps, clubs, and competitions. Compared to a
control group, middle school students who participated in robotics camps, clubs, or competitions
had increased self-ef cacy as well as gains in conceptual knowledge of engineering, engineering

design, and programming. Like the results of Ardito et al. (2014), the authors also found students to
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have gains in problem-solving abilities from participation in their program. They attribute these
gains to the extensive troubleshooting students needed to perform to control their robots.

Leonard et al. (2016) combined the use of educational robotics via the LEGO Mindstorms
platform and scalable game design to foster students' self-ef cacy, STEM attitudes, and computa-
tional thinking skills. Despite this innovative approach, ndings revealed that students' attitudes
toward STEM did not change and that self-ef cacy associated with computer use declined signi -
cantly which the authors attributed to debugging issues students experienced with the Mindstorms
platform. Moreover, the authors suggest that the computational thinking results look promising, but
these results were centered around the scalable game design performed in Agentsheets rather than
on their use of the robotics platform.

Despite the demonstrated bene ts of using robotics in classrooms, the literature suggests
that there are obstacles to overcome. In their study of a hybrid tangible robotics platform, Bers et al.
(2014) found hardware issues to be a major challenge, especially for younger students. They noted
that the kindergarten students in their study often spent a signi cant amount of time connecting
parts and xing robots that fell apart, which sometimes required adult intervention. The authors
conjectured that students may have reached higher achievement scores if this time had instead
been spent on learning the concepts central to building their computer programs. Therefore, they
suggested that choosing a platform with both hardware and software that was developmentally

appropriate to be of particular importance.

A Comparison of Physical and Virtual Educational Robotics

Virtual educational robotics makes use of simulated or virtual versions of robots to ac-
complish the same learning goals as that of using physical robots. The earliest example of this
is Papert's turtle robot which has both a physical version and a virtual version controlled by the
LOGO programming language. As Papert (1980) describes them in his text Mindstorms, turtles
are computer-controlled cybernetic animals that are either “abstract objects that live on computer

screens” or “physical objects that can be picked up like any mechanical toy” (p. 11). Virtual (or
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simulated) educational robotics have the bene t of being entirely software-based, eliminating the
need for hardware (Tselegkaridis & Sapounidis, 2021).

An early educational robotics platform called CoSpace incorporated 3D simulations with
physical robotics (Eguchi, 2012a). According to Eguchi (2012a), the bene t of such a platform that
incorporates simulation of the physical robot lies in the ability of users to develop and test their
solutions in the virtual environment before trying it with the physical robot. Thus, the platform adds
“an additional step to the constructionist learning by virtually testing the construction developed
in the head before seeking the support of construction in the real world” (p. 21). The virtual
environment promotes students' comfort in experimenting with their ideas and taking risks (Eguchi,
2012a).

Virtual educational robotics provides bene ts other than simply being able to test ideas
before trying them out with a physical robot. Berland and Wilensky (2015) noted several limitations
for the incorporation of educational robotics into classroom instruction. For regular classroom use
to be feasible, they suggest that robotics kits must be inexpensive, easy to procure, and include
hardware that is not proprietary. Therefore, they compared the use of a robotics platform that
had both a physical and virtual robot using the VBOT programming environment. Berland and
Wilensky's (2015) study ndings showed that middle school students' learning outcomes differed
based on whether they used the virtual robotics environment or the physical. Whereas they built
more complex robots than the students in the virtual robotics class, students who participated in the
physical robotics class tended to view the course content from a narrower agent-based perspective.
However, students in the virtual robotics class took a broader, top-down perspective that Berland
and Wilensky (2015) refer to as an aggregate approach. This difference was important for Berland
and Wilensky (2015) in that it suggested that the design of the learning environment could facilitate
speci ¢ learning goals. Whereas they did not look at outcomes speci ¢ to computational thinking,
this result suggests that virtual robotics environments can facilitate a perspective on problem solving
that may foster computational thinking abilities.

Another study that leverages the advantages of simulated robotics is that of Chen et al. (2017).
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The study by Chen et al. (2017) focuses on assessing elementary students' use of computational
thinking in the context of programming a robot to complete speci c tasks and seeks to address
the lack of an assessment tool that cuts across platforms and, in particular, examines the transfer
of CT skills across contexts. Despite their assessment showing good psychometric properties, it
should be noted that the use of a virtual version of the robot was simply leveraged to lower that
cost of supplying physical robots by allowing students to share fewer kits. Moreover, the eight
open-ended items included on the assessment focused solely on students' solutions to everyday or
robotics-speci ¢ scenarios rather than asking students to articulate their approach to building such
a solution which may be an important distinction when assessing students' use of computational
thinking.

Tellez (2017) makes a case for simulated robotics citing the lack of robots for all students in
a classroom, largely due to both cost and maintenance, as a major issue. The author argues that the
use of simulators to model a real robot that can both look and behave like a physical robot provides
the advantage of a much lower cost, in some cases costly schools nothing. Tellez (2017) also notes
that students can make mistakes without causing any harm to the robot and that the simulated
robotics platforms can provide a variety of environments within which the robots can function.
However, there are also several drawbacks to using simulated robotics according to Tellez (2017),
including providing a less engaging learning experience and being focused mostly on software.
Though this last may not be a very large drawback if the focus is on developing students' CT skills
which are applied through the use of programming.

Finally, Gucwa and Cheng (2018) also explore the use of a simulation environment for
robotics, stating that while robotics kits like Lego Mindstorms are versatile and foster creative
thinking, the large amount of hardware pieces is challenging for large classrooms. Like Tellez
(2017), the authors note that access to physical robots in classrooms can be dif cult. Despite
this dif culty, Gucwa and Cheng (2018) posit that controlling remote robots allows students to
focus on understanding distinct motions and that virtual robotics are a more effective introduction

to robotics for classrooms. In their study, they nd that simulated robotics programs provide an
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engaging alternative for students that can, despite some small differences, mimic working with
physical robots. However, the comparison stops at the differences between using the virtual robotics
environment and the physical robots and the authors do not examine any learning outcomes related

to computational thinking in this study.

Assessing the Development of CT through Educational Robotics

In an empirical study, Grover (2011) investigated the nature and language of CT communi-
cated by middle-school students within the context of an educational intervention with hands-on
robotics. This study focused on how the elements of computational thinking language used by stu-
dents was in uenced by engagement in robotics during a week-long summer-camp style workshop.
Grover (2011) found students' utterances of CT language (e.g., broad concepts, jargon/vocabulary,
and/or procedural details) increased substantially, both in interviews and individual re ections
on daily activities. Moreover, the ndings suggested that while students' pre-workshop responses
consisted primarily of broad CT concepts like programming a machine, post-workshop responses in-
cluded more in-depth principles of CT, such as conditional logic. Despite encouraging results, there
is a noted lack of evidence for the key CT dimension of abstraction which Grover (2011) attributes
to the level of complexity of the robotics activities in which students engaged. Therefore, the author
suggests that different learning activities may foster different dimensions of computational thinking.

To assess the development of students' computational thinking skills within the context of
educational robotics, Atmatzidou and Demetriadis (2016) operationalized CT as ve key dimensions
that can emerge when students engage in these activities: abstraction, generalization, algorithms,
modularity (i.e., encapsulation of a set of commands performing a speci ¢ task), and decomposition.
Unlike other studies that focus solely on quantitative measures such as pre- and post-assessment
of CT concepts, the authors employ both a think-aloud protocol asking students to describe their
problem-solving process and re ect on the CT concepts relevant to their solution as well as prompts
aligned to the operationalized CT dimensions and designed to foster students' self-re ection.

Whereas the think-aloud activity was focused on individual students' robotics activity problem-
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solving strategies, it should be noted that students were asked to collaborate within groups to discuss
the self-re ection questions and submit a single response per group. This is a key distinction since
the results of this study revealed that the modality of assessment may impact students' assessed CT
skills as reluctant writers may appear to underperform when the modality of assessment is written.
However, the authors did nd that educational robotics activities did provide a context in which
students could develop CT skills given suf cient time within the activities. Most importantly, the
authors aligned their prompts to the key CT dimensions so as to facilitate students' self-re ection on
the speci c practices they employed. For example, they asked students to self-re ect on the common
behaviors across their programs to assess whether or not they employed abstraction. Therefore, the
self-re ection prompts provided by Atmatzidou and Demetriadis (2016) were adapted for use in the
current study.

Witherspoon et al (2017) evaluated the performance gains in students' ability to apply
generalizable computational thinking skills after participating in a virtual robotics programming
curriculum. This study aimed to determine if the virtual robotics programming environment devel-
oped at Carnegie Mellon University would produce signi cant learning outcomes for computational
thinking abilities that were generalizable to contexts other than robotics. The authors note that the
curriculum followed a constructivist approach, incorporating examples, scaffolds, and re ection
into a robotics course lasting between 5 and 7 weeks. Despite the curriculum's focus on robotics as
a context, the authors observed signi cant but small pre- and post- gains in students' performance
on non-robotics computational thinking tasks included in their instrument. The results also showed
larger gains for students who reached the curricular activities addressing robotics sensors and
program ow, which suggests that activities with more computational complexity may provide
greater opportunities for the development of generalizable computational thinking skills.

A similar study by Durak et al. (2019) examined a 10-week robotics program for 6th and
7th grade students in Turkey. In their mixed-methods study, the authors employed a computational
thinking scale (CTS) developed by Korkmaz et al. (2017) which consisted of Likert-type items

divided into 5 dimensions of CT (e.g., creativity, algorithmic thinking, collaboration/cooperativity,
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critical thinking, and problem solving). Whereas Durak et al. (2019) found a “positive and moderate
relationship between computational, programming self-ef cacy and re ective thinking” which
they attribute to the nature of unstructured problems students face when engaged in programming
robotic activities, the examples of students' re ections they provide appear to be more affective
or a recounting of the classroom activities. In addition to the CTS, the authors employ a Likert-
type scale for re ective thinking which asked students to what extent that engaged in re ective
thinking practices (e.g., questioning, evaluation, or causation) rather than asking students to provide
a structured re ection with an articulation of how they developed a solution to a problem presented
in a given robotic activity.

Whereas Durak et al. (2019) examine the development of students' CT skills via CTS
items (Korkmaz et al., 2017), Ardito et al. (2020) take a different approach. In their study with
middle school students, Ardito et al. (2020) used a robotics unit rubric developed by the teacher
in their study to assess students' use of CT as well as an examination of students' journal entries.
The rubric scored students by the robotics project requirement area (e.g., engineering and design,
coding, problem solving, and teamwork) from “emerging with support” to “exceeds grade level
expectations.” These requirement areas may be important to the process of building a robot and
solving a challenge problem while requiring the use of CT, but they rely solely on the outside
observation of the teacher or researcher to judge whether or not students are actively employing
CT skills which may not accurately capture students' reasoning for their strategies in building and
programming their robots. With regard to students' journal entries, the authors provide a thorough
analysis of what students wrote using features like word counts, number of unique words, and
word collocations. However, the journal prompts are never presented and the authors note that the
prompts were developed by the participating teacher rather than the researchers. Whereas Ardito
et al. (2020) suggest that their study ndings are consistent with the literature and show evidence
that robotics can be an effective tool for developing students' CT skills, the speci ¢ CT practices

that students employ is not clear.
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Signi cance of Study

Studies on the use of educational robotics prior to 2015 do not focus speci cally on em-
ploying educational robotics to develop students' computational thinking skills, though some do
focus on 21st century skills that are often associated with computational thinking (Eguchi, 2014).
The literature consistently notes that robotics activities are engaging and enjoyable for students
(Durak et al., 2019; Leonard et al., 2016; Sullivan & Bers, 2019; Welch & Huffman, 2011). Many
of these programs rely on the engaging nature of educational robotics to increase students' interests
in STEM, particularly for young (i.e., elementary; Bers et al., 2014; Chen et al., 2017; Yesharim
& Ben-Ari, 2018) students or older students (i.e., high school; Alvarez Caro, 2011; Brockington
et al., 2018; Robinson & Stewardson, 2012). Despite what may be clear bene ts to the use of
ER in the classroom, some notable issues emerge in the literature. First, it is often dif cult to
determine between software and hardware issues (Witherspoon et al., 2017). Bers et al. (2014)
found that students spent such a substantial amount of time connecting hardware components or
re-connecting robots that fell apart that it may have contributed to students' lower achievement on
the more complex robotics activities included in their curriculum. Moreover, Witherspoon et al.
(2017) note that the programming associated with physical ER often lacks depth and suf cient focus
on computer science content. It is possible that virtual educational robotics (VER) could alleviate
some of these issues, particularly mechanical issues associated with robotics hardware.

Several studies suggest that VER shows many of the same bene ts with respect to learning
outcomes, particularly when used to teach computer science fundamentals (see Berland & Wilensky,
2015; Eguchi, 2012a; Gucwa & Cheng, 2018; Tellez, 2017). Whereas ER studies that examine the
development of CT are starting to gain traction, there are only two studies that examined the use
of VER for developing students' computational thinking skills, despite their connections. Those
studies that do examine the development of students' CT skills generally look at CT as involving
collaboration, which makes it more dif cult to provide individual assessment typically used in the

classroom. Re ection is noted across the literature as a key component of building computational
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thinking skills and could be a form of such individual assessment. However, most of the studies that
examined student re ections on their educational robotics activities typically focused on students’
attitudes toward the activities themselves rather than as a formative assessment. Yet, the choices
students make in how they approach and solve a problem are important considerations for whether
or not they are employing computational thinking (Bers et al., 2014). Computational thinking is not
simply coding, but rather a way of thinking (Bottino & Chioccariello, 2015; Papert, 1980; Wing,
2006). Tikva and Tambouris (2021) go so far as to classify de nitions of CT into two categories,
those that focus on CT as a thought process and those that describe the concepts that CT entails (i.e.,
computer science conceptual knowledge). Re ection on the use of programming has the potential
for promoting students' use of computational practices and perspectives because it requires them
to consider their own strategies (Lye & Koh, 2014). Therefore, a need exists for examining both
students' re ection on their approach to a computational problem and the concepts they employed
to implement that approach. This study aims to add to the understanding of how participation in

VER activities can elicit students' use of computational thinking skills in both these ways.
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Chapter 3: Methodology

Educational robotics increases students' interest and engagement in STEM, strengthens
students' STEM conceptual understanding, and promotes the development of computational thinking
skills. The purpose of this study is to investigate how participation in VER activities elicits middle
school students' use of computational thinking. The study also examines whether and how middle
school students' written and verbal re ections on virtual robotics artifacts captures computational
thinking. In particular, the study examines the ways in which students employ and communicate
their use of computational thinking when re ecting on VER activities. The following research

questions frame the study:

1. How do middle school students' virtual educational robotics artifacts exhibit computational

thinking?

2. How do middle school students articulate their use of computational thinking in written

re ections on their virtual educational robotics artifacts?

3. To what extent do virtual educational robotics artifacts facilitate students' articulation of

computational thinking in their verbal re ections?

Design of the Study

This research study employs a qualitative case study design (Yin, 2017). Figure 3.1 shows
the phases of the research design. The following sections describe the design rationale, the case and

participants selected, and the methodological approaches employed in this study.



Figure 3.1

Diagram of the phases of the research design
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Appropriateness of Approach

A qualitative case study approach was adopted for this study. Stake (1995) suggests that a
case study approach be used when we have a need for general understanding and feel that insight
might be gained from a particular case (or cases) (p. 3). The research questions are framed so
as to reach an in-depth understanding of how middle school students employ and communicate
computational thinking within the bounded context (Creswell & Poth, 2018) of their participation
in virtual educational robotics activities in a middle school classroom. Since certain contexts may
be important if the case studies are instrumental (Stake, 1995), a detailed description of the case

context is provided in a subsequent section.

Single-Case Design

This study includes a single case at a middle school in the southeastern United States. The
rationale for this single case design is that of the common case which is chosen “to capture the

circumstances and conditions of an everyday situation" (Yin, 2017, p. 50).

Theoretical Propositions

This study is guided by the theory of constructionism (Papert, 1991) which characterizes
learning as an active process where learners construct meaning. Constructionism places particular
emphasis on the creation of personally meaningful artifacts, or “objects-to-think-with" (Papert,
1991), that give learners the opportunity to re ect. Additionally, this study is guided by Schoén's
(1983) theory of re ection-in-action which speci es that the process of re ecting on practice is
critical for engaging in complex activities. Schon (1983) stressed that re ection-in-action allowed
an individual to draw on their “repertoire” (i.e., prior knowledge) to frame a problem and then
develop a solution to that problem. Based on these learning theories, the following propositions are

put forth for this study:

Proposition 1: The creation of computational artifacts within virtual educational robotics
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activities elicits middle school students' use of computational thinking concepts and practices.

Proposition 2: Middle school students' computational artifacts cultivate tangible objects
on which they can re ect and articulate their use of computational thinking concepts and

practices.

Proposition 3: Middle school students' verbal re ection while viewing their computational
artifacts facilitates computational thinking concepts and practices even when students do
not have the language (i.e., jargon or otherwise) to effectively articulate these concepts and

practices.

Case Selection and Participants

The case selected for this study has been given a pseudonym, as have the participants
interviewed in the study. Purposeful sampling allows the researcher to intentionally sample a group
of individuals that can best inform the researcher about the problem under study (Creswell & Poth,
2018). The following sections describe the case and participants selected for this study as well as

the rationale for doing so.

Case

Since this study seeks to examine middle school students' use of computational thinking as
a result of participation in VER activities in K-12 classrooms, a middle school classroom in the
southeastern United States was selected for this case study. A thick, rich description of the context
of the case selected for this study, Glen Park Middle School, is provided along with the ndings in

Chapter 4.

Participants

To build the sample, middle school students who were enrolled in a Careers and Technical

Education (CTE) class at Glen Park Middle School were invited to participate in this study. A total
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of 19 students across all three grade levels had parental permission and assented to participation in
this study. However, only three students from the eighth grade had parental permission and assented

to participating in the study. Table 3.1 shows the breakdown of consented participants across grade

levels.

Table 3.1

Consented Participants Per Grade Level

Grade 6 Grade 7 Grade 8
n 8 8 3

Of these 19 consented students, eight students who completed two of more of the virtual
robotics activities (i.e., submitted both computational artifacts and written re ections) were randomly

selected for semi-structured interviews. Table 3.2 shows the interviewed students’ grade levels and

demographic information.

Table 3.2

Demographic Information for students interviewed

Student Grade Gender Race/Ethnicity

Adrian 6 Male White

Alfonso 6 Male Hispanic or Latino

Jordan 6 Male Hispanic or Latino

Gavin 7 Male Hispanic or Latino

Norah 7 Female Black or African American
Rose 7 Female White

Gloria 8 Female Black or African American
Milo 8 Male Asian
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Study Activities

The activities for this study are a set of programming and robotics activities using the
VEXcode VR platform (VEX Robotics, 2021). VEXcode VR is a web-based learning environment
that allows students to build block-based code (e.g., Scratch Blocks) for a virtual robot. Students
can create computational artifacts that control the robot's movements in an area of the learning
environment called the playground. There is no need for students to install software since VEXcode
VR is web-based and free. The learning environment works in all major desktop and tablet browsers
for increased accessibility.

The virtual robots are pre-built with all the sensors and other major components that are
available for VEX's physical robots. Additionally, VEX Robotics' education experts have developed
a set of activities for the VEXcode VR platform that all follow a similar format, include varying
levels of challenge, and provide some helpful hints for completing the activity. Each activity is
made available via a Google document that can easily be shared with students virtually and adapted
if desired.

This study consists of ve VEXcode VR activities each with a different challenge that
focuses on the robot's movements, use of sensors, or a combination of the two. These activities
were chosen for their potential for eliciting computational practices and the computational concepts
needed to complete the activity. The following sections provide a brief description of each VEXcode

VR activity.

Draw A House Activity

TheDraw a Houseactivity (Figure 3.2) asks students to program the VR robot to draw a
house. This movement challenge focuses on the robot's movements within the simulated playground
and has three levels of increasing complexity. According to VEXcode VR, this activity requires
students to engage oomputational practicesuch asabstracting and modularizings well as

testing and debugginglt also requires students to create programs usamgputational concepts



such asequenceseventsloops andconditionals

Figure 3.2
VEXcode VR Draw a House Activity
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Disk Mover Activity

The Disk Moveractivity (Figure 3.3) asks students to program the VR robot to move
colored disks using an electromagnet. Like the rst activity, this movement challenge focuses on the
robot's movements within the simulated playground and has three levels of increasing complexity.
According to VEXcode VR, this activity requiremmputational practicesike abstracting and
modularizingas well agesting and debuggingStudents have the opportunity to create programs

that usecomputational conceptsuch asequenceseventsloops andconditionals

Figure 3.3
VEXcode VR Disk Mover Activity
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Disk Color Maze Activity

TheDisk Color Mazeactivity (Figure 3.4) asks students to program the VR robot to move
through a maze of colored disks using the robot's front eye sensor to detect the disk colors. This
sensor challenge adds complexity by requiring the students' use of the simulated robot's sensors. It
requires students to employ themputational conceptsf sequencedoops events and control
structures like compoundonditionals It also gives students the opportunity to engage in the
computational practicesof abstracting and modularizingas well asbeing incremental and

iterative

Figure 3.4
VEXcode VR Disk Color Maze Activity
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Crash the Castle Activity

TheCrash the Castlactivity (Figure 3.5) asks students to create an algorithm that knocks
over different castle layouts. This advanced challenge requires students to create programs that work
for constantly changing layouts and requires the usmafputational conceptsuch asequences
eventsloops conditionals anddatato generate a solution. Tlewmputational practiceshat could

be employed arabstracting and modularizings well adeing incremental and iterative

Figure 3.5
VEXcode VR Crash the Castle Activity
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Dynamic Wall Maze Activity

TheDynamic Wall Mazectivity (Figure 3.6) asks students to create an algorithm for their
robot to navigate through constantly changing wall mazes. Lik€thsh the Castlactivity, this
advanced challenge requires students to create programs that work for constantly changing layouts.
This activity affords students the opportunity to engagahbstracting and modularizingbeing
incremental and iterativeandtesting and debuggingPrograms students create as solutions could

involve computational conceptsuch asequencedoops conditionals variables anddata

Figure 3.6
VEXcode VR Dynamic Wall Maze Activity
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Alignment to Computational Thinking Framework

As previously stated, each of the VEXcode VR activities was chosen for this study because
they afforded the opportunity for students to engage in two or more computational thinking concepts

and/or practices. Tables 3.3 and 3.4 show the computational thinking concepts and practices

encapsulated within each activity.

Table 3.3

VEXcode VR Activities Alignment to Computational Thinking Concepts

CT Practice Draw a Disk Disk Crashthe Dynamic
House Mover Color Castle Wall
Maze Maze
Sequences X X X X X
Loops X X X X X
Events X X X X X
Conditionals X X X X X
Operators X
Data
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Table 3.4

VEXcode VR Activities Alignment to Computational Thinking Practices

CT Practice Draw  Disk Disk  Crashthe Dynamic
a Mover Color Castle Wall
House Maze Maze
Being incremental and iterative X X X
Testing and debugging X X X
Abstracting and modularizing X X X X X
Reusing X

Delivery of Study Activity Materials

The study activity materials were delivered via a Google Site created speci cally for this
study. The site contained some general information about the study and a link to the student assent
form as each student who had parental permission to take part in the study was also given the
opportunity to assent or to opt out of being included in the study. The Google Site also provided
a section titled “Getting Started” (Figure 3.7) that provided students with tutorial videos on the
VEXcode VR environment, using the VEXcode VR playgrounds, and how to name and save their
projects. Additionally, the site had a listing of each day's activities, including the instructions for
the VEXcode VR challenge problem, a link the VEXcode VR coding environment, and a link to
the Google form where students could complete their structured re ection and upload their saved

computational artifacts (Figure 3.8).
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