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ABSTRACT

Worldwide, many countries are integrating Computer Science (CS) and Computational
Thinking (CT) instruction into elementary school curricula. This push for CS/CT instruc-
tion in younger ages increases the need to better understand how young learners come to
a comprehension of programs and how they can be effectively supported in their learning.
However, research into this age group (ages 9-15) is relatively thin compared with research
into university-age learners. Research for university-age students is unlikely to directly trans-
late to younger learners. Further, the context in which young learners learn computing differ
greatly from the university setting, making direct translation difficult, if not impossible.
This dissertation outlines a series of studies that illuminate the contributing factors to
program comprehension, the different types of program comprehension achieved, and the
strategies that support program comprehension in young learners. We have found that
societal factors, such as school environment, gender, and under-represented minority status,
and academic factors, such as reading and math proficiency, contribute to various aspects
of program comprehension. Further, our studies revealed that students frequently use code
that they only demonstrate a functional, not a structural, understanding of, when learning in
an open-ended curriculum. To bridge these gaps in elementary program comprehension, we
developed two strategies: (1) TIPP&SEE, inspired by previewing and navigating strategies
in reading, and (2) diagramming, inspired by similar strategies used in university CS and
elementary math. Exploratory studies have shown TIPP&SEE, a mnemonic for students
to remember the steps in exploring a new Scratch project, to be associated with positive
performance differences in summative CT assessments and in project completion rates, as
well as with narrowed gaps between students with and without academic challenges. In
contrast, a diagram-based implementation of TIPP&SEE was linked to similar performance
as a text-based implementation of TIPP&SEE, with implications for the design of such
diagrams for young learners. Taken together, this body of work deepens our collective

xiil



understanding of program comprehension in young learners for more effective and equitable

implementations of elementary CS/CT curricula.
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CHAPTER 1
INTRODUCTION

With the launch of the CS for All initiative in the US, many American school districts,
including San Francisco, Chicago, and New York City, are integrating Computer Science and
Computational Thinking instruction at the pre-university level [7]. This trend is not unique
to the United States; countries such as New Zealand, Israel, and India have implemented
similar programs [103]. With the growing spread of elementary and secondary CS and CT
instruction worldwide, it is imperative that such instruction is effective for a broad set of
learners.

In spite of the recent push for elementary CS/CT instruction, research on how young
learners learn to read and write code is comparatively thin, especially with respect to research
on university-aged learners. At the university level, scholars have studied a whole host of
factors that contribute to success in introductory programming, including performance in
other subjects [35, 250], cognitive and metacognitive skills [15, 51, 86, 235], belief systems [15,
250], and prior experience [31, 92, 189, 228, 248|. In contrast, factors at the elementary
school level are relatively under-explored. Existing studies have identified english and math
performance, prior computing experience, and extracurricular technology activities as factors
that contribute to success in CS learning [89, 135, 187]. Similarly, there is a wealth of
research in programming learning strategies at the university level. Strategies include reading
and tracing code [138], sketching [49, 137], and other self-regulated learning strategies [64].
In comparison, at the elementary school level, only two strategies are widely employed:
Use—Modify— Create [127] and PRIMM [217].

In this dissertation, I present a body of work that investigate the contributing factors to
program comprehension, the different types of comprehension achieved, and the strategies
that support program comprehension in young learners. I pursued the following overarching

research questions across all my studies:



e Which factors, from academic skills to demographics, are associated with program

comprehension in a formal school setting?

e What kinds of comprehension do young learners demonstrate after open-ended, ex-

ploratory instruction?

e How can we support the development of program comprehension in young learners?
Our contributions include:

e determining how different academic and non-academic factors are linked to perfor-

mance in formal introductory CS/CT instruction,

e identifying the different levels of comprehension students achieve through open-ended

instruction,

e developing the TIPP&SEE learning strategy, a mnemonic for students to remember the
steps in exploring a new Scratch project, that is associated with improved performance

and narrowed gaps between students with and without academic challenges, and

e exploring diagramming as a scaffold for teachers and students to learn decomposition,

with implications for diagram design in elementary computing.

The rest of this dissertation is structured as follows. In the next chapter, I outline
relevant literature on three aspects of program comprehension which are the focus of this
dissertation: (1) the various factors that influence comprehension, (2) the different forms
of comprehension, and (3) the strategies that can support its development. In chapter 3,
I present the theories that framed the design of our studies and the interpretation of our
studies. I follow with a description of the instructional context in which our studies take place
in chapter 4. Chapters 5 through 10 delineate the methodologies, results, and implications of
several studies that delve into each of the three aspects of program comprehension. Finally,

I reflect on my dissertation as a whole in chapter 11.
2



CHAPTER 2
RELATED WORK

In this chapter, we discuss related work in three key areas of program comprehension. The
first section covers the factors contributing to comprehension, where we describe prior work
in both societal and academic factors influencing computing instruction. The second section
covers the different types of comprehension demonstrated by students, where we discuss the
kinds of comprehension that can be revealed through different forms of assessments. The
last section covers the strategies that support the development of program comprehension in
young learners, drawing inspiration from existing strategies in computing and strategies from
other discipline-based education research fields with a longer history of research in young

learners.

2.1 Factors Contributing to Comprehension

We present two bodies of work that our studies on this topic build upon—equity in CS
education and factors contributing to success in an introductory CS curriculum. We adopted
a lens towards equity in investigating the factors critical to learning CS as many of these
factors are tied to structural and societal inequities. Our studies extend prior work in the
following ways. First, we identify performance differences across school-level and student-
level factors in a formal school setting, thus providing a more holistic view of the (in)equities
at the elementary school level. Second, we break down our results by specific learning goals

and skills to provide a more nuanced picture of CT learning.

2.1.1 FEquity in CS Education

The catalyst for research into the equity of CS education might be the seminal work by Jane

Margolis [146], Stuck in the Shallow End, where she found an insidious “virtual segregation”
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that maintains inequality. She identified structural barriers and curriculum and professional
development shortcomings in the integration of CS education in Los Angeles. By tracing
the relationships between school structures (e.g. course offerings and student-to-counselor
ratios) and belief systems (i.e. teachers’ assumptions about their students and students’
assumptions about themselves), Margolis posits that the race gap in CS exemplifies the way
students of color are denied a wide range of occupational and educational opportunities.
Her research spawned numerous studies into the obstacles to equitable CS education, both

in formal and informal settings.

Opportunities in Informal Settings

Informal CS education, such as after-school programs and summer camps, can be inaccessible
and unaffordable to disadvantaged students. In an analysis of two nationally representative
datasets of participation in out-of-school activities, Bouffard et al. [23] found that disadvan-
taged youth (youth from families with lower incomes and less education) were less likely to
participate in out-of-school activities than their peers. If they participated at all, they were
participating in fewer activities compared to their peers who came from wealthier and more
educated families. They also found that Black and Hispanic youth participated with less
intensity in some out-of-school activities, including lessons.

Furthering the connection between out-of-school participation and parental education,
DiSalvo et al. [57] found that the search terms commonly used by parents to find such out-
of-school opportunities yielded poor quality results, because they did not have the privilege
of education and technical experience when searching for learning opportunities for the chil-
dren. Among the 840 results from 42 computer related searches, the most powerful and
free informal learning tools, such as Scratch and Alice, and free classes and tutorials, such
as Khan Academy and Udacity, were completely absent. Instead, the results were filled

with summer camps and fee based distance-learning programs. These activities may be



prohibitively expensive for students from low-income households.

Access in Formal Settings

Inequities persist into formal education, as well. In a US-wide survey by Google and Gallup
[85], a majority of parents (84%), teachers (71%), principals (66%), and superintendents
(65%) say that offering CS is just as important as, if not more important than, required
courses like math and science. However, only 40% of principals report having at least one
CS class where students can learn programming or coding. In addition, male students were
more likely than female students to be told by a teacher that they would be good at CS
(39% vs 26%). Likewise, Black students (47%) were less likely than White students (58%)
to have classes dedicated to CS at the school they attend [84].

Studies at the school district level have found similar trends of inequity. In a study
of CS course offerings in New York City public schools, Fancsali et al. [65] revealed that
schools that did have CS courses served fewer Black and Latinx students and more White
and Asian students. The schools offering CS also served fewer students in poverty and fewer
students receiving special education services, and had higher average academic performance
and graduation rates. Fancsali et al. [65] also identified a lack of funding, a lack of staffing,
and competing academic priorities as barriers to offering CS or implementing it well. Addi-
tionally, in a study from the state of Florida, Century et al. [41] found an association between

completing more Code.org courses and higher literacy, math and science scores.

2.1.2  Factors contributing to Success in Introductory Computing

Pea et al. [176] proposed the following cognitive prerequisites to programming from existing
literature at the time: (a) math ability, (b) memory capacity, (c) analogical reasoning skills,
(d) conditional reading skills, and (e) procedural thinking skills. Since then, there have been

many studies analyzing the factors that contribute to success in a CS curriculum, most of
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which have been at the college level.

At the university level, several studies have cited performance in other subjects as a fac-
tor leading to CS success. A study of first-year programming courses by Byrne et al. [35]
revealed that scores on a math and science standardized test were strongly correlated with
performance in the course, suggesting that CS may require a structure and approach with
which science students have some experience and similar cognitive skills used in math. Wil-
son et al. [250] also found that the number of semesters of high school math courses were
predictive of performance on a midterm in an introductory CS class.

Others have attributed success in introductory courses to various cognitive and metacog-
nitive skills. Goold et al. [86] found personal learning strategies and problem-solving skills
to be important to success. In a separate study [235], spatial visualization skills were also
found to be associated with the success of students, suggesting that different navigational
strategies may affect the way in which programmers are able to navigate programming
code and form a conceptualization of its major features. Drawing from work by Leppink
et al. [132], Morrison and colleagues developed a self-report measure of cognitive load spe-
cific to computer science [160] and explored subgoal labels to reduce cognitive load [161].
On the metacognitive side, Bergin et al. [16] discovered that students who perform well in
programming used more metacognitive and resource management strategies than lower per-
forming students, accounting for 45% of the variance in programming performance results.
Additionally, a multinational study by Cutts et al. [51] indicate that students who have a
strategic/algorithmic style of articulation carry on to be successful programmers.

Factors related to students’ belief systems and prior experience have also been found to
lead to success. Bergin et al. [15] found that programming performance was strongly cor-
related with intrinsic motivation, self-efficacy for learning and performance, and students’
perception of their understanding. In addition, Wilson et al. [250] revealed comfort level in

the course (i.e. willingness to ask and answer questions, anxiety level while working on assign-



ments, etc) and attribution to luck for success/failure to be predictive of course performance.
As for prior experience, Bunderson et al. [31] attributed the high rate of female attrition in
CS to the lack of previous experience with computers prior to entering the program. Further,
virtually all prior experiences were beneficial for females, while only certain prior experiences
correlated with success for males [228]. Hagan et al. [92] also discovered that students with
experience in at least one programming language at the start of an introductory program-
ming course perform significantly better, and that performance increases with the number
of languages. Tying students’ belief systems and prior experience together, Ramalingan et
al. [189] and Wiedenbeck et al. [248] showed that self-efficacy for programming is influenced
by prior experience and increases throughout an introductory programming course. Their
results also revealed that the student’s mental model of programming influences self-efficacy
and that both the mental model and self-efficacy affect course performance.

By comparison, factors leading to success at the primary and secondary level are less
explored. Studies that have been done at the middle-school level (ages 12-14), however,
have shown that English and math ability, prior computing experience, and extracurricular
technology activities contribute to success in CS learning [89, 187]. Lewis et al also found that
5th grade (ages 10-11) student performance on Scratch programming quizzes in a summer
camp were highly correlated with their scores on a standardized math test [135]. Seufert
presented a conceptual paper, bridging research across self-regulated learning and cognitive
load [218]. Sands also argued for applying cognitive science and attending to cognitive load
and working memory in the K-12 computer science classroom [211]. While not a full study,
Sands’ article recommended instructional strategies, such as modeling, worked examples,
and peer collaborations, as scaffolds [211]. More recently in 2019, Mutlu-Bayraktar and
colleagues published a systematic review of studies that explored cognitive load in multimedia
learning [162]. By examining factors at the primary and middle school level, we can better

understand the best ways to optimize instructional design to maximize opportunities for



developing complex thinking and problem solving skills [173].

2.2 Types of Comprehension

In this section, we discuss the ways previous scholars have assessed comprehension at the
elementary school level, along with their benefits and drawbacks. Our studies build upon
this body of work by (1) investigating the relationship between the types of comprehension
exhibited through different forms of assessment, and (2) exploring how integrating student
code into written assessments affect the types of comprehension they demonstrate. We first
describe prior work on automated assessments, then traditional written assessments, and

finally, interviews.

2.2.1 Artifact Analysis

There is a wealth of literature on automated assessment, including Scrape [252], Hairball [20],
and Dr. Scratch [157]. Automated assessments have gotten more sophisticated over time,
moving from counting instances of particular blocks [9, 252], to identifying correct and
incorrect uses of code constructs [20], to analyzing higher order understanding [157, 192].
However, any technique focused on artifact analysis assumes that students understand
the code they use in their projects. This is not necessarily true, as identified by Brennan et
al. [25]. Students can use code in their projects that they don’t truly understand, by copying
exact code they were taught, remixing from the Scratch community, or receiving help from
peers or instructors. Scratch project development is rarely performed in a strict exam-like
setting, where young students are prohibited from speaking to peers or receiving help from
the instructor. One study went so far as to record the level of help given by instructors in
order to “subtract” it from understanding demonstrated by the artifact [20]. In addition,
a student may understand a concept even if they did not choose to use it in their open-

ended artifact. Written assessments or interviews are necessary to find out whether students
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understand the concepts both included and not included in their code.

2.2.2 Written Assessments

Traditional written assessments are frequently used to assess student learning in Scratch,
both in the school [152] and the extracurricular setting [135]. Researchers are also innovating
on the form of written assessments, going beyond the pen-and-paper format. For example,
Marinus et al. developed an assessment around Cubetto, a simplified version of the turtle
LOGO programming task developed by Seymour Papert [148, 174]. However, very few
validated assessments exist at the K-12 level. The validated assessments that do exist are
designed for older audiences, such as college-level CS1 students [229], and middle school

students students [10].

2.2.3 Interviews

Interviews provide a more nuanced and personalized way of assessing student learning. Bren-
nan and Resnick found that through artifact-based interviews, they were able to identify the
depth of a student’s understanding of a particular concept, as opposed to only identifying
whether they understood a concept [25]. While interviews can provide a more complete pic-
ture of student learning, they are limited by what students can remember about their projects
and the project(s) selected for discussion [25]. Interviews are also very time-consuming, mak-

ing them unrealistic for teachers who are already very time-constrained.

2.3 Strategies Supporting Comprehension

We outline two bodies of related literature that our work on strategies draws from: strategies
in elementary reading and math and in computing education. We build upon this burgeoning

body of work by: (1) developing and investigating TIPP&SEE, a learning strategy that



scaffolds the previewing and navigating of Scratch projects, and (2) exploring diagramming,
commonly used in elementary math education and university computing education, as a

strategy for young learners to scaffold decomposition.

2.3.1 Strategies from Reading and Math Education

One source of inspiration for our strategies is reading and math education. TIPP&SEE draws
from previewing and navigating strategies in reading comprehension, while our diagramming
strategy draws from similar strategies in elementary math education.

There are several existing evidence-based reading comprehension strategies that may have
connections to programming, in particular previewing and text structure. Previewing [118,
145] helps students set goals for reading and activates prior knowledge. When reading
example code containing a new concept, students might scan the code to quickly identify
familiar and unfamiliar concepts. They could think about their prior knowledge of the
concepts, predict how the new concept might work, and inspect the syntax of the new
concept. In contrast, text structure [81, 249] prepares students to recognize disciplinary-
specific text structures and use this knowledge to plan for reading and guide comprehension.
In CS, programming languages and environments have specific structures that students must
be able to discover to comprehend code and must be able to differentiate as they learn new
languages and environments.

Similarly, the design of our diagramming strategy is shaped by diagrams used in ele-
mentary math. While there is a plethora of diagrams used in university computing, most
of them represent more complex topics and were designed for more mature audiences. Di-
agrams in elementary math thus provide guidance for a more age-appropriate design. In
math, diagramming facilitates learning by elucidating connections between concrete repre-
sentations and symbolic manipulations, leading to positive outcomes for at-risk students and

students with disabilities [108]. Diagrams come in many forms, from concept maps and vee
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diagrams [170] to pictorial representations of word problems [243]. One example of such
a learning strategy is the Draw-It Problem Solving Cycle, a strategy to support students
with learning disabilities in planning and solving word problems [239]. When diagramming
a word problem, this strategy encourages students to engage in four metacognitive steps:

orient, plan, execute, and check.

2.3.2  Emisting Strategies in Computing

Our strategies are also inspired by existing strategies in computing. There is a wealth
of research in strategies at the professional and university level, taking many forms and
addressing various aspects of computing.

At the professional level, software developers employ different strategies to solve a va-
riety of problems. LaToza et al. defined several explicit programming strategies, human-
executable procedures for accomplishing programming tasks, such as merging using Git or
refactoring variables. They found that when using these strategies, developers were more
systematic, organized, and more successful at a design task and a debugging task [126].
These strategies are most similar to our TIPP&SEE strategy, which describes a procedure
for previewing and exploring a Scratch project. There are also software engineering strategies
more analogous to our diagramming strategy. Perhaps the most (in)famous is the Unified
Modeling Language (UML) diagram, frequently taught as the common language of software
engineering [224, 237]. Through interviews with professionals, Marian Petre [182] found that
most respondents did not use UML in practice, citing lack of context, the overhead of un-
derstanding notation, and issues of consistency across different diagrams as reasons. While
this study was conducted with professionals, we can draw lessons from non-use in design-
ing our diagrams and associated curriculum. Other visual representations include variants
of flowcharts [164] and more recent developments like the “thinging machine”, a diagram-

matic language that encodes an abstract machine for creating, processing and exchanging
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things [11], which have been designed to support the planning process in program writing.

At the university level, Lister et al. found that students who had better skills at reading,
tracing, and explaining code tended to be better at writing code [138]. While Falkner et al.
identified self-regulated learning strategies, such as diagramming, to be effective [64], Loksa
et al. found that self-regulation during programming fluctuates greatly between students
and that the instruction of self-regulation may require differentiation [141]. In addition, a
multinational study [137] and its replication [49] demonstrated that students who sketched
a diagram were more successful on code reading problems involving loops, arrays, and con-
ditionals. Algorithmic visualizations have been used to support the instruction of dynamic
processes in computing [72, 163, 181]. Turner et al. even developed tools to scaffold the use
of UML in introductory computing classes [237]. With respect to decomposition, the concept
for which our diagram will be designed, scholars have explored various approaches, such as
problem-based learning [167] and explicit guided inquiry-based instruction [178] which led
to learning gains in problem decomposition. Others have studied decomposition instruction
that started very explicit and become progressively less explicit [116]. Another technique
investigated was code templates [67], but researchers found that students decomposed prob-
lems around the templates, not the other way around, suggesting that students should be
explicitly taught schemas for decomposition [39]. Nevertheless, strategies for university-age
students (and their associated findings) are unlikely to directly translate to younger learn-
ers, who may not be able to regulate their own learning. Further, the context in which
students learn computing in K-8 schools differ greatly from the university setting, making
direct translation difficult, if not impossible.

Due to the relatively recent push for K-12 CS/CT instruction, prior work in strategies
for students in that age range (ages 6-18) is thin by comparison. For students aged 15-18,
strategies for debugging and code reuse were tested with moderate success; while students

found the strategies valuable, many had difficulty regulating their choice of strategy [128,
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119]. Some researchers have developed tools to support self-regulation, such as the PlanIt!
tool from Miliken et al. [154]. A pilot study of Planlt! with high school students showed
that students learned to make more specific and actionable plans and that students enjoyed
the guidance and affordances Planlt! provided for more efficient program writing.

As for ages 6-14, Lee et al. developed the three-stage progression called Use—Modify—Create
based on the idea that scaffolding increasingly deep interactions will promote the acquisition
and development of CT [127]. Their approach provides more scaffolded, guided instruc-
tion for each concept, followed by a more open-ended project to engage students’ inter-
est and creativity. Students using Use—Modify—Create found Use—Modify tasks easier
than open-ended tasks and felt more ownership over larger projects [142]. Another strategy
is called PRIMM, which stands for Predict-Run-Investigate-Modify-Make [217]. PRIMM
guides teachers in creating scaffolded activities in text-based programming languages to en-
courage learning. Finally, several researchers have provided guidance and research results
on using Universal Design for Learning (UDL) instructional techniques in elementary com-
puter science instruction, which posits that learning strategies specifically designed for some
students often help many more and provide guidance and different ways to accommodate

students with learning differences [96, 105].
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CHAPTER 3
THEORETICAL FRAMEWORK

In this chapter, we delineate the theories that ground our approach to investigating program
comprehension in young learners, as well as provide guidance for interpreting our results.
We first discuss the pedagogical frameworks that frame the design and implementation of
the curricula in this study. This is followed by a discussion of the Neo-Piagetian theories
of cognitive development, which ground our understanding of the different factors that con-
tribute to success in an introductory computing curriculum. We next describe the theories
that frame both the different types and the depth of program comprehension, which shape
the collection, analysis, and interpretation of our data. Lastly, we draw from theories of

meta-cognition for the design of our strategies.

3.1 Pedagogical Frameworks

As with other subjects, including literacy [37, 236], computer science education researchers
disagree on the appropriate level of structure to balance different learning goals. Papert [98],
in his work on constructionism, posited that individuals learn best when they are construct-
ing an artifact for public consumption, emphasizing self-directed learning. Construction-
ist curricula are more focused on, and have been shown to be successful at, increasing
awareness and engagement, changing perceptions of computing, and building self-efficacy,
especially for students from underrepresented communities in computing in informal con-
texts [111, 184, 144, 168, 238, 60, 32]. Such curricula were designed for the development of
creative practices [25] and artifacts for public consumption [75, 88, 192], rather than the
conceptual understanding we are seeking. Thus, such a self-directed approach may not lead
to immediate understanding of the concepts underlying their artifacts [18].

More structured approaches, on the other hand, aim to develop mental models — an
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understanding of specific CS concepts and how the code works [221]. While open-ended ex-
ploration may lead to the ability to create programs, prior work has highlighted difficulties
in evaluating its success in teaching mental models because students do not always achieve
conceptual understanding of their own code [18], especially compared to a more direct in-
struction approach [129]. On the other hand, an overly-structured approach can dissuade
some students (especially females) from continuing in programming courses [245].

A more moderate approach is informed by seeking the Zone of Proximal Flow [12], a
combination of Vygotsky’s Zone of Proximal Development theory [242] with Csikszentmiha-
lyi’s ideas about Flow [48]. The Zone of Proximal Development describes what a student can
learn with external support. In contrast, Flow is internally based; a student is in Flow when
a task is not so challenging that they are overwhelmed, but not too easy for their skills that
they are bored. The Zone of Proximal Flow refers to inquiry-based scaffolding that guides
students through the Zone of Proximal Development so that they reach a state of Flow. Zone
of Proximal Flow forms the basis of our instructional and curriculum design. Further, in our
strategy development, we explore Use—Modify—Create [127], which facilitates the Zone of
Proximal Flow. In this approach, students first engage with a concept in a structured project

with provided code, and then make changes as they explore how the concept is applied.

3.2 Neo-Piagetian Theories of Cognitive Development

Piaget’s theory posited that a child’s cognition developed over time based on biological mat-
uration and interaction with the environment [183]. Piaget’s theory has been especially
applicable to education in two important ways. First, it spurred the development of new
teaching methods that capitalized on the exploratory activities of children themselves. Sec-
ond, it strengthened the teaching of certain subjects, such as science and math, by cultivating
and consolidating the basic thought structures of scientific and mathematical thinking [55].

Neo-Piagetian theories preserved the strengths of Piaget’s theory while eliminating its
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weaknesses [55]. They addressed the following weaknesses of Piaget’s theory: (1) it did
not sufficiently explain why development between each of the stages occurs, (2) it did not
adequately account for the fact that some individuals move from stage to stage faster than
other individuals, and (3) its proposed universal stages of cognitive development have been
empirically disproven. We describe four Neo-Piagetian theories to provide some context to
our studies: Case, Fischer, Commons, and Halford.

Case et al. [38] and Fischer et al. [68] proposed that development is not a straight pro-
gression through Piaget’s main stages of development, but instead loops over all the stages,
each involving their own executive control structures. However, Fischer et al. [68] argued
that environmental and social factors drive development, not individual factors like Case et
al. [38].

To account for environmental /social factors, we look into how gender and under-represented
minority identity predict performance. Both identities can influence the learning opportuni-
ties available to students in their environments, which may be inequitably distributed.

To account for individual factors, we investigate the relationship between an individual
student’s reading comprehension, math proficiency, and cognitive skills and their perfor-
mance on CT questions. Additionally, Commons et al. [44] proposed that developmen-
tal changes in more hierarchically complex tasks are attributed to the prior completion of
simpler tasks. Simpler prerequisite skills needed to learn computing may include reading
comprehension and math proficiency, as discussed in Chapter 2.

Furthermore, Halford [93] argued that people understand problems by mapping its pa-
rameters to mental models they already have. Existing mental models will differ between
individuals based on their environment and prior experiences, supporting the need to analyze

student-level factors.
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3.3 Theories of Program Comprehension

Our approach to program comprehension stems from three broad sets of theories. The con-
cept of a notional machine shapes our definition of comprehension and what it means to
understand a program. Work from Storey and Schulte ground the different types of com-
prehension demonstrated by students, while Bloom’s taxonomy and its computing variants

frame our analysis for the depth of comprehension.

3.3.1 Notional Machines

The purpose of a notional machine is to explain program execution. It is a characterization
of the computer in its role as an executor of programs in a particular language or a set of

languages [222]. A notional machine:

e is an idealized abstraction of computer hardware and other aspects of the run-time

environment of programs,
e serves the purpose of understanding what happens during program execution,

e is associated with one or more programming paradigms or languages, and possibly with

a particular programming environment,

e enables the semantics of program code written in those paradigms or languages to be

described,
e gives a particular perspective to the execution of programs, and
e correctly reflects what programs do when executed.
A notional machine is NOT:

e a mental representation that a student has of the computer (this is a mental model),

17



e a description or visualization of the computer, or
e a general, language- and paradigm-independent abstraction of the computer.

Based on these ideas, we broadly define “comprehension” as having a robust mental
model of a notional machine. As such, the goal of our curricula was for students to form an
accurate mental model of a program, as expressed through Scratch. More specifically in our
studies, we define “comprehension” as being able to predict the outcome of a certain script

run by the computer and to postulate which script produced a certain outcome.

3.3.2  Models for Different Types of Comprehension

Storey et al. [223] synthesized four models of program comprehension. These models in-
clude top-down [27], bottom-up [180, 220], systematic [140], and opportunistic comprehen-
sion [133]. She also further contextualized these models by differentiating them based on
human characteristics, program characteristics, and the context for various comprehension
tasks.

Schulte et al. [215] extended Storey’s work through the Block model (Figure 3.1). The
Block model introduces a duality between “structure” and “function” across three dimen-
sions and four levels of specificity. Two dimensions fall under “structure”—text surface and
program execution (data and control flow)—and function (goals of the program) is its own
dimension. The dimensions and levels form a table, where each cell highlights one aspect of
the understanding process. The cells are designed to be movable, thus allowing for the de-
velopment of different learning paths. In the Block model, the ultimate goal is for students
to build an abstract and general mental model automatically (i.e. unconsciously, so that
cognitive resources are freed). The Block model generalizes program comprehension models

by enabling students to build their own strategies to progress through the different cells.
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3.3.8 Bloom’s Taxonomy and its Variants in Computing

The original Bloom’s taxonomy defined six major cognitive categories: Knowledge, Compre-
hension, Application, Analysis, Synthesis, and Evaluation [19] (Figure 3.2). These categories
were ordered from simple to complex and from concrete to abstract. Further, the original
taxonomy represented a strict, cumulative hierarchy. Bloom’s taxonomy was later revised
to have a second dimension: the knowledge dimension [122]. The knowledge dimension con-
sisted of the following categories: factual, conceptual, procedural, and meta-cognitive. With

two dimensions, the revised Bloom’s taxonomy was no longer a strict hierarchy, and instead

Figure 3.1: The Block Model
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had multiple mastery paths.

Bloom’s Taxonomy

Produce new or original work
Design,assemble, construct, conjecturs, devalop, formulate, author, investigate

Justify a stand or decision
evaluate appraise, argue, defend, judge, select, support, value, critique, weigh

Draw connections among ideas
differentiate, organize, relate, compare, contrast, distinguish,
examine, experiment, question, tesl

Use information in new situations
execute, implement, solve, use, demonstrate, interpret,
operate, schedule, sketch

Explain ideas or concepts
classify, describe, discuss, explain, identify, licate,
racognize, raport, selact, translate

Figure 3.2: Bloom’s Taxonomy

With its prominent use in computing, several scholars have proposed modifications to
the Bloom’s taxonomy to adapt it to have two aspects specific to computing: the ability to
develop artifacts being a principal learning objective, and the centrality of studying process
and problem solutions [80]. Johnson et al. [109] proposed that Bloom’s taxonomy may need a
“higher application” level, application informed by a critical approach to the subject (Figure
3.3).

Fuller et al. expanded upon Johnson’s work and proposed the Matrix Taxonomy: a
two-dimensional adaptation of Bloom’s taxonomy (Figure 3.4). The two dimensions of the
matrix encompass two different competencies: the ability to understand and interpret an
existing product, known as the 'Interpreting’ dimension, and the ability to design and build
a product, known as the "Producing’ dimension. The levels in the "Interpreting’ dimension are
Remember, Understand, Analyze, and Fvaluate, while the levels in the 'Producing’ dimension
are Apply and Create. In our studies, the Use—Modify and Create tasks enable students to

demonstrate their ability to produce code artifacts, with the Use—Modify task at the Apply
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Higher Application

Analyse Evaluate Create

Apply

Understand

Remember

Figure 3.3: Bloom’s Taxonomy with Higher Application

level and the Create task at the highest 'Producing’ level. Worksheets and end-of-module
assessments allow students to hone and demonstrate their interpretation abilities, both with

whole projects and individual code snippets respectively.

3.3.4 SOLO Taronomy

The structure of observed learning outcomes (SOLO) taxonomy arranges learning outcomes
by structural complexity [17]. The SOLO taxonomy is comprised of five hierarchical levels

of understanding:
1. Prestructural: Nothing is known about the subject or task.
2. Unistructural: One relevant aspect is known.
3. Multistructural: Several relevant independent aspects are known.
4. Relational: Aspects of knowledge are integrated into a structure.

5. Extended Abstract: Knowledge is generalized into a new domain.
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Figure 3.4: Matrix Taxonomy

SOLO is different from Bloom’s taxonomy and its variants because it accounts for the
context of the learner’s response to what is being assessed. Its strength lies in encouraging
a holistic approach that supports deep learning. Its weakness is that there is not much
reported experience of using it for assessment in a range of subjects [80].

An example in the CS context is that expert programmers form abstract representations
based upon the purpose of the code whereas novices form concrete representations based on
how the code functions, inspiring a study by Lister et al [139]. They adapted the SOLO

taxonomy to classify ”explain in plain English questions” from students and educators:

1. Prestructural SOLO response: significant misconception of programming or is using a

preconception irrelevant to programming

2. Unistructural SOLO response: ”educated guess”’, a correct grasp of some but not all

aspects of the problem

3. Multistructural SOLO response: an understanding of all parts of the problem, but
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does not manifest an awareness of the relationships between these parts

4. Relational SOLO response: an integration of the parts of the problem into a coherent

structure and uses that structure to solve the task

5. Extended abstract: an application beyond the immediate problem to be solved and

links the problem to a broader context

They found that most educators actively sought to abstract beyond the concrete code
while students did not, and that approximately one half of students in the top two quartiles
demonstrated relational responses, while most students in the lower two quartiles demon-
strated multistructural responses. Similarly, we used the SOLO taxonomy to categorize

teacher interview responses in our study detailed in Chapter 10.

3.4 Theories of Meta-Cognition

TIPP&SEE, a mnemonic for students to remember the steps in exploring a new Scratch
project, and diagramming are meta-cognitive strategies. Meta-cognition involves both self-
regulation in learning and motivational aspects of learning. People who are meta-cognitive
are reflective and constructive in the learning process, thinking about their own thinking
and using this knowledge to guide both thinking and behavior [59]. These expert learners
are strategic and purposeful: establishing goals, planning, self-monitoring, self-evaluating,
giving self-feedback and correction, and motivating themselves toward the desired end [186].
In short, expert learners are meta-cognitive and strategic about their own learning.
However, strategic learning is an internal monitoring system, and is covert. To a less
strategic learner, the “how” of learning is not obvious, and denies access to both process and
content. To provide equitable learning opportunities, researchers developed and explored the

explicit teaching of meta-cognitive strategies, a process for teaching students how to learn
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within a content area, historically reading [118], writing [87], math [156], and content such
as social studies [54] and science [54].

Learning strategies prompt and scaffold meta-cognitive thinking. Learning strategies
are techniques, principles, or rules that enable a student to learn, solve problems, and to
complete tasks independently [56]. The foundational idea of learning strategies is to support
all learners in becoming independent by directly teaching them the processes that expert
learners use. Meta-cognitive learning strategies make the covert activities of expert learners
overt, enabling struggling learners to engage in, practice, and eventually internalize ways
to guide their own thinking, motivation, and behaviors to meet learning goals. Strategy
instruction promotes self-regulation in ways that manage information to optimize short-term
memory and long-term storage and retrieval, thus automating procedural knowledge [218,
204]. Metacognitive strategies can facilitate problem solving, helping students to not only
grasp the foundational knowledge and procedures, but to understand the conditions under
which their knowledge will be useful for problem solving and innovation [66, 149, 47].

Mnemonic devices are one such scaffold. One type of mnemonic uses an acronym to cue
memory and coordinate strategic thinking [216]. The mnemonic, TIPP&SEE, cues students
to engage purposefully in a series of strategic steps and procedures that are foundational to

higher order thinking skills [186] for computer science learning and problem solving

3.5 TPACK Model

TPACK is a framework for teacher knowledge for technology integration [120]. It describes
the interactions of three critical bodies of knowledge: content, pedagogy, and technology.
Pedagogical content knowledge (PCK) is the knowledge that teachers have about their con-
tent and the best ways to teach it [90]. Technological pedagogical knowledge (TPK) is the
knowledge teachers have of how teaching and learning can change when technology is used

in particular ways [120]. Technological content knowledge (TCK) is the knowledge teach-
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ers have of how technology and content influence and constrain each other [120]. Lastly,
TPACK is the knowledge teachers have of the representation of concepts using technology,
the pedagogical techniques that use technology in constructive ways to teach content, and
the difficulties students face when learning and how technology can help redress them [120].

The TPACK model has been used by scholars to analyze the different funds of knowledge
of K-12 CS teachers. For example, Giannakos et al. used TPACK to examine the abilities
and needs of a national sample of teachers in upper secondary education [82]. Vivian and
Falkner utilize TPACK to study teachers’ contributions to an online teacher professional
development [241]. In the first study of Chapter 10, we also leveraged the TPACK model

to characterize the knowledge expressed by teachers in their interviews.
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CHAPTER 4
INSTRUCTIONAL CONTEXT

The research presented in this thesis took place in three different school districts: San
Francisco Unified School District (SFUSD), Austin Independent School District (AISD),
and Chicago Public School District (CPS). The work described in Chapters 5 and 8 were
in SFUSD, the work described in Chapters 6, 7, and 9 were in AISD, and the studies
described in Chapters 10 were in CPS. In this chapter, we outline the curriculum, as well

as the design of the summative assessments for each school district.

4.1 Curriculum

4.1.1  San Francisco Unified School District

Students completed three modules in an introductory computational thinking (CT) curricu-
lum in Scratch over the course of a year—the first module was an introduction to Scratch,
the second covered events & sequence, and the third covered countable loops (see Table 4.1).
The events & sequence module included a lesson on parallelism. Each module could take up
to b class periods and consisted of an unplugged activity followed by projects that students
had to create from scratch, i.e. without a starting project.

The Constructionist-inspired [98] curriculum was a modification of the Creative Com-
puting Curriculum [45], where students were encouraged to develop artifacts for public con-
sumption and to draw from the Scratch community. For all students in the study, this
curriculum was their first formal in-school computing experience, though they may have had
informal out-of-school exposure.

All teachers in the study underwent the same professional development held by SFUSD
computer science school district leaders to teach this curriculum. Classroom size ranged

from 13 to 31 students. Each lesson took 60-90 minutes and took place once every 1-2
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Module Project Objective

Intro to Scratch Scratch Surprise Explore different Scratch blocks

Events & Sequence 10-Block Challenge Create different combinations of the 10 listed

blocks
About Me Create an interactive collage about yourself us-
ing events
Loops Build a Band Create a project about the music you like using
loops

Table 4.1: Modules in the Curriculum

weeks, depending on the classroom. The primary language of instruction was English. Our
study was conducted in the school district’s second year of implementing this curriculum to

minimize any logistical inconsistencies.

4.1.2  Austin Independent School District

Within a semester (approximately 5 months), students completed Scratch Act 1 [6], an in-
troductory computational thinking (CT) curriculum modified from the Creative Computing
curriculum [45] consisting of three modules: Sequence, Events, and Loops. Each module
begins with Use/Modify project(s) and culminates in a Create project (see Table 4.2). All
curriculum materials and assessments were available in English and Spanish.

All teachers underwent the same professional development designed by Prof. Diana
Franklin and University of Chicago’s CANON Lab school specialists, Donna Eatinger and
Susan Krause, to teach the Scratch Act 1 curriculum to 4th grade students (ages 9-10).
There were 7 to 18 consenting students in each classroom. Each lesson took 60-90 minutes
and took place once every 1-2 weeks, depending on the classroom. Students were either

taught in only English or a combination of English and Spanish.
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Module Project Use-Modify-Create

Sequence Name Poem Use/Modify
Ladybug Scramble Use/Modify
5-Block Challenge Create

Events Events Ofrenda Use/Modify
About Me Create

Loops Build a Band Use/Modify
Interactive Story Create

Table 4.2: Scratch Act 1 Modules

4.1.83  Chicago Public School District

Over the course of a school year (approximately 9 months), students completed Scratch
Encore [78], an intermediate CT curriculum that goes beyond sequence, loops, and ba-
sic conditionals. Like Scratch Act 1, modules in Scratch Encore start with a Use/Modify
project, followed by a Create project. Modules also come in three different strands, Gaming,
Multicultural, and Youth Culture, to facilitate culturally-responsive pedagogy.

All teachers took the same professional development, whether in-person or virtual in
2020, to teach the Scratch Encore curriculum to 5th-8th grade students (ages 11-15). Jen-
nifer Palmer (Scratch Encore curriculum developer), Donna Eatinger (CANON lab school
specialist), Merijke Coenraad (University of Maryland PhD student), and I conducted the
professional development. There were 7 to 25 consenting students in each classroom. Each
lesson took 45 to 60 minutes and took place once or twice a week, depending on the class-
room. Students were taught only in English. From September 2020 to February 2021, all
instruction in CPS was virtual, while from March to June 2021, instruction for elementary

and middle schools was hybrid.
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4.2 Assessment Design

Studies in SFUSD and AISD used assessments covering introductory CT concepts, namely
events, sequence, and loops, while studies in CPS used an assessment covering an interme-

diate CT concept, decomposition by sequence.

4.2.1 Interpretation & Use Argument

In addition to statistical measures for validity, we employ an argument-based approach
to assessment validation. Argumentation posits that the claims based on test scores be
outlined as an argument that specifies the inferences and supporting assumptions needed
to get from test responses to score-based interpretations and uses [113, 114]. Validation is
therefore an evaluation of the coherence and completeness of those interpretations and uses
and of the plausibility of its inferences and assumptions. A key distinction between this
approach and statistical measures of validity is that in argumentation, it is the proposed
score interpretation and uses that are validated, not the test or test scores.

The assessments designed for the studies in this dissertation are meant to be used within
computational thinking curricula based in Scratch programming. More specifically, the in-
troductory curriculum assessments are only suitable for introductory CT curricula where
the concepts of events, sequence, and repetition are introduced through Scratch, such as
Scratch Act 1 [6] and Creative Computing [24]. The Decomposition by Sequence assessment
is even more constrained. It is only suitable for the Decomposition by Sequence module in
Scratch Encore [78] because of curriculum-specific vocabulary used to introduce different CT
concepts. For both assessments, students with higher scores can better perform the code
reading and interpretation tasks in the assessments; we do not claim broader generalizability.
For these assessments to be generalizable beyond these curricula, there will need to be other
question types, such as non-programming or Bebras-style [52] questions. The development

of validated assessments for elementary students is ongoing [175].
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4.2.2  Introductory Curriculum Assessments

Upon completion of the Events & Sequence and Loops modules, students took a pen-and-
paper assessment, consisting of multiple-choice, fill-in-the-blank and open-ended questions.
Following the Evidence-Centered Design framework [155], assessments were designed based
on domain analysis informed by the CS K-12 framework and K-8 learning trajectories [196].
Overarching learning goals were narrowed in domain modeling to identify specific knowledge
and skills desired.

Prof. Diana Franklin, Bryan Twarek, William Marsland, and I designed the assessment
questions. For face validity, questions were then reviewed by a larger group of practitioners
and reading comprehension experts. Cronbach’s alpha («) was also calculated for internal
reliability between questions on the same concept. Assessments were first administered in
the 2017-2018 school year and improved upon for the 2018-2019 school year.

For the 2017-2018 school year, we designed 3 questions on events, 5 questions on sequence,
6 questions on loops, and 1 question on parallelism. After inspecting student responses,
we excluded 4 questions from our analysis because their formatting resulted in spurious
markings that made student responses unclear. We excluded 3 Explain in Plain English
(EiPE) questions because some students drew the stage, instead of describing the code
in words, which would result in ambiguous analysis. As a result, our analysis included a
question on events, a question on parallelism, 2 questions on sequence (a=.78), as well as 5
questions on loops. One of the loops questions has 3 sub-questions, asking about the code
in, before, and after a loop. Thus, there were a total of 7 items for loops (a=.82).

For the 2018-2019 school year, we revised the assessments from the previous year. Be-
tween the questions and sub-questions on both assessments, there were 5 items whose scores
indicate a single underlying construct we call “events” (a=.72), 4 items that reflect a con-
struct we call “sequence” (a=.7), and 9 items that indicate a construct we call “loops”

(v=.85). A question with parallel loops was excluded in the reliability calculation because
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its inclusion lowered the the reliability of the loops questions (a«=.82), suggesting that it was
not testing the same concepts as the other questions. An understanding of the concept of
parallelism, instead of loops, was likely more crucial to answering this question correctly.
Additionally, for a more fine-grained picture, an exploratory factor analysis was conducted
on student scores to characterize the underlying structure of our questions, i.e. which ques-
tions tested the same concept and the same level of Bloom’s Taxonomy, a framework for
classifying learning objectives [19]. Questions with multiple parts were treated as separate
items. We excluded two questions from this analysis: a question on parallelism because
of the Cronbach’s alpha results, and an extra credit question on nested loops because that
concept was not explicitly covered in the curriculum. A maximum likelihood factor analysis
was conducted with six factors, the minimum number of factors that was deemed sufficient,
and with the varimax rotation, which rotates the orthogonal basis so that the factors are
not correlated. The minimum number of factors was determined using both the Kaiser’s
eigenvalue-greater-than-one criterion [112] and the scree plot elbow [40]. Based on the factor
loadings from this analysis, we drafted a test blueprint (Table 4.3), with E&S and L short
for Events & Sequence and Loops, respectively. We only included five of the six factors, as
the last factor only accounted for one question. The remaining five factors accounted for 12

of the 18 questions included in the factor analysis.

4.2.8 Decomposition by Sequence Assessment

Prof. Diana Franklin, Jennifer Palmer, and I designed the Decomposition by Sequence
module in Scratch Encore based on the Decomposition learning trajectory [193] with Scratch
programming language-specific considerations. The end-of-module summative assessment
targeted the first three learning goals of the module, namely that students should be able

to:

1. decompose a sequence of events,
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Remember Understand
Scratch E&S Q2, Q3 —
Basics  (Loading=1.07)

Events — E&S Q4a, Q4b
(Loading=1.90)
Sequence — E&S Q6, Q7 (Loading=2.08);
L: Q5a,b,c (Loading=1.90)
Loops — L: Q1, Q2, Q4 (Loading=1.90);

L: Q5a,b,c (Loading=1.90)

Table 4.3: Test Blueprint with Concept & Bloom’s Level

2. create scripts that will trigger the action of one sprite dependent on the action of

another sprite, and
3. use sensing blocks to stop and start actions.

Questions were designed to address the first two levels of Bloom’s taxonomy [19]: remem-
ber and understand. The assessment was administered on Qualtrics, with a combination of
multiple-choice and drag-and-drop questions. For face validity, the questions were reviewed
by a larger group of practitioners and researchers. A summary of the questions is shown in
Table 4.4 and a more detailed description are in the Appendix.

To evaluate the internal reliability of questions covering the same learning goal, we con-
ducted a Cronbach’s alpha test. We did not find high reliability within questions for each
learning goal (LG1: a = .42, LG2: a = .45, LG: o = .31), likely due in part to our sample
size [30]. With this low reliability and the limitations of Cronbach’s alpha [227], we also
conducted an exploratory factor analysis to uncover the underlying structure of our ques-
tions. A maximum likelihood factor analysis was conducted with two factors, the minimum

number of factors that was deemed sufficient, and the varimax rotation, which rotates the
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Learning Goal

Remember

Understand

1. Decompose a Sequence of
Events

What are events?

What are actions?

What is an end condition?

Decompose a golf club swing

2. Create scripts with con-
ditional interactions

3. Sensing blocks to
stop/start actions

When do you use repeat
until?

When do you use wait
until?

Build the script for a golf
ball

What event caused the nee-
dle to start moving?

What event caused the bal-
loon to pop?

Build the script for a golf
ball

Table 4.4: Decomposition by Sequence Assessment Questions Summary

orthogonal basis so that the factors are not correlated. The minimum number of factors

was determined using both the Kaiser’s eigenvalue-greater-than-one criterion [112] and the

scree plot elbow [40]. The two factors corresponded to the two levels of Bloom’s taxonomy,

regardless of learning goals. The first factor (Loading = 1.30) accounted for all except one

of the “Remember” questions, which asked students to identify two examples of “actions” in

Scratch programming. The second factor (Loading = 1.09) accounted for all except one of

the “Understand” questions, which asked students to identify the event that caused a balloon

sprite to pop given two example scripts. This indicates that the two underlying constructs

covered by this assessment are the abilities to recall and interpret concepts related to the

decomposition of conditional interactions between sprites, not necessarily defined by specific

learning goals.
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CHAPTER 5
ANALYZING ELEMENTARY-AGE STUDENTS’
COMPUTATIONAL THINKING PERFORMANCE THROUGH
AN EQUITY LENS

With many countries worldwide integrating CS/CT instruction at the elementary/primary
school level, it is paramount that we understand the interplay between program compre-
hension and developmental factors in young learners. To ensure that such instruction is
equitable, it is even more important that we consider individual factors, such as skills devel-
oped at that age, and societal factors, such as the school environment.

In this study, we examine 4th grade (ages 9-10) learning outcomes from an introduc-
tory computational thinking curriculum across school performance, reading comprehension,
math proficiency, race/ethnicity, and gender. School performance has been shown to be a
proxy for the race, income, and parental involvement of their students [102, 190] and re-
lated to resources and teacher turnover rates [29]. Together with the lack of women and
under-represented minorities in computing, disparities in reading comprehension and math
proficiency are also fairly well documented [58, 1].

We pursue the following research questions in this study:

e How does school performance influence performance in the introductory CT topics—

events, sequence, & loops?

e How do per-student factors (reading, math, gender, race/ethnicity) predict perfor-
mance in CT topics? How do their relative effects change based on the learning goal

within each topic?

In this study, the curriculum had already been used in San Francisco Unified School

District (SFUSD) for two years before we conducted this study so I was not involved in the
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curriculum development or the teacher professional development. I was involved in deciding
what kind of schools to recruit for the study, but participant recruitment was led by two
former SFUSD computer science leaders, Bryan Twarek and Bill Marsland. I led the study

design, assessment design, and data analysis for this study.

5.1 Methods

5.1.1 Participants

The participants in our study were 296 4th grade (ages 9-10) students from a large urban
school district, distributed between a high-performing school, 2 mid-performing schools, and
a low-performing school. School performance levels were designated by the school district
based on characteristics of both students (e.g. percentage of minority students, English
language learners, students with special needs, students in poverty, etc) and teachers (e.g.
years of experiences, turnover rates, etc).

Student gender was split almost evenly between male and female!. The participant ethnic
breakdown was 32.9% Asian, 28.8% Hispanic/Latinx, 9.5 % White, 8.3% Pacific Islander,

and 6.3% Black. The remaining students did not report.

5.1.2 Data Analysis

We performed two sets of data analyses on two summative assessments administered in
an introductory CT curriculum. Question descriptions and scoring scheme are depicted in
Table 5.1. For a bird’s-eye view, we first analyze performance across school levels. For a
more detailed view, we compare across per-student factors—reading comprehension, math

proficiency, gender, and under-represented minority (URM) status.

1. Students in our study only identified as either male or female. No students identified as any other
gender.
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Question

Scoring Scheme

Max Score

Q1 Events Starting 1 Script

Q2 Events Starting Parallel Scripts
Q3 Repeat Iteration Count

Q4 Loop Unrolling

Q5 Repeat Blocks vs Iterations
Q6a Code in Loop

Q6b Code Before Loop

Q6c Code After Loop

EC Nested Loops

2pts/correct; -1pt/incorrect
2pts/correct; -1pt/incorrect
1pt/correct
Ipt/correct
2pts/correct; -1pt/incorrect
2pts/correct; -1pt/incorrect
2pts/correct; -1pt/incorrect
2pts/correct; -1pt/incorrect
1pt/correct

4pts
4pts
1pt
1pt
4pts
4pts
2pts
2pts
1pt

Table 5.1: Question Description and Scoring Scheme

Comparison across School Performance

Since there were 2 mid-performing schools in this study, we selected the one with three

classrooms taught by the same teacher for a better comparison with the high- and the low-

performing schools, for a total of 204 students. With this large sample size, the power of all

tests was at least 80%.

This quasi-experimental analysis followed the hierarchical CRH-pg(A) model. The linear

model is as follows:

Y:

where:

ijk = 1+ 5+ By + €y

e Y} is the question score for the ith student in classroom k within school 7,

e 4 is the grand mean of the question score,

* q; is the effect of school j,

° ﬁk( 5) is the effect of classroom k within school 7,
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e and €i(jk) 1 the error effect associated with Y.

The independent variable in this analysis was the school performance level, with class-
rooms nested within them. Both the school performance level and individual classrooms were
fixed factors. The classrooms in our study were of different sizes, so we randomly sampled
classrooms of 18 students (the smallest classroom size in our study) and ran the linear model
based on the sampled classrooms. This process was repeated 1000 times, and the average
of the linear model outputs over all iterations was calculated; the mean of the outputs was
used.

Because there are three schools, our analysis was performed in two steps to find statistical
significance. First, an ANOVA F-test was used to find whether there are any statistically-
significant differences between schools. Then, a Fisher-Hayter Post Hoc test was performed
pairwise on the three pair choices to determine which pairs’ result differences were statisti-
cally significant. Both tests provide p values — p < 0.05 is statistically significant.

The eta squared (772) effect size was also calculated. 12 measures the proportion of
the total variance in a dependent variable (DV) that is associated with the membership of
different groups defined by an independent variable (IV) [43]. For example, if an IV has a

772 of .25, that means that 25% of a DV’s variance is associated with that IV.

Comparison Across Per-Student Factors

Complementing our analysis across school performance, we also compare four per-student
factors: reading proficiency, math proficiency, gender and under-represented minority (URM)
status. Multiple regression analysis was used (1) to see if any of these factors were predictive
of performance on the different questions, and (2) to compare the effects of the predictive
factors. To be included in this analysis, students needed to have provided information on all
factors, resulting in a total of 189 students.

Logistic regression was used for questions where the answers followed a binomial distri-
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bution, i.e. there was only 1 correct answer (Q3, Q4, Q6b, Q6c, EC). We estimate the model

as follows:

1 — scoreg

log <%> = By + Pireadings + Bomathg + B3genders + B4URMg (5.2)

Similarly, log-linear regression was used for questions where the answers followed a Pois-
son distribution, i.e. there were multiple correct options so the regression was done on the

number of correct options chosen (Q1, Q2, Q5, Q6a). We estimate the model as follows:
log (scores) = By + Bireadings + PBomaths + Pygenders + S4U RM (5.3)

Reading and math proficiency scores were both normalized and dummy variables were
assigned for gender (1 for female, 0 for male) and URM status (1 for URM, 0 for non-
URM). We initially ran regression models with interaction terms between reading scores,
math scores, and URM status, none of which were statistically significant and were therefore

dropped from the model.

Reading Proficiency Analysis

Out of the 296 participants, 231 of them had Scholastic Reading Inventory (SRI) assessment
scores. The SRI assessment measures reading skills and longitudinal progress on the Lexile
Framework for Reading [131]. The SRI Technical Guide defines lexile score ranges for four
proficiency levels; the ranges for 4th-grade are shown in Table 5.2 [2]. To identify inequities
across the different proficiency levels, the ANOVA F-test was used.

To account for the imbalance across the different proficiency levels, Type III Sum of
Squares was used. If the overall F-test was statistically significant, the Tukey-Kramer Post
Hoc test was performed on each pair of reading proficiency levels to determine which pairs’
result differences were statistically significant.
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Proficiency Level SRI Lexile Score

Below Basic (Sig. Below Grade Level) < 540
Basic (Below Grade Level) 540-739
Proficient (At Grade Level) 740-940

Advanced (Above Grade Level) > 940

Table 5.2: 4th Grade Reading Proficiency Levels

Math Proficiency Analysis

Out of the 291 participants, 285 of them had Smarter Balanced Assessment Consortium
(SBAC) math scale scores. Designed based on the US Common Core State State Standards
[4], the SBAC math assessment assesses students’ knowledge of important mathematical
facts and procedures and their ability to apply that knowledge in the problem-solving [3].
SBAC defines 4 proficient levels based on different score ranges. Table 5.3 shows the ranges
for 4th grade [5]. To identify inequities across the different proficiency levels, we used the

same analysis procedure as the reading score analysis.

Proficiency Level SBAC Math Scale Score
Novice (Sig. Below Grade Level) <2411
Developing (Below Grade Level) 2411-2484

Proficient (At Grade Level) 2485-2548
Advanced (Above Grade Level) > 2548

Table 5.3: 4th Grade Math Proficiency Levels

Non-Academic Factors

Gender was fairly evenly split among the students, with 144 students who identify as male
and 152 students who identify as female. As for race/ethnicity, 100 of the students in

our study identified as Asian, 81 identified as Hispanic/Latinx, 30 identified as White, 25
39



identified as Pacific Islanders, and 19 identified as Black. 41 students declined to state or
provided no information. For our analysis, we categorized students based on whether they
identified as a race/ethnicity that was under-represented (Hispanic/Latinx, Pacific Islanders,
Black) or well-represented (Asian, White) in computing. To compare across genders and
URM status, we used the ANOVA F-test with Type III Sum of Squares to account for the

imbalance.

5.2 Results

We present three sets of results to better understand the influences of student performance in
computer science. First, we present results across schools of different academic performance
to understand whether current instruction serves the goal of equity. We then explore student-
level factors, academic and non-academic, to explore potential sources of inequity.

In each section, we present overall results across assessment questions. We then provide
detailed results for questions that illustrate the types of questions on which students per-
formed similarly or differently across that attribute. Finally, we discuss potential causes or

implications of the results.

5.2.1 Inequities Across Schools: The Big Picture

We begin by comparing overall performance across high-, mid-, and low-performing schools.
Broadly, students in high-performing schools showed a good understanding of events and
loops. 99% of them knew the number of iterations a repeat loop performs (Q3), 70% could
see the relationship between the loop and equivalent sequential code (Q4), and more than
80% of them understood the order of blocks in a loop compared to blocks before and after
the loop (Q6). Only two concepts, parallelism (Q2) and nested loops (EC) were beyond their
grasp.

However, our results revealed that students at mid- and low-performing schools exhibited
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a much shallower understanding of loops. While most could specify how many times a repeat
loop will iterate, fewer than half could identify the unrolled equivalent of a repeat loop and
identify both constructs that repeat actions (repeat loop and sequential code). Comparing
between school levels, there were statistically-significant differences between the high- and
mid-performing schools on questions which asked about advanced loop concepts (Q5, Q6,
Q7; see Figure 5.1). Students in the mid- and low-performing schools performed differently
on questions on events, parallelism and advanced questions on loops (Q1, Q2, Q7, EC).
Finally, students in the high-performing school outperformed students in the low-performing
school on all questions with statistically-significant differences.

In the next two subsections, we present two sets of questions that highlight the staggering

performance gaps between the different levels of schools (events and loops).

B High
] Mid
=] 073
A B Low
=
[1x]
£ 05
g
= _
£ 0.25
=]
-
0

a1 0z a3 04 05 O6a 06b 06c EC

Figure 5.1: Overall Comparison Across Schools with Scores Normalized relative to the High-
Performing School

Events starting Single & Parallel Scripts

There were two questions on events — Q1 covered events starting a single script (Figure
5.2), while Q2 covered events starting parallel scripts (Figure 5.3).
In Q1, students received two points for every correct script circled and lost one for any

incorrect script circled, for 0-4 points.
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The scripts below belong to a sprite. Circle all the scripts that run when you click the sprite.

when when this sprite clicked

when this sprite clicked when key pressed show LU Wy name is Kimi!

VEWEID T meow |

think Gl for € secs play drum €9 for BEE beats move EB) steps

next costume rest for (] beats

Figure 5.2: Q1 Events Starting a Single Script

The overall average score on Q1 was 2.49 (Figure 5.4a). Across all three schools, there
was a statistically-significant difference (F(2,144) = 7.43,p < 0.001,7% = 0.0792). Between
pairs of schools, there were significant differences between the low-performing school and
both the high- and mid-performing schools with a Fisher-Hayter Post Hoc (p < 0.05).

To better understand how students answered, student responses are categorized as: (1)
NO correct - students who circled none of the correct answers, (2) BOTH correct & wrong
- students who circled some some correct and some incorrect answers, (3) ONLY correct -
students who circled correct (subset/all) but not wrong answers, and (4) ALL correct & NO
wrong - students who circled all the correct answers and none of the incorrect ones. As shown
in Table 8.3, students in the high-performing school circled correct options most frequently
and provided the most complete answers, followed by the mid- and low-performing schools.
Conversely, students in the low-performing school circled incorrect options (No Correct, Both
Correct/Wrong) most frequently and were most likely to miss correct options, followed by
the mid- and high-performing school.

Q2 assessed students’ understanding of events across multiple scripts versus sequential
events in one script (Figure 5.3). Students were asked to circle the true statements from the

following;:
a) Pico plays the drum 7 times THEN changes costumes 4 times.
b) Giga plays the drum 7 times THEN changes costumes 4 times.
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Sch Category
No Correct Both Correct/Wrong ONLY Correct ALL Correct/NO Wrong

H 19.3% 7.9% 13.6% 59.1%
M 24.5% 15.9% 18.4% 41.1%
L 33.3% 16.7% 23.3% 26.7%
All 24.8 13.8% 18.0% 43.4%

Table 5.4: Q1 Qualitative Results

¢) Pico plays the drum AND changes costumes at the same time.
d) Giga plays the drum AND changes costumes at the same time.

e) Pico and Giga both play the drum 7 times THEN change costumes 4 times.

Pico’s Code Giga's Code

when clicked

repeat o

when clicked

repeat o

when clicked

repeat

play drum €9 for beats play drum €9 for (B beats next costume
| \

b
wait o secs

repeat €3

next costume

3
wait o secs

Figure 5.3: Q2 Events Starting Parallel Scripts

The correct answers were (a) and (d). Students earned 2 points for each correct answer
circled and lost 1 point for each incorrect answer circled, for 0-4 points. Most students
struggled with Q2, with an overall average score of 1.11 out of 4 points (Figure 5.4a). When

broken down by school, the average scores were 1.31, 1.4 and 0.53 points for high-, mid-,
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and low-performing schools, respectively. Across all three schools, there is a statistically-
significant difference (F(2,144) = 7.82,p < 0.001, 7> = 0.0845). Between pairs of schools,
there are significant differences between the low-performing school and both the high- and
mid-performing schools with a Fisher-Hayter Post Hoc (p < 0.05).

64.4%, 70.1%, and 46.6% of students in high-, mid-, and low-performing schools, re-
spectively, correctly identified Pico’s sequential behavior. However, only 41.4%, 36.9%, and
35.8% of students in high-, mid-, and low-performing schools, respectively, circled Giga’s
parallel behavior.

Some very common errors include: 44.8% circled Giga having sequential behavior, 22.1%
circled Pico having parallel behavior, and 53.9% circled the last option (both sprites have
sequential behavior). Taking Q1 and Q2 in perspective, the higher frequency of answers
with sequential behavior suggest that students may not understand parallelism as deeply
as sequential execution in Scratch, with students in the high-performing school significantly

outperforming students in the mid- and low-performing schools.
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(a) Q1 Events Starting Single vs Q2 Parallel (b) Q3 Iteration Count vs Q4 Loop Unrolling
Scripts Results

Figure 5.4: Questions highlighting Inequities across School Performance
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Loop Functionality

Q3 and Q4 ask about basic loop functionality in two different ways. In Q3, students were
asked how the number of times the loop would iterate, while in Q4, students were asked to

correctly identify the unrolled version (Figure 5.5.

2. Circle the script that makes the sprite do the same thing as the loop above:

change size by @
turn (X € degrees

change size by @
turn (X [ 15 B N
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change size by @
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change size by @
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change size by m
turn (X [ 15 e
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Figure 5.5: Q4 Loop Unrolling

Students performed very well on Q3. Almost all of the students from each school were
able to answer correctly, with 98.9%, 88.3%, and 84.5% of the students in the high-, mid-, and
low-performing schools, respectively getting the answer correct (Figure 5.4b). Comparing
the differences in the number of students who answered correctly, we found a statistically-
significant difference (F(2,144) = 5.05,p < 0.01,1? = 0.0431) among the schools. A Fisher-
Hayter Post Hoc pairwise analysis revealed a significant difference between the high- and
low-performing schools (p < 0.05).

In contrast, students struggled on Q4, with only 56.4% overall answering it correctly.
Within individual schools, 70.1%, 53.1%, and 44.8% of the students in the high-, mid-

, and low-performing schools, respectively, answered correctly (Figure 5.4b). There is a
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statistically-significant difference among schools for Q2 (F(2,144) = 5.25,p < 0.01,7% =
0.0539), with only a significant difference between high- and low-performing schools from a
Fisher-Hayter Post Hoc (p < 0.05).

When we put Q3 and Q4 performance in perspective, we see that while students are able
to identify how many times a repeat loop is run, many students do not truly understand
what that means. This implies a limited understanding of loop functionality, especially in

the low-performing school.

School Performance Discussion

These results show that at all schools, many of the students are learning basics of core
computer science concepts. However, the overall goal of equity is not yet being achieved.
Students from low-performing schools are more likely to display a surface-level understanding
of the concepts. This is shown especially with loop iteration count vs loop unrolling, in which
students at all schools can answer how many times the loop iterates but have difficulty
answering exactly how many times, and in what order, that loop causes them to run.

In order to address such inequity, curricular updates, teaching strategies, or learning
strategies could be developed. To do so, however, we need to better understand why some

students display so much more understanding than others.

5.2.2 Per-Student Factors

In order to gain more insight into differences in student performance, we looked at two cat-
egories of student factors — academic and non-academic factors. Academic factors included
reading and math proficiencies, and non-academic factors included gender and URM?2 status,

i.e. whether or not a student identified as a race/ethnicity under-represented in computing.

2. Under-represented racial/ethnic minorities include Black/African-American, Hispanic/Latinx, Native
Hawaiian & Pacific Islanders. There were no students who identified as Native American in our study.
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A summary of the regressions is presented in Table 5.5—the larger the absolute value of the
coefficient, the more predictive that factor was of that question score.
In the following section, we present a deeper dive into the academic factors, comparing

the influences of both reading and math proficiencies.

Question Reading Math Gender URM
Q1 Events Starting 1 Script 0.19* — — —
Q2 Events Starting Parallel Scripts — 24% — —
Q3 Repeat Iteration Count 0.87* — — —
Q4 Loop Unrolling 0.57* — — -1.01*

Q5 Repeat Blocks vs Iterations — — — —
Q6a Code in Loop — _— _— -

Q6b Code Before Loop 0.75%* — — —
Q6¢ Code After Loop 0.57*  0.55* — —
EC Nested Loops —0.67F  -0.81%  -1.1%

*p<.05, *Fp<.01

Table 5.5: Regressions to Identify Factors Predictive of Question Scores

Academic Factors

We highlight two questions where reading proficiencies were predictive: Q3 Repeat Iteration
Count and Q4 Loop Unrolling. For Q3, reading proficiency was the only per-student factor
that was predictive of performance, while both reading proficiency and URM status were
predictive of performance in Q4 (see Table 5.5).

Comparing relative grade level performance, the differences between reading proficiency
levels on both questions were statistically-significant (Q3: F'(3,227) = 4.57,p < .01,77]% =
056; Q4: F(3,227) = 15.39,p < .01,77127 = .17). For Q3, there were statistically-significant

differences between the advanced group and both the basic and below basic groups, and
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between the proficient and the below basic group. For Q4, there were statistically-significant
differences between all pairs except between the proficient group and both the advanced and
basic group.

For math proficiency, we focus on two questions: Q2 Events Starting Parallel Scripts
(Figure 5.3), which asked students to distinguish between sequential and parallel execution,
and EC Nested Loops (Figure 5.6). Math proficiency was the only per-student factor pre-
dictive of performance in in 2, while other non-academic factors were also predictive of
performance in EC (see Table 5.5).

There were statistically-significant differences between math proficiency levels on both
questions (Q2: F(3,281) = 12.27,p < .01,7}% = .12, EC: F(3,281) = 25.29,p < .01,7;]% =
.22). For 2, there were statistically-significant differences between the novice group and
both the proficient and advanced groups. As for EC, there were statistically-significant

differences between all groups except for the proficient and advanced groups.

’
move €D steps

play sound
13
play drum o for beats

)

Extra Challenge: How many times will the ”crash” sound play?

Figure 5.6: Extra Challenge Question on Nested Loops

Academic Factors Discussion

Reading proficiency was predictive of performance in 5 questions. All 5 questions asked about

basic functionality and emphasized a text surface understanding over a program execution
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Figure 5.7: Questions with Predictive Academic Factors

understanding—the two dimensions of structural understanding in the Block model (see
Table 5.5). To answer Q1 correctly, students must be able to read and comprehend the event
both in the question and in the answer scripts. Similarly, to answer Q6b and Q6c correctly,
students must understand how to read the top-to-bottom order of Scratch scripts. Our results
further support the idea that learning to program may depend on reading comprehension at
several stages in the learning process. Just as in reading [185], it is not enough to decode
the letters into words; to succeed, the student needs to make meaning of the sequences of
words into instructions and the sequences of instructions into functions or programs.

In contrast, the questions where math proficiency was predictive emphasized a program
execution understanding. For Q2, students needed to understand parallel execution, which
most students struggled with. This result is not entirely surprising — the difficulties that
students face while learning parallelism and a related concept, concurrency, are very well-
documented [21, 22, 121, 134, 188]. This merits future work into the mental models younger
learners have about parallelism, as well as the skills associated with building appropriate
mental models. For the extra challenge question on nested loops, a understanding of loops
may be related to an understanding of multiplication, i.e. multiplication can be conceptual-

ized as repetitive addition. If students do not have a firm grasp on multiplication, they may
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struggle to understand repetitive program execution.

Taking both academic factors into consideration, our results suggest that students must
first be able to read and comprehend (1) the words in the blocks themselves and (2) the
structure of scripts in Scratch before they are able to tackle a higher-order understanding of
program execution, at which math proficiency becomes more predictive.

In terms of equity across different proficiency levels, our results reveal that the closest
proficiency levels performed similarly, except in certain loop questions (Table 5.6 & 5.7).
The performances of the significantly-below- and below-grade-level groups were significantly
different on the loop unrolling question, and most of the advanced loop questions. The
number of significant performance gaps only grows the further the proficiency levels are
from each other, culminating in significant gaps on all questions between the significantly-
below- and the above-grade-level groups. Significant performance gaps on loop questions,
even between the closest groups, reinforce the need for improvement in its instruction.

While reading and math proficiencies were predictive of student performance on most
questions (see Table 5.5), our results revealed non-academic factors—gender and URM

status—to also be predictive, which will be explored in the following section.

Non-Academic Factors

There were only two questions where the non-academic factors were predictive — Q4 Loop
Unrolling and EC nested loops.

On Q4 Loop Unrolling, URM status was the most predictive factor. Further comparing
all students who had information on race/ethnicity, not just those who also had information
on gender, reading and math, we found that students who identified as a well-represented
race/ethnicity outperformed those who identified as an under-represented race/ethnicity
(F(1,253) = 7.29,p < .01,7% = .11; see Figure 5.8a)

The EC question on nested loops (Figure 5.6), which was not explicitly covered in the
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Q Reading Proficiency
SB*B B*At At*Ab SB*At B*Ab SB*Ab

Q1 * *
@ - - - - = =
Q3 * * *
Q4 * * * * *
Q5 * * * *
Q6a * * * * *
Q6b * * * *
Q6c * * * *
EC * * * * *

Table 5.6: Summary of statistically-significant differences between reading proficiency levels

curriculum, was the only question in which both gender and URM status were predictive
(see Figure 5.5). Comparing all students with information on gender and race/ethnicity,
regardless of whether or not they had information on reading and math proficiencies, an
ANOVA F-test revealed that students who identified as male statistically-significantly out-
performed students who identified as female (F(1,294) = 5.73,p < .05,1% = .019; see Figure
5.8b). Similarly, students who identified as a member of a well-represented race/ethnicity
statistically-significantly outperformed students who identified as a member of an under-

represented race/ethnicity (F(1,53) = 38.77,p < .01, 7% = .13; see Figure 5.8c).

Non-Academic Factors Discussion

URM status was the most predictive of performance on two questions, Q4 Loop Unrolling
and EC Nested Loops. Further, the interactions between URM status and both reading
and math proficiencies were not significant. This suggests that there may be other factors

associated with being part of an under-represented group that could be impacting their
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Q Math Proficiency
SB*B B*At At*Ab SB*At B*Ab SB*Ab

Q1 * *
Q2 * * *
Q3 * *
Q4 * * *
Q5 * * * * *
Q6a * * * *
Q6b * * *
Q6c * * * * *
EC * * * * *

Table 5.7: Summary of statistically-significant differences between math proficiency levels

performance in a computing curriculum. Among others, potential factors include spatial
skills, which have been found to be tied to STEM achievement [147]. Males have been
measured as having higher spatial ability, potentially due to the toys given to them in early
childhood [136]. Socioeconomic status may also have an impact, as it is linked to academic
skills developed in early childhood [97]. Investigation into other such factors associated with
being part of an under-represented race/ethnic group and how they influence performance
in a computing curriculum merits further study.

We can gain insight into potential factors involved in URM performance by focusing on
the question where URM status was most predictive—the extra challenge question on nested
loops. This question is unique because it is the only question that (1) covered material which
was clearly beyond the curriculum and (2) can be predicted by gender and URM status.
Prior research would hypothesize that this could be due to informal computing experience
that well-represented students may have, a variable we did not control for [57, 107, 244].

Under-represented students may face barriers to accessing informal opportunities such as
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Figure 5.8: Questions with Predictive Non-Academic Factors

cost, transportation, and the lack of parental technical familiarity [57, 61]. This further
supports the need for in-school, formal computing instruction from a young age, before the

disparities between well-represented and under-represented students grow too large.

5.3 Implications

This chapter presents an investigation into the factors associated with learning outcomes
from a school district’s implementation of an introductory CT curriculum for elementary-
age students. Our analysis revealed worrisome differences across school performance levels,
with students in the high-performing school significantly outperforming those in the low-
performing school in all CT questions. School performance has been associated with the
race, income, and parental involvement of their students, as well as resources and teacher
turnover rates [29, 102]. Thus, the relatively poor learning outcomes from students in the
mid- and low-performing schools indicates that disadvantaged students, the very students
that such a wide implementation is aiming to reach, are getting the short end of the stick.
A deeper dive into per-student factors reveal how academic and non-academic factors can
put some students at a disadvantage. Analysis at the student-level revealed reading com-

prehension to be predictive of most questions that emphasized a text surface understanding,
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while math proficiency was predictive of questions which emphasized a more program exe-
cution understanding. Comparing relative grade-level performance, we found stark perfor-
mance differences between students who perform below grade-level and those who perform
at or above grade-level. Students who are not becoming proficient in reading and math are
disproportionately students of color, ELLs, and students who live in poverty—students from
communities traditionally marginalized from computing [1, 97]. If the associations between
reading and math proficiencies and CS/CT learning remain unaddressed, efforts to increase
access to formal computing experiences will fall short of addressing issues of equity.

In contrast, identifying as male and/or a member of a race/ethnicity well-represented
in computing was predictive of performance in a question not explicitly taught in the cur-
riculum. This indicates that there are still other factors that advantages such students, or
conversely, factors that disadvantage students have identities under-represented in comput-
ing. Investigation into identifying these other factors merit further study.

These results have broad implications for researchers, instructors, curriculum developers,
policymakers and other stakeholders in the movement to integrate CS/CT instruction at
the pre-university level. Simply providing CS/CT instruction is not sufficient. This study
has shown that it is not enough to provide equitable access to CS/CT instruction; we must
also work towards equitable outcomes if we are to truly include students that have been

historically marginalized in computing.
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CHAPTER 6
INVESTIGATING THE ROLE OF COGNITIVE ABILITIES IN
COMPUTATIONAL THINKING FOR YOUNG LEARNERS

All over the world, children are being exposed to the ideas of computer science (CS) and
computational thinking (CT) at younger and younger ages as a result of nationwide move-
ments to promote CS education [103]. Between the ages of 6 to 12, children develop the basic
cognitive skills needed for learning [69]. Research into cognitive skills have a long tradition in
related discipline-based education research fields, such as math [79, 158], science [158, 255],
and reading [158, 169]. Few such studies have occurred in computer science. Further,
the cognitive science research that does exist in computer science education is mostly with
university-age or adult learners [202]. An understanding of the relationship between cogni-
tive abilities and learning outcomes can help a new field such as elementary computer science
create an appropriate developmental trajectory to guide standards [196, 193, 195, 194], in-
form development of curriculum and assessment, and set the instructional pace for optimal
learning outcomes [117].

In this study, we investigated the cognitive abilities of fourth-grade students (age 9-10)
who were introduced to CT either through a Use—Modify—Create (UMC) curriculum or
the same curriculum with additional scaffolding from the TIPP&SEE learning strategy in
a large urban school district in the United States. Use — Modify — Create is a learn-by-
example approach, where students first observe and make small changes to sample code that
demonstrates a new concept before incorporating the concept into a program they write from
scratch [127]. TIPP&SEE is a metacognitive strategy that scaffolds the student exploration
process in the Use — Modify step [208].

In this study, we explore the following research questions:

a) How are working memory, pattern recognition, and long-term retrieval associated with
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performance on the CS/CT concepts: events, sequence, and loops?

b) How much does the TIPP&SEE learning strategy support students with differing cog-

nitive abilities?

¢) For which computational thinking concepts does TIPP&SEE support students with

differing cognitive abilities?

In this study, I was involved in the design of TIPP&SEE and curricular materials. [
was also involved in participant recruitment, which was led by our collaborator from Texas
State University, Prof. Cathy Thomas. I also provided computing education support to the
undergraduate students who were helping the teachers. I led the study design, assessment

development, and data analysis.

6.1 Methods

6.1.1 Study Design

Teachers were randomly assigned to either the treatment or the control condition, resulting
in five English-only and three bilingual English and Spanish classrooms in each condition.
The eight teachers in the treatment condition were taught the TIPP&SEE learning strat-
egy, which scaffolds student exploration of example programs for Use — Modify activities.
Classrooms in the control condition were taught Scratch Act 1 and completed the same
Use—Modify tasks but without the TIPP&SEE worksheets guiding them through familiar-
ization with and exploration of the example code.

There were a total of 92 and 101 students in the TIPP&SEE (TS) and control (C) condi-
tions, respectively. Due to the student population in this study, we tried our best to ensure
that both conditions had as similar proportions as possible of students with: economic chal-

lenges (76.1% TS vs 89.2% C), multilinguality (designated “Limited English Proficiency”
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by the school district; 27.2% TS vs 51.5% C), disabilities (17.4% TS vs 14.9% C), and
below-grade level proficiencies in reading (58.7% TS vs 45.5% C) and math (59.8% TS vs
57.8% C). These factors were chosen based on research on what factors influence cogni-
tive function in general and computer science performance in particular. More specifically,
factors of economic challenge and poverty such as nutrition [191], stress [63], trauma [42],
neighborhood-wide poverty [91], rural and urban poor environments [234], refugee status [42],
family factors [91], food insufficiency, housing, and employment [53] all impact cognitive de-
velopment and function. Similarly, economic challenges [65, 73, 146, 210], disabilities [106],
English proficiency [187], and reading and math skills [89, 135, 209] all influence computer

science performance.

6.1.2 Woodcock-Johnson IV Tests of Cognitive Abilities

The Woodcock-Johnson IV Tests of Cognitive Abilities (WJ IV) [213, 212] is a standardized,
norm-referenced test of cognitive abilities that was developed based upon the Catell-Horn-
Carroll theory of intelligence [70], and is appropriate for measuring cognitive abilities in
persons from age two to 80+ years of age. These cognitive tests are not malleable to in-
struction, but are malleable to child development, maturity, and age. The purpose of these
assessments is to gather information that allows comparison of an individual to others of sim-
ilar age on important cognitive abilities. Together with other sources of information, these
types of assessments contribute to the identification of exceptionalities, including ”gifted-
ness” and disability. When used ethically and properly, the WJ IV cognitive tests are less
flawed, more theoretically grounded, and more fair than other methods of diagnoses [14].
For the purposes of this study, graduate students in school psychology who had been
trained to administer this test with fidelity conducted individual assessments of participants
in their school settings. Students in our sample were tested before or early in the com-

puter science instructional instruction. All assessments were audio-recorded and were dual
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scored. Disagreements in scoring were resolved through discussion, with resulting inter-rater
agreement of 100%. Inter-rater agreement was supervised by the second author, a licensed

diagnostician. Four subtests were administered to each participant.

Numbers Reversed

Numbers Reversed is a 34 item subtest of auditory, short-term working memory. For Grade
4, administrators begin with Sample Item A, and items are presented by audiotape. Partic-
ipants listen to an increasing series of numbers that do not follow a predictable sequence.
For example, Sample Item A includes 2 unrelated numbers, and item 34 includes 8. They
are asked to repeat the numbers in reverse order. This test assesses auditory memory that
requires both attention and manipulation (recoding) of new information and is a complex
span task. This test was selected because research in math and reading has demonstrated

that short-term memory is highly predictive of performance [46, 158]

Verbal Attention

Verbal Attention is a 36 item subtest of auditory, short-term working memory. For stan-
dardization, each item is presented using an audiotape included in the test kit. Participants
listen to an increasing series of words that include animal names and numbers, and are then
asked to answer a question. For example, item 9 includes 1 word, while item 36 includes a
combination of 5 animal names and numbers. This subtest assesses the capacity of auditory
memory, with a focus on attention. In this test, participants are asked to hold information
in working memory, and use their executive search skills to identify the correct informa-
tion to answer a question, assessing abilities in directing attention to needed information
that is present in working memory. This subtest was selected because research in math
and reading has demonstrated that short-term memory one of the strongest predictors of

performance [46, 158].
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Pair Cancellation

Pair Cancellation is a 49 item, 3-minute, timed subtest of accuracy in pattern recognition and
scanning abilities. In this test, participants scan lines of pictures to identify specific patterns,
for example, a picture of a dog, followed by a picture of a ball, and directed to circle each
instance. This subtest measures aspects of visual /spatial perception, information processing
speed, attention and concentration. This subtest was selected because of its relationship to

basic reading skills such as rate and fluency [179] and math calculation [46].

Visual-Auditory Learning

Visual-Auditory Learning is a 7 item subtest of paired associates memory, one aspect of
long-term storage and retrieval. In this subtest, participants are shown black and white
rebuses and asked to associate each with a word/name. Initially, they are asked to name
single rebuses, but as the assessment proceeds, are asked to “read” sentences of sequences of
rebuses. This task represents learning, in that it requires short-term working memory to hold
and organize the novel information, testing abilities in encoding, storage and retrieval of the
new learning. This test requires students to organize, story and retrieve information during
learning. The child must remember the word they are taught for each rebus in order to read
the sentence. This subtest was chosen because of the importance of encoding to math and
reading [179], and because research has demonstrated contributions of long-term memory in
math and reading learning and outcomes [219], including for problem-solving [149]. Maxi-
mizing long-term memory is a goal of cognitive load theorists, so understanding children’s
abilities is important [172]. This test is less common in research, but is commonly used in

assessment of children with and at risk for a learning disability.
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6.1.3 Data Analysis

To understand how different cognitive abilities relate to CS/CT performance (our first re-
search question), we first separated our data by groups of TIPP&SEE and control students
because of previous work showing that TIPP&SEE was associated with better CT perfor-
mance [208]. We then ran Spearman correlations between the cognitive abilities subtest
scores and scores on their end-of-module assessments. We chose the non-parametric Spear-
man correlation because not all of the assessment scores met assumptions of normality and
linearity. We provide p values for correlation strength and p values for statistical significance,
with p < .05 as our threshold. We also interpreted p values based on guidelines from Hinkle
et al [100], where p = 0 — 0.3 is very weak, p = 0.3 — 0.5 is weak, p = 0.5 — 0.7 is moderate,
p=0.7—10.9 is strong, and p = 0.9 — 1 is very strong.

To examine how much TIPP&SEE supports students with various levels of cognitive
ability and in which CT concepts (our second and third research questions), we first ranked
student scores according to classifications from the Woodcock-Johnson IV test manual (Table
6.1). The distribution of all student scores followed a normal distribution, with the number
of students in each classification decreasing the farther the scores were from the mean. For
some subtests, classifications on either tails of the distribution only had one student (see
Table 6.2). As a result, we combined ranks of students with scores in the “Very Superior”
and “Superior” into one “Superior” classification and students with scores in the “Very Low”
and “Low” into one “Low” classification, in order to have cell sizes large enough for analysis.
For the pair cancellation subtest, there was only one student in the “Superior” classification
and was therefore excluded from analysis. While the correlations in the previous analysis
allow for a more fine-grained picture, this classification allowed us to better describe students’
relative standing among same aged peers and identify students most at-risk.

Scores 40 and below were considered to be outliers and were removed from analysis as

they may not represent a fair example of their cognitive abilities. Possible reasons for outliers
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include students reaching their ceiling before maintaining the minimum score required for
each test and students being unable to pay attention to the task for an adequate amount
of time (3 minutes). Outliers could also be due to the test environment. For example, if
a student was not able to hear the audio the first time it was presented, it could result in
them having a lower score because they could not hear the item, nor can the examiner repeat
the items. Therefore, these extremely low scores may not be due to limitations in cognitive
ability, but instead reflective of test administration issues, including audio difficulty, noise
interference, or hearing issues. Further, significant under-performance may be a result of
student disengagement with the test conditions. Low student motivation and interest or
lack of rapport with the test administrator can influence test results. Additionally, the WJ
IV Tests are culturally and linguistically loaded, meaning that children who have limited
English proficiency may struggle with the instructions of the test and may score lower than
their actual ability due to an inability to understand the test directions and task. Table 6.2
shows the total number of students, as well as students with disabilities, English Language
Learners (as designated by the school district), and students with economic disadvantages
in each WJ 1V classification.

Comparing across conditions (TIPP&SEE and Control) and cognitive ability classifica-
tions (Low, Low Average, Average, High Average, and Superior), we transformed both ag-
gregate and individual question assessment scores with the Aligned Rank Transform (ART),
which enables non-parametric factorial analyses, before running an ANOVA F-test [99, 251].
A non-parametric transformation was chosen because of small cell sizes in the WJ IV clas-
sifications. Type III sum of squares was employed to account for unequal cell sizes and
estimated marginal means were used for post-hoc comparisons. For statistical significance,
we provide F' and p values for both condition and WJ IV classification. For practical sig-
nificance [125, 198], we also provide the partial eta squared (77]%) effect size. The effect size

specifies the magnitude of the observed effect or relationship between variables [143]. 7712)
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measures the proportion of the total variance in a dependent variable (DV) that is associ-
ated with the membership of different groups defined by an independent variable (IV) [43].
For example, if an IV has a 77]% of 0.25, that means that 25% of a DV’s variance is associated

with that IV.

WwWIJ IV Standard Score Percentile Rank

Very Superior 131 & above 98 t0 99.9
Superior 121 to 130 92 to 97
High Average 111 to 120 76 to 91
Average 90 to 110 25 to 75
Low Average 80 to 89 9 to 24
Low 70 to 79 3to8
Very Low 41 to 69 0.1 to 2
Extremely Low 40 & below Outliers

Table 6.1: Woodcock Johnson IV (WJ IV) Classifications

6.2 Results

To address our first research question, we first outline the results from our analysis of the cor-
relations between cognitive ability scores and performance on question sets covering the same
CT concepts. We next delineate the outcomes from comparing the computational thinking
performance of students in different Woodcock-Johnson IV classifications, addressing our

second and third research questions.

6.2.1 Correlations between Cognitive Abilities € C'T" Performance

We detail the correlations found between cognitive abilities and performance based on the test

blueprint of questions and CT concepts developed through the exploratory factor analysis

62



(EFA) described in the methods section. EFA enables us to discuss questions covering the
same CT concept as a collective; the following results are organized based on CT concept.
A summary of the correlations is shown in Table 6.3.

Finding 1: Pair Cancellation, a measure of pattern recognition, was not correlated with
better performance on any CT concept.

There were almost no correlations between scores on the Pair Cancellation subtest, which
measures pattern recognition and scanning abilities, and scores on CT assessment questions.
There was only a very weak correlation between Pair Cancellation scores and scores on one
question on Events (Q4b) (p = .232,p = .03) for the TIPP&SEE students. However, given
that none of the other questions were correlated and that classification over Pair Cancellation
subtest scores were not statistically-significant (see Section 6.2.2), this very weak correlation
on the single question likely does not imply a relationship between the skills measured by
the Pair Cancellation subtest and learning the CT concepts covered in this curriculum.

Finding 2: Measures of working memory and long-term retrieval were weakly correlated
with better performance on CT questions, with the correlations increasing with more complex

CT concepts.

Scratch Basics

There were two questions on the Events & Sequence assessment that covered the basics of
Scratch (Table 4.3). Q2 asked students to identify the last block in script, while Q3 asked
students to identify all the scripts that ran when the sprite was clicked. There was a weak
correlation between the Numbers Reversed subtest (a measure of working memory) and
scores on Q2 for TIPP&SEE students (p = .323, p = .0022). For control students, there were
very weak correlations between Q3 scores and both measures of working memory, Numbers
Reversed (p = .270,p = .0077) and Verbal Attention subtests (p = .277,p = .0063). There

was a greater correlation between Q3 scores and scores on the Visual-Auditory Learning
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subtest, which measures long-term retrieval (p = .431,p = 1.18 x 107°).

Events

Q4a and Q4b in the Events & Sequence assessment covered an understanding of events
(Table 4.3). Looking at a Scratch stage with two sprites that resulted from a green flag
click, students were asked to identify the script that ran for each sprite. For TIPP&SEE
students, performance on both events questions were very weakly correlated with one of the
working memory measures, Numbers Reversed (Qda:p = .218,p = .043; Qdb:p = .237,p =
.027). They were more correlated with the other working memory measure, Verbal Attention
(Qda:p = .335,p = .0015; Q4b:p = .391,p = .00018), and the long-term retrieval measure,
Visual-Auditory Learning (Qda:p = .420,p = 5.09 x 107°; Q4b:p = .416,p = 6.14 x 107°).
For control students, only the long-term retrieval measure was very weakly correlated with

scores on Events questions (Q4a:p = .219,p = .031; Q4b:p = .235,p = .021).

Sequence

The two questions on sequence from the Events & Sequence assessment (Q6 and Q7) asked
students to describe the order in which the blocks in an example script would run. For
TIPP&SEE students, there was a very weak correlation between one of the working mem-
ory measures, Numbers Reversed, and performance on Q6 (p = .263,p = .014). Con-
trol students showed a very weak correlation between the other working memory measure,
Verbal Attention, and performance on Q7 (p = .235,p = .021). Similar to the ques-
tions on Events, they were more correlated with the Visual-Auditory Learning subtest in
both TIPP&SEE (Q6:p = .222,p = .039; Q7:p = .294,p = .0057) and control conditions
(Q6:p = .223,p = .022; QT:p = .361,p = .0003).
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Loops

Q1 from the Loops assessment asked students to identify the number of times an example
loop would repeat. Q2 and Q4 from the same assessment asked students to unroll a loop,
but with different answer choices. Q2 asked about a single-block loop repeating 4 times
and had the answer choices of the block in the loop repeated 1, 2, 3, or 4 times. Q4 asked
about a double-block loop repeating 3 times and had the answer choices of the two blocks
alternating 3 times (the correct execution) and a script with the first block repeated 3 times
followed by the second block repeated 3 times (a common misconception) [89]. Q5a, b, and
¢ from the Loops assessment covered both sequence and loops, asking students to identify
code that ran before, in, and after a loop.

For questions that only covered loops (Q1, Q2, and Q4), there was only one very weak
correlation between Q4 scores and scores on one of the working memory measure, Verbal
Attention, for TIPP&SEE students (p = .240,p = .027). In contrast, for control students,
performance on Q2 and Q4 were weakly correlated with both working memory measures,
Numbers Reversed (Q2:p = .306,p = .0024; Q4:p = .238,p = .019) and Verbal Attention
(Q2:p = .399,p = 5.75 x 107°; Q4:p = .317,p = .0017). Visual-Auditory Learning, a
measure of long-term retrieval, was weakly correlated with all loops questions for control
students (Ql:p = .258,p = .011; Q2:p = .372,p = .00019; Q4:p = .381,p = .00013). For
questions covering both sequence and loops (Qba-c), there were weak correlations between
scores on these questions and measures of both working memory and long-term retrieval in
both TIPP&SEE (Qba:p = .347,p = .0011; Qbb:p = .342,p = .0013; Qbc:p = .365,p =
.00059) and control conditions (Q5a:p = .358,p = .00034; Q5b:p = .468,p = 1.52 x 1076;
Q5¢:p = .360, p = .00032).
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Figure 6.1: Common Misconception of Multi-Step Loop Execution

Discussion

With the exception of the Pair Cancellation subtest measuring pattern recognition, the
correlations between cognitive skill measures and CT performance grew with the complexity
of CT concepts, with more correlations of very weak magnitude (p < .3) for questions
covering Scratch Basics, Events, and Sequence to majority of weak correlations (p = .3 —.5)
for questions with loops.

It is worth noting that for the questions on events, TIPP&SEE student scores were corre-
lated with both measures of working memory and the measure of long-term retrieval, unlike
the control students, whose scores were only correlated with the measure of long-term re-
trieval. The questions on events were the only ones that used the vocabulary word ”Stage”
to refer to the area in the Scratch interface where students see the output of their code
and showed students an image of the Scratch stage. Recalling domain-specific vocabulary
may have loaded on students’ working memory and long-term retrieval, independent of the
computational thinking concept covered by that question. Acquiring disciplinary vocabulary
is often a challenge that impedes learning for diverse learners in STEM content [233]. Un-
like their typically developing peers, diverse learners may benefit from pre-teaching, explicit
instruction, and increased exposure to learn new words well enough for them to be useful.
Further, while related images may be paired with key information to enhance learning, vi-

sual information that requires interpretation can be more challenging for many learners [233].
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Related to Scratch, students need opportunities to see and practice with the graphical repre-
sentations in the platform, and to pair those with their meaning. In Scratch, the opportuni-
ties to use these for their own purposes should also enhance their vocabulary. For questions
4a and 4b, it is possible that neither the word ”Stage” nor its image conveyed meaning to
students, given limited exposure to this concept in their instruction [201].

It is also noteworthy that for the questions on loops, there was only one very weak corre-
lation between one working memory measure and one question in the TIPP&SEE condition,
while in the control condition, both working memory and long-term retrieval measures were
correlated with all but one question, which was still correlated with long-term retrieval.
Further, for the most advanced questions that required knowledge of both sequence and
loops, there were weak, with some bordering on moderate, correlations with both working
and long-term retrieval measures in both conditions. While TIPP&SEE may have provided
enough additional scaffolding to Use—Modify—Create for loops and easier CT concepts,

more support may be needed for more complex CT concepts.

6.2.2 TIPP&SEE Support across Cognitive Abilities

We first report the results from comparing total scores from two end-of-module assessments
across WJ IV classifications for each of the cognitive subtests. We follow with results from
analyzing different sets of questions that cover different CT concepts to understand which
concepts TIPP&SEE provides support for. Results from different questions are discussed
collectively based on the CT concepts they cover (Table 4.3).

Finding 3: For both TIPP&SEE and control conditions, there was no statistically-significant
effect of the Pair Cancellation subtest, a measure of pattern recognition, on C'T performance.

Figures 6.2a and 6.2b illustrate the distribution of scores in each Pair Cancellation
subtest classification within condition, in ascending order of classification from ”Low” to

"High Average”. The ”Superior” classification was omitted in the analysis as there was only

67



TIPP&SEE Control TIPP&SEE Control

M I

: == F - P ——

8 15- g *

(o2}

> & 15- v

S0 =) T

: 5" '

» o 0 5

T i ©

— -—

T S ——— PO ———
Low LAvg Avg HAvg Low LAvg Avg HAvg Low LAvg Avg HAvg Low LAvg Avg HAvg
(a) Events & Sequence Assessment (b) Loops Assessment

Figure 6.2: Performance across Pair Cancellation Classification

one student in that category.

Analysis across classifications for the Pair Cancellation subtest revealed no statistically-
significant effect on total scores on either assessment (E&S: F(1,161) = 2.19,p = .0918,
L: F(1,159) = 2.36,p = .0739). There was only a statistically-significant effect of con-
dition on aggregate scores on both the Events & Sequence and Loops assessments (E&S:
F(1,161) = 8.63,p = .0038 np 0509, L: F(1,159) = 8.08,p = .0051 np .048). Because
of this, further analysis comparing Pair Cancellation classifications and CT questions was
not conducted.

Finding 4: When using TIPPESFEE, students classified as having low scores on measures
of working memory and long-term retrieval performed equal or better than control students

classified as having average scores.

Numbers Reversed

Comparing across classifications based on the Numbers Reversed subtest, there were statistically-
significant effects of both condition and classification on the scores from both the Events &
Sequence (Condition: F'(1,163) = 8.32,p = .0045, np .0486; Classification: F'(4,163) =
6.20,p = .OOOll,np = .132) and Loops assessments (Condition: F(1,161) = 14.97,p =
00016, 72 = .0851; Classification: F(4,161) = 8.99,p = 1.39 x 1076, 2 = .183). Post-hoc

analyses revealed no statistically-significant differences in performance between TIPP&SEE
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Figure 6.3: Performance across Numbers Reversed Classification

students with low Number Reversed scores and control students with low average (E&S:

t = —924,p = 357, L: t = —.70,p = .485), average (E&S: t = —.836,p = .405, L:
t = —.345,p = .731), high average (E&S: t = —.997,p = .320, L: t = —.479,p = .633),
and superior (E&S: ¢t = —1.38;p = .170, L: ¢ = —.253,p = .80) scores on the Numbers

Reversed subtest. Figures 6.3a and 6.3b depict the distribution of scores for each Numbers
Reversed subtest classification nested within each condition, in increasing order from ” Low”

to ”Superior”.

Verbal Attention

Our analysis across Verbal Attention subtest classification showed statistically-significant
effects of both condition and classification on aggregate scores on Events & Sequence (Con-
dition: F(1,162) = 4.14,p = .043,7712, = .0249; Classification: F(4,162) = 6.59,p = 6.05 X
1079, 77% = .140) and Loops assessments (Condition: F(1,160) = 9.49, p = .0024, 772% = .0559;
Classification: F(4,160) = 7.67,p = 1.12 x 10~ 5,77p = .161). Unlike in the previous work-
ing memory measure Numbers Reversed, TIPP&SEE students with low Verbal Attention
scores did not perform as well as control students with average scores on the Events &
Sequence assessment. Instead, they out-performed them, performing better than control
students with low average (t = —2.57;p = .011), average (t = —2.073;p = .039), and

high average (t = —2.39;p = .018) scores on the Verbal Attention subtest. Results were
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Figure 6.4: Performance across Verbal Attention Classification

more similar to Numbers Reversed in the Loops assessment, with TIPP&SEE students who
had low Verbal Attention scores performing as well as control students with low average
(t = —.867,p = .387), average (t = —.560, p = .576), and high average (t = —.640,p = .523)
Verbal Attention scores. Figures 6.4a and 6.4b show the distribution of scores for each

Verbal Attention subtest classification for each condition.

Visual-Auditory Learning

In our analysis across Visual-Auditory Learning subtest classifications, there were statistically-
significant effects of both condition and classification on performance on both Events &
Sequence (Condition: F(1,164) = 5.21,p = .0237, 7712, = .0308; Classification: F'(4,164) =
541,p = .00041,7712) = .117) and Loops assessments (Condition: F'(1,162) = 5.97,p =
.016,7712, = .0355; Classification: F(4,162) = 5.77,p = .00023,7712, = .12). Similar to the
working memory measures, post-hoc comparisons indicated that TIPP&SEE students with
low Visual-Auditory scores performed as well as control students with low average (E&S:
t = —1.18,p = 239, L: t = —.976,p = .330), average (E&S: t = —1.01,p = .316, L:
t = —.632,p = .528), and high average (E&S: t = —1.79,p = .0755, L: t = —.488,p = .626)
scores. Figures 6.5a and 6.5b portray the distribution of scores for each Visual Auditory-

Learning classification in each condition.
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Figure 6.5: Performance across Visual-Auditory Learning Classification

Finding 5: For questions on events, there was a statistically-significant effect of Visual-
Auditory Learning classification, not condition, on C'T performance.

We now turn our attention from aggregate performance to performance on specific con-
cepts. There was only a statistically-significant effect of visual-auditory learning, a measure
of long-term retrieval, on performance on both questions covering events (Tables 6.4, 6.5,
& 6.6). There was no effect of condition on performance on either question (Tables 6.4,
6.5, & 6.6). This may be due to the use of the vocabulary word ”Stage” to describe the
graphical output of Scratch code, which could have relied on students’ long-term retrieval.
In contrast, comparisons across the two measures of working memory were ambiguous, where
the two Events questions had divergent outcomes.

Finding 6: There were statistically-significant effects of both condition and Verbal Atten-
tion classification on performance on questions covering loops.

When contrasting across one of the working memory measures, Verbal Attention, we
found statistically-significant effects of both condition and classification on performance on
Loops questions (Tables 6.4, 6.5, & 6.6). This may be early evidence for TIPP&SEE
support for the concept of loops and for the role of working memory in learning this con-
cept. On the other hand, comparisons across the other working memory measure, Numbers
Reversed, and the long-term retrieval measure, Visual-Auditory Learning, were mixed, with
varying outcomes for each question.
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Finding 7: Results for the rest of the C'T' concepts were inconclusive.

Results were mixed for the questions covering the other CT concepts, with disparate
outcomes for questions on the same concept. Of the questions covering the basic syntax and
semantics of Scratch, the effects of both conditions and cognitive score classifications were
not consistent (Tables 6.4, 6.5, & 6.6). As for questions on sequence, there were no effects of
both condition and classification on question scores in comparisons across Verbal Attention
classification, while results were mixed for Numbers Reversed and Visual-Auditory Learning
(Tables 6.4, 6.5, & 6.6). Lastly, outcomes were ambiguous for the questions combining
sequence and loops for comparisons across subtests of both working memory and long-term

retrieval (Tables 6.4, 6.5, & 6.6).

Discussion

Our analysis of TIPP&SEE support for students with differing cognitive abilities indicated
that when using TIPP&SEE, students with low scores on cognitive tests perform similarly on
summative, end-of-module assessments as students with average scores who underwent a less
scaffolded curriculum. In some assessments, TIPP&SEE students with low cognitive scores
even out-performed control students with average scores or performed as well as control
students with superior scores, as was the case in our comparison across both the working
memory measures, Verbal Attention and Numbers Reversed, on the Events & Sequence
assessment.

Results were less definitive when questions were broken down by CT concept. There was
a statistically-significant effect of long-term retrieval (Visual-Auditory Learning subtest),
not condition, on performance on questions covering events only. In contrast, there were
statistically-significant effects of condition and one measure of working memory (Verbal
Attention subtest) on performance on questions covering loops. The rest of the CT concepts

had mixed outcomes, with questions on the same concept having mismatched outcomes.
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6.3 Discussion

We now return to our overarching research questions:

How are working memory, pattern recognition, and long-term retrieval asso-
ciated with performance on the CS/CT concepts: events, sequence, and loops?

The correlations found overall were weaker than would be expected based on prior work
which showed that cognitive abilities affect learning opportunities in math, science, and
reading [79, 158, 169, 255]. This may be because the scaffolding in the curriculum, either
through Use—Modify— Create alone or Use—Modify—Create with TIPP&SEE, supported
students in learning CS/CT. While the correlations were smaller than expected, this study
presents a critical first step in exploring cognitive capacity in the learning of CS/CT in young
students.

As the CT concepts grew more advanced, the correlations increased between measures of
cognitive skill and performance on CT questions. For the basic CT concepts of events and
sequence, there were various correlations of very weak to weak magnitude between measures
of working memory and long-term retrieval and performance on questions covering these
concepts. With respect to a more complex CT concept covered in this curriculum, loops,
TIPP&SEE student performance was only very weakly associated with one working memory
measure for one question. With only one very weak correlation with only one question, it is
unlikely that a relationship between working memory and TIPP&SEE students learning of
loops. In contrast, the performance of control students were correlated with both measures
of working memory, as well as long-term retrieval in all but the simplest loops question.
Lastly, for both groups, measures of working memory and long-term retrieval were the most
correlated with performance on the most complex set of questions requiring a combined
knowledge of both sequence and loops. Taken together, this may be early evidence that
this curriculum was manageable for all students with scaffolding from Use—Modify— Create

for simpler CT topics such as events and sequence. This also implies that with increased
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complexity, the burden on cognitive abilities might require additional scaffolding, such as
TIPP&SEE, or adapted curriculum to remain accessible.

How much does the TIPP&SEE learning strategy support students with dif-
fering cognitive abilities?

There were more correlations between CS/CT performance and the Numbers Reversed
subtest for students in the TIPP&SEE condition. Numbers Reversed can be considered a
measure that focuses on working memory capacity. It is a complex span task in that the
operation of reversing the sequence remembered requires active engagement to hold and ma-
nipulate the information, and reflects ability to control attention during tasks, an executive
function. Weaknesses in these skills would impact an individuals’ ability to follow multi-step
and complex directions and the quantity of materials that could be managed at a time.
Teaching strategies such as verbal rehearsal and visualization can support student learning.
Further accommodations would include short, simple directions, visual cues, chunking of
information to be learned, and monitoring performance.

For students in the Control condition, there were more correlations between CS/CT
scores and the Verbal Attention and Visual-Auditory Learning subtests. The skills assessed
by the Verbal Attention subtest, similar to the Numbers Reversed subtest, measure working
memory capacity. Uniquely, it also examines skills in holding and finding information for
needed purposes, and skills in focusing attention to sort distractors. The ability to update
information and find it in a timely fashion is important. Performance on this subtest is
predictive of academic performance, and students with weaknesses in these capacities might
require additional repetition, limiting distractions, simplification of directions, and also strat-
egy instruction, including mnemonics for learning rules, patterns, and lists of words [212].
This subtest was selected for its role in working memory, which is predictive of performance
in other academic tasks. Further, learning, remembering, and retrieving, and using new

verbal information may be important to success in learning CS/CT.
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The Visual-Auditory Learning subtest may also be related to learning CS/CT. This skill
requires associated memory, in which more than one type of information is learned. For
example, in Scratch programming, new vocabulary and images are organized and stored
together. The term “sprite” and the images of various sprites provide mental models of the
concept of sprites. In this subtest, the novel information is both encoded and retrieved.
For weaknesses in this skill set, rehearsal, overlearning, shorter and more frequent sessions,
and the use of visual images may strengthen learning. Given the results across concepts,
while correlations were weak, TIPP&SEE students appeared to be more impacted by short-
term memory capacity and attention, while students in the Control group more often were
impacted by skills in holding and “looking up” needed information for use, both in short-term
working memory (Verbal Attention) and in the associative memory functions in the encoding
process that facilitate both storage and retrieval. While this research is exploratory, it is
possible that TIPP&SEE is providing the recommended rehearsal and scaffolded practice
needed to perform the CS/CT tasks and supporting students.

We also found that on many tasks, students in the TIPP&SEE group with low scores
on cognitive markers of short-term memory and long-term retrieval performed as well as
their average peers on CS/CT tasks. Students who experience poverty and deprivation tend
to have low scores on theses cognitive markers, which are often linked with academic un-
derperformance [42, 53, 63, 91, 191]. Students who demonstrate a weakness in these areas
may experience difficulty with developing strategies independently while studying, difficulty
with vocabulary development, and difficulty simultaneously remembering a comprehension
question and integrating previously learned information. TIPP&SEE can provide the strate-
gic scaffold that “levels the playing field”. This “leveling of the playing field” has been
demonstrated with explicit teaching of meta-cognitive strategies in academic areas including
reading, math, and science [59]. In this study, we see the potential for strategy instruction

as an effective scaffold for young learners in CT/CS.
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For which computational thinking concepts does TIPP&SEE support students

with differing cognitive abilities?
Results were less clear when we took a more detailed look into specific CT concepts. Most
questions had inconclusive results, with questions covering the same CT concept having
inconsistent outcomes. While students with low cognitive scores were better served with
TIPP&SEE in aggregate, we cannot yet tell in which concepts TIPP&SEE was more useful
for these students. A larger suite of questions covering a wider variety of learning goals
within each CT concept would be necessary to get a more definitive picture.

Across all our research questions, it was surprising that the Pair Cancellation subtest,
which measures scanning and pattern recognition, was not associated with CS/CT perfor-
mance and only weakly demonstrated a correlation with one Events question. This leads us
to hypothesize that this cognitive skill is not related to the tasks in this curriculum. Perhaps,
these skill is less necessary at the elementary level but would be more important for more
advanced CS/CT concepts. It may also be the case that this skill does not apply for younger
learners, the CT concepts were not complex enough to engage this skill, or something else

entirely. Future research will be needed to further investigate this relationship.
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Table 6.2: Students in Each WJ IV Classification for all 4 cognitive subtests (Numbers
Reversed (NR), Verbal Attention (VA), Pair Cancellation (PC), & Visual-Auditory Learning

(VAL))

WJ IV

Total Disability

NR

VA PC VAL NR VA PC VAL

Very Superior
Superior
High Average
Average
Low Average
Very Low

Extreme Low

27
96
33

1 0 0 0 0 0 0
7 1 3 0 1 0 0
20 6 12 3 2 1 2
107 107 110 11 10 12 16
29 33 33 6 10 4 )
) 7 0 3 ) 2 0
2 1 0 1 0 1 0

ELLs Econ Disadvantage

VA PC VAL NR VA PC VAL

Very Superior
Superior
High Average
Average
Low Average
Very Low

Extreme Low

33
15

0 0 0 1 0 0 0
2 1 1 7 ) 0 3
2 1 1 20 14 6 10
40 46 41 83 93 92 92
15 14 14 30 29 32 30
4 1 0 7 5 4 0
1 1 0 2 2 1 0
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Concept Q Numb Reversed Verbal Attn Visual-Auditory

TS C TS C TS C

Scratch  E&S Q2 .323** — — — — —
Basics E&S Q3 — 270%* — 207%F  — A431%*
Events E&S Q4a .218%* — .335%* — A420%* .219%*
E&S Q4b  .237* — 3917 — A416%* .235%*
Sequence E&S Q6 .263* — — — .222% .223%*
E&S Q7 — — — 235% .204%* 361H*
L Q1 . . . - - 258%
Loops L Q2 3060 399% 37%
L Q4 — .238%* .240%  317F* — 381%*
Sequence L Qba  .442%*  321FF  410%*  258% . 347** .358%**
& Loops L Q5b  .432%*%  334%* 268% .340%*  342%* A68%*
L Q5¢ 285%* .285%* 276%  .331%*F  365*F .360**

*p < .05 p < .01

Table 6.3: Correlations between Cognitive Skills & CT Performance on Questions from
Events & Sequence (E&S) and Loops (L) Assessments
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Condition Classification

Numbers Reversed F(1,163) P 77]% F(4,163) P 77]%
Scratch E&S: Q2 1.57 213 — 4.13%* .0032 .0921
Basics E&S: Q3 9.20%* .0028 0534 6.67F* 536 x107° .0141
Events E&S: Q4a 2.14 145 — 3.19 .0149 .0725

E&S: Q4b 1.42 235 — 1.11 .352 —
Sequence  E&S: Q6 1.46 228 — 3.382%* 00541 .0856
E&S: Q7 11.42%* .000911 .0655 3.28%* 0128 .0746

L: Q1 15.62%** .000116 .0884 2.38 .0543 —
Loops L: Q2 .556 453 — 3.08%* 0177 0717
L: Q4 5.54* .0198 .0333 2.68%* .0338 .0624

Sequence L: Qba 3.64 .0580 — 6.28** .000101 135
& L:Q5b  28.39%% 328x 107 149  825% 442x10°% 170
Loops L: Q5c¢ 7.79%* .00590 0461  5.54** .000333 121

*p < .05 *p < .01

Table 6.4: Test Statistics from Concept-Level Analysis of Events & Sequence (E&S) and
Loops (L) Assessments for Numbers Reversed
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Condition Classification

Verbal Attention  F'(1,162) D 772% F(4,162) D 772%
Scratch E&S: Q2 4.96* 027 .0297 .658 .622 —
Basics E&S: Q3 909 .342 — 2.34 .058 —
Events E&S: Q4a .332 .566 — 1.54 192 —

E&S: Q4b 2.47 118 — 2.24 .0670 —
Sequence  E&S: Q6 .320 572 — 2.29 .0620 —
E&S: Q7 516 A73 — 2.18 0737 —
L: Q1 4.29% .0398 .0261 2.48%* 0464 .0583
Loops L: Q2 38.27%% 494 x 1079 .193 5.93**  .000178 .129
L: Q4 23.76**  2.61 x 1076 129 3.51%* 00892  .0807
Sequence L: Qba 2.49 A17 — 4.38%* 00218 .0987
& L: Q5b 11.83%* .000745 0688  5.49** 000361 .121
Loops L: Q5¢ 2.23 137 — 6.04**  .000149 .131

*» < .05 *p < .01

Table 6.5: Test Statistics from Concept-Level Analysis of Events & Sequence (E&S) and
Loops (L) Assessments for Verbal Attention
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Condition Classification

Visual-Auditory  F(1,164) D 772% F(4,164) D 772%
Scratch E&S: Q2 20.09%%  1.38x 1075 .109 1.73 146 —
Basics E&S: Q3 .386 535 — 2.69* 033 .0617
Events E&S: Qda 0398 .842 — 2.61* 0375 .0598
E&S: Q4b 408 524 — 2.69* 0328  .0616

Sequence  E&S: Q6 2.81 .0951 — 2.32 .0589 —
E&S: Q7 .5H2 458 — 2.69* 0327 .0617

L: Q1 4.48%* .0358 .0269 1.46 216 —

Loops L: Q2 2.49 116 — 2.36 .0552 —
L: Q4 6.89%** .00950 0408  4.21** 00288 .0941
Sequence L: Q5a 4.78% .0301 0286  3.10** 0172 .0711
& L: Q5b 3.64 .0582 — 5.31*%% .000483 .115
Loops L: Qbc 2.68 104 — 5.19%% 000579 .114

*» < .05 *p < .01

Table 6.6: Test Statistics from Concept-Level Analysis of Events & Sequence (E&S) and
Loops (L) Assessments for Visual-Auditory Learning
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CHAPTER 7
UNDERSTANDING THE LINK BETWEEN COMPUTER
SCIENCE INSTRUCTION AND READING & MATH
PERFORMANCE

Many school districts all over the world have introduced computing curricula in their pri-
mary schools, expanding access to computing instruction. However, such expansion is not
necessarily reaching all schools. In the United States, an early study of New York City’s CS
for All implementation found that schools with CS courses and activities served fewer Black
and Latinx students and more White and Asian students, compared with schools without
CS courses [65].

Schools can be so focused on core academic progress, particularly under-performing
schools, that equitable educational opportunities for participation in content such as com-
puter science/computational thinking (CS/CT) may be missed [41, 124]. The ramifications
of these missed opportunities impact long-term outcomes for college entrance, employment,
and quality of life. This amplifies the need for researchers and educators to provide equitable
opportunities across schools. One way to increase the likelihood for inclusion of CS/CT cur-
ricula at the primary level would be to reliably demonstrate its impact on the core academic
outcomes, such as reading and math, that are most valued by schools.

The purpose of this study was to explore the relationships between computer science
learning and reading and math outcomes, with the overarching goal of examining whether
exposure to critical thinking and problem-solving skills through computer science learning

may generalize to other content. This study was guided by the following research questions:

e How is CS/CT instruction associated with reading and math performance on stan-

dardized tests?
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e How do any associations between CS/CT instruction and reading and math perfor-

mance apply to learners who face academic challenges?

In this study, I spearheaded the design of the study and assessment, as well as the
statistical analysis. I participated in the development of student-facing materials and in
student recruitment, which was led by Prof. Cathy Thomas from Texas State University. I
also provided computing education support to the computer science undergraduate students

assisting in classrooms.

7.1 Methods

7.1.1 Study Design

Teachers were randomly assigned to either the treatment or the comparison condition, result-
ing in five English-only and three bilingual English and Spanish classrooms in each condition.
The eight teachers in the treatment condition were taught the TIPP&SEE learning strategy,
which scaffolds student exploration of example programs for Use — Modify activities [208].
Classrooms in the comparison condition were taught Scratch Act 1 without the TIPP&SEE
worksheets guiding them through the Use/Modify projects. There were a total of 92 and
101 students in the TIPP&SEE and comparison condition respectively.

An additional 162 students who did not receive CS instruction in any form were included
as a de-identified control group. These students were randomly selected from the total
district population of fourth graders such that the control group had a similar profile to
the students who received CS instruction in terms of race/ethnicity, free and reduced lunch

status (as a proxy for economic disadvantage), and special education status.
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7.1.2  Reading & Math Scores

Statewide reading and math scores for 2018 and 2019 were provided by the district for each
consenting student. Annually, to determine grade level readiness in reading and mathematics,
Texas students complete the State of Texas Assessment of Academic Readiness (STAAR).
Each STAAR question is aligned to the state curriculum standards, the Texas Essential
Knowledge and Skills (TEKS), which teachers are mandated to follow as a guide to struc-
ture their lesson plans and teaching goals [230]. An external evaluation of the STAAR tests
reported that development is consistent with best practices and that the Texas Education
Agency (TEA) has provided evidence, including test blueprints and TEKS documentation,
that support content validity [104]. This evaluation developed a predictive model to examine
internal consistency reliability using Item Response Theory parameter estimates. Grade 4
projected statistics for reliability is high (0.913, Reading; 0.916, Math) and expected stan-
dard error of measurement is reasonable (2.71, Reading; 2.80, Math). At fourth-grade, the
Texas Education Code [231] mandates that in mathematics, students should have the skills
to use problem-solving models to support their planning, self-monitoring, and completion of
work. Reading standards require development of comprehension of sequencing to carry out
procedures. Standardized reading and math tests such as the STAAR assess skills that may

be foundational to and associated with CS/CT.

7.1.8 Data Analysis

To evaluate the relationship between CS/CT instruction and reading and math performance,
we first compared across conditions: students who received instruction with the TIPP&SEE
learning strategy (" TIPP&SEE students”), instruction without TIPP&SEE (” Comparison
students”), and no CS/CT instruction ("No CS students”). If there were no differences
between the TIPP&SEE and Comparison students, we aggregated them into one group
(" CS students”) to compare students who did and did not receive CS/CT instruction in any
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form. The different cohort configurations are summarized in Table 7.1. Since we tested two
hypotheses on each dependent variable (reading or math score), we applied the Bonferroni
correction so that our threshold for statistical significance is p < .025, half the standard

threshold of p < .05.

Cohort Description

Comparison  CS instruction without TIPP&SEE
TIPP&SEE CS instruction with TIPP&SEE
CS Comparison and TIPP&SEE cohorts
No CS No CS instruction

Table 7.1: Different Cohort Configurations Studied

To study all participants as a whole, an ANCOVA was conducted on their reading and
math scores to see if CS/CT instruction was associated with reading and math gains for
all students. In our analysis, we controlled for 2018 scores as a covariate due to pre-test
differences between the comparison and TIPP&SEE groups. We used Type III Sum of
Squares for the imbalance between groups. We report I’ and p values from the ANCOVA.
We also report the partial eta squared (7712,) effect size. The effect size indicates the magnitude
of the observed effect or relationship between variables [143]. 77]% measures the proportion of
the total variance in a dependent variable (DV) that is associated with the membership of
different groups defined by an independent variable (IV) [43]. For example, if an IV has a n?)
of 0.25, that means that 25% of a DV’s variance is associated with that IV. When comparing
more than two groups, the Tukey post-hoc test was used to determine which groups were
statistically-significantly different from one another, from which we report a p value.

Turning our attention to students groups who typically face academic challenges, we
analyzed each group differently depending on the sample size. 86.5% of the students in our

sample faced economic disadvantages, so they were analyzed the same way as the general
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student body. Students with limited English proficiency and students with disabilities were
analyzed using a non-parametric ANCOVA because of their smaller sample size (Table 7.2).
When comparing more than two groups, we used the Dunn post-hoc test, a non-parametric
post-hoc test. We report p values from both non-parametric tests. Unlike the parametric
tests, we do not report effect sizes for non-parametric tests. The few existing non-parametric
effect size estimates are not well-known or fully validated, and parametric effect size estimates
are not appropriate to use on non-parametric data that violate assumptions of normality and
heterogeneity of variances [130, 253]. The number of students in each group is shown in Table

7.2.

TIPP&SEE Comp No CS

Overall 92 101 162
Economic Disadvantage 72 95 132
Limited English Proficiency 25 52 76
Special Ed/Disability 16 15 28

Table 7.2: Number of Students in Each Group

7.2 Results

To address our research questions, we first discuss results from analyzing all students in
our study, followed by results from focusing on students who face academic challenges that

impact reading and math performance.

7.2.1 Qwverall Student Body

CS/CT instruction was not associated with reading performance, both across conditions
(F(2,331) = .384,p = .681) and between CS/CT and control students (F'(1,332) = .722,p =

.396). Figure 7.1a depicts the distribution of reading scores across conditions, while Figure
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Figure 7.1: Reading Performance of Students

7.1b compares the reading scores of students who received any CS/CT instruction (combining
both TIPP&SEE and Comparison groups) and students who did not. In both analyses,
their 2019 reading scores were only associated with their 2018 reading scores, most likely
a demonstration of academic growth across school years (F'(1,331) = 478.94,p < .01, 77]% =
5915 F(1,332) = 480.40,p < .01,7712) = .591). This suggests that reading is not a skill that
can necessarily be improved through programming.

Unlike reading, CS/CT instruction was related to math performance across conditions
(F(2,332) = 11.08,p < .01,7}% = .0625). Just like reading, their 2019 math scores were
also associated with their 2018 math scores, demonstrating growth across school years
(F(1,332) = 437.71,p < .01,7}% = .569). A Tukey post-hoc test revealed statistically-
significant differences between the Comparison groups and both the TIPP&SEE and no CS
groups (p < .01). Figure 7.2 depicts the distribution of math scores across conditions. It
is interesting to note that increased gains in math performance were only observed in the
Comparison group, not the TIPP&SEE group. Potential reasons for this phenomenon are
further explored in §8.1.3. The fact that the comparison group showed increased math gains
suggests that there may be skills learned through CS/CT, such as critical thinking and
problem-solving, that are generalizing to math in response to exposure to more open-ended
CS/CT instruction.
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Figure 7.2: Math Performance of Students across Condition

7.2.2  Students facing Academic Challenges

We now turn our attention to students in situations that are correlated with academic
challenges affecting reading and math performance: students with economic disadvantages,
students with limited English proficiency, and students with disabilities [8, 83, 153].

For students facing economic challenges, we found no association between CS/CT in-
struction and reading performance gains, both comparing across conditions (F(2,278) =
103, p = .90) and comparing those who did and did not receive CS/CT instruction in any
form (F(2,279) = .044,p = .83). In contrast, there was an association between CS/CT
instruction and math performance gains when comparing the TIPP&SEE, Comparison, and
the No CS groups (F'(2,278) = 10.67,p < .01,17]27 = .071). A Tukey post-hoc analysis
demonstrated statistically-significant differences between the Comparison group and both
the TIPP&SEE and No CS group (p < .01). Figure 7.3a depicts the distribution of the
math scores of students with economic disadvantages in each condition.

Students with limited English proficiency also exhibited the same pattern. There was
no association between reading performance gains and CS/CT instruction across conditions
(p = .73) and across the presence or absence of CS/CT instruction (p = .54). CS/CT
instruction was associated with math performance gains (p < .01), with a Dunn post-hoc test
showing the Comparison students outperforming the TIPP&SEE group (p < .025). Figure

7.3b illustrates the spread of the math scores of students with limited English proficiency in
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Figure 7.3: Math Performance

each condition.

Students with disabilities trended similarly with the overall student sample and the other
students who face academic challenges in terms of reading performance: no association
with CS/CT instruction across both conditions (p = .75) and the presence or absence of
CS/CT instruction (p = .45). While other groups of students saw math performance gains
with more open-ended CS/CT instruction, students with disabilities did not, in neither
conditions (p = .69) nor presence/absence of CS/CT instruction (p = .24). Figures 7.4a
and 7.4b present the math scores of students with disabilities across conditions and across
the presence or absence of CS/CT instruction, respectively. It is important to note that
the math scores of students with disabilities also trend lower than that of the other student
categories. In 2019, they had a median score of 1412, compared with 1553 for the overall
student sample, 1537 for students with economic disadvantage, and 1553 for students with

limited English proficiency.

7.3 Discussion

We now return to our overarching research questions:

e How is CS/CT instruction associated with reading and math performance on stan-
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Figure 7.4: Math Performance of Students with Disabilities

dardized tests?

e How do any associations between CS/CT instruction and reading and math perfor-

mance apply to learners who face academic challenges?

For our first research question, this exploratory research provides preliminary evidence of
the link between CS/CT and core academic of progress in reading and math. While students
who struggle to read also struggle in CS/CT instruction [209], opportunities to participate
in CS/CT instruction were not associated with reading improvements. Changes in reading
may be associated with time, maturation, exposure to reading instruction, and potentially
other factors.

However, in this study, students engaged in a less scaffolded computer science learning
opportunity did demonstrate improved outcomes in math. This finding is encouraging given
the importance of problem-solving and critical thinking skills for all learning. It is possible
that this association is a result of exposure to and experience with the higher level math
concepts embedded in the Scratch curriculum. It is also possible that the association is in
response to opportunities in CS/CT curriculum to engage in higher level thinking skills with
support. While more research is needed to replicate and extend this finding, generalizing of

CS/CT skills to math is a very positive and desirable outcome.
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It is important to note that improved outcomes in math did not result from TIPP&SEE,
the more scaffolded learning opportunity. While TIPP&SEE led to better computing learning
outcomes [209], it did not improve math performance. There are several possible explana-
tions for this. First, it may be the case that the more scaffolded, less open-ended instruction
resulted in less exposure to the skills that generalize to math. Second, some blocks in Scratch
may expose students to more advanced math concepts, such as angles. When advanced con-
cepts came up in Scratch, teachers in our study either explicitly taught those math concepts
or worked around them [232]. It may be the case that a more structured curriculum dis-
suaded teachers from diverging from the curriculum to cover more advanced math concepts.
Further research would be necessary to investigate this trend.

For our second research question, the association between math performance gains and
more open-ended, less scaffolded CS/CT instruction applied to students with economic dis-
advantages and with limited English proficiency, but not to students with disabilities.

A majority of students in our study (86.5%) faced some form of economic disadvantage.
The selection of such a student sample was intentional, as we wanted to expand access to
CS/CT instruction to students who may not have been exposed otherwise. The fact that
students with economic disadvantages made up such a large proportion of our sample is a
potential reason why the overall student trend applied to them. A future study with a more
representative sample would be necessary to identify broader trends.

While it would be reasonable to expect that limited English proficiency would be an
additional barrier to CS/CT instruction in the US, students with limited English proficiency
exhibited similar patterns as the larger student body. This is likely attributable to the
sophisticated and well-established bilingual English/Spanish instruction in the schools in
our study and the availability of bilingual materials [203].

The reading and math performance of students with disabilities were not associated

with CS/CT instruction at all. The lack of improvement in the comparison condition is
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predictable. Previous research in science learning has demonstrated that students with dis-
abilities require scaffolding in order to access the curriculum [200]. Inquiry alone, as was
available in the more open-ended comparison condition, is not sufficient for them. More
specifically, students with learning disabilities do not succeed in open inquiry in either math
or science and trends with their under-performance relative to even their lowest performing
peers in reading and math [123, 150]. Additionally, students with disabilities tend to have
slower growth rates in their reading and math scores [83, 214, 246]. It may also be the case
that a one-year observation of reading and math scores was not enough time to notice any
effect, that one semester of CS/CT instruction was insufficient, or that the forms of CS/CT
instruction offered in our study have no link to reading and math for students with disabili-
ties. Discerning the reason for this trend difference would require further investigation. This
disparity for students with disabilities suggests that while we have preliminary evidence that
more open-ended CS/CT instruction is a medium for learning cognitive skills generalizable
to math, it is by far not a substitute for equitable math instruction and most definitely not
a panacea for addressing inequities in math, as some have claimed [177]. Further research
is necessary to better understand these relationships for students with disabilities, especially

since we could not disaggregate the different types of disabilities due to privacy concerns.
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CHAPTER 8
TYPES OF COMPREHENSION

In addition to understanding the factors that contribute to program comprehension and
performance of young learners, it is also crucial to investigate the different types of compre-
hension achieved under the instructional practices in an introductory curriculum. Artifact
creation, such as programs and scripts, are a fundamental tenet of CS instruction. Tinkering
with someone else’s code, perhaps from an instructor or from open source code, is a common
step to developing such artifacts. However, little is known about how much and what type
of comprehension is achieved through tinkering, especially at the K-8 level.

In this chapter, we describe two studies that address that research gap. The first study
explores the relationship between characteristics of student code and their performance on
code comprehension question [205]. The second study investigates the different responses
students give, and consequently, the types of comprehension students demonstrate, when
asked about their own code compared with generic code [206].

The first study took place in the 2017-2018 school year (approximately 9 months), while
the second study took place over 2 school years 2017-2019. In 2017-2018, our study consisted
of 316 4th grade students. In the 2018-2019, our study consisted of 329 3rd, 4th, and 5th

grade students.

8.1 Exploring Relationship between Features of Student Code

and Performance on Code Comprehension Questions

Many research studies of elementary students have used artifact analysis to draw conclusions
about program comprehension [20, 75, 77, 157, 252]. However, artifact analysis can be
misleading, stemming from both false negatives and false positives. Students can include code

in their programs that they do not understand, leading to false positives [25]. Conversely,
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students may understand concepts that they do not choose to include in their code, leading
to false negatives.

This study seeks to better understand the relationship between student artifacts and
student understanding. In particular, it answers the following research question: What s
the relationship between the presence of specific code constructs in a student’s computational
artifact and that student’s performance on a question asking about those code constructs?

In this study, we focus on structural understanding from the Block Model [215]. More
specifically, we define understanding as being able to predict the outcome of a certain script
run by the computer or if students could postulate which script produced a certain outcome,
similar to Sorva et al [221]. This section presents key findings from this study, based on
summative assessments given at the conclusion of two modules in a curriculum taught in a
large urban school district in the United States.

For this study, I led the study design, assessment design and data analysis. It took place
in an existing curriculum in San Francisco Unified School District (SFUSD), so I was not
involved in curriculum design. I was involved in decisions regarding the participant recruit-
ment strategy, but recruitment was led by two former SFUSD computer science leaders,

Bryan Twarek and Bill Marsland.

8.1.1 Methods

In this section, we describe the context in which students created their artifacts, as well as

the artifact analysis utilized in this study.

Artifact Creation Context

In addition to their summative assessments, we also collected students’ culminating projects
for each module. Students created a project over 1-3 class periods (approximately 1 hour

each) based on an open-ended prompt meant to encourage the use of code constructs related
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to the CT concept covered in the module. For example, to motivate students to use loops,
they were prompted to build a band in Scratch, where sound clips would need to repeat in
order to continuously play. 287 students submitted projects for Module 2, and 275 students
submitted projects for Module 3.

In this study, the artifacts students created are projects that students develop from
scratch, not remixed from the Scratch community. However, they were not prohibited from
tinkering with code from the community. The knowledge they should possess is structural
content related to control flow and individual block actions. More specifically, they should
know what event causes a script to run, the order in which blocks run, and the result of

those actions on the stage.

Artifact Analysis

Student projects were analyzed for attributes that were either indicative of overall complexity
or were related to the concept tested in a question (Table 8.1). Overall complexity can be
gleaned from total number of blocks, scripts, sprites, unique blocks, unique categories, and
average script length (Scratch analog for lines of code in text-based programming). These
attributes were analyzed for correlations with any of the assessment questions. Additionally,
Module 2 taught sequence and events and Module 3 taught loops, so our analysis looked
for both the total and the unique count of event and loop blocks. These attributes were
analyzed for correlations only with their respective assessment questions.

Depending on whether the variables in question were dichotomous or continuous, either
the point-biserial or the Pearson correlation coefficient was calculated. If either the attribute
or the question score was dichotomous, the point-biserial correlation coefficient was used
(shown in Q1, Q3-5, Q7). Otherwise, if both were continuous, the Pearson correlation
coefficient was used.

Both methods result in a correlation coefficient r and a p-value. Absolute values of r
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between .9 and 1 , between .7 and .9, between .5 and .7, between .3 and .5, and between
0 and .3 are considered very strong, strong, medium, weak, and very weak correlations,
respectively [101]. A p-value less than .05 is statistically significant, meaning that we can

reject the null hypothesis that the correlation is equal to 0.

Construct Measures
Block total count unique count categories
Scripts total count avg length
Sprites total count
Loops/Events  total count unique count

Table 8.1: Attributes from Artifact Analysis

8.1.2 Results

Our results aim to answer the core question — does a student’s use of certain code constructs
mean that they understand the concepts associated with those code constructs? For each
question, we identify a specific code construct that would make sense as a proxy. We then
present the data to give two sets of intuition. First, we present the statistical correlation
between code attributes and assessment question results. Second, we present data to give
a sense of the rates of the two circumstances we want to avoid - false positives (students
with relevant code in their artifacts but do not understand the concept) and false negatives

(students without relevant code in their artifacts but who do understand the concept).

Q1: Sequence

Q1 asked students to circle the say block that ran last in a script with alternating say and
wait blocks. A reasonable code construct for this question would be script length, assum-

ing that students who implement scripts of sufficient length are more likely to understand
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sequence. The distribution of the average script length across student projects is shown in
Figure 8.1a. This shows that about 80% of students have a script length of less than 2,
which means students predominantly have scripts without sequence—consisting of only an
event block and a single action block.

Looking at Figure 8.1a, we see that students with script length 1-2 perform similarly to
students with greater script length. In addition, there is no script length that can serve as
a cut off — that prior to that length, students are incredibly unlikely to correctly identify
the last instruction (leading to few false negatives) and afterwards are incredibly unlikely
to incorrectly identify the last instruction (leading to few false positives). Not surprisingly,
there was only a very weak correlation between question response and average script length
(r=.15,p < .01).

In addition to the very weak correlation found with the average script length, there were
also very weak correlations found with the number of categories from which blocks were
used and the number of unique events. The rest of the attributes were found to have no

correlation with performance on this question.
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Figure 8.1: Questions and Code Constructs for Sequence and Events
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Q2: Events Starting 1 Script

Q2 showed four scripts and asked students to circle which script(s) would run if they click
on the sprite. Two scripts started with when sprite clicked, one with when green flag
clicked, and one with when space key pressed. Students received two points for every
correct script circled and lost one for any incorrect script circled, for 0-4 points. Circling no
or all four scripts earned 0 points, as neither gives any insight into understanding.

We explored two code constructs — the total number of events and the number of unique
events a student used in their project. For the total number of events, it would be a sen-
sible expectation that the more students implement and practice events, the better they
understand their functionality. As for the number of unique events, it would be reason-
able to expect that students who implement scripts with multiple events understand the
relationship between the event the user performs and the resulting script that gets run.

There were very weak correlations between student performance on this question and
the rest of the attributes of their projects, except for number of sprites, which had no
correlation. Similarly, there were only very weak correlations between question score and (1)
the number of events in code (r = .21,p < .01) and (2) the number of unique events in code
(r =.26,p < .01). While there was a slight increasing trend in the average score depending
on the number of unique events, there was a vast difference in individual performance on the

assessment question for each number of unique events (Figure 8.1b).

Q3: Events Starting Parallel Scripts

Question 3 consists of two actions (playing drum and changing costume) in three scripts
across two sprites (Pico & Giga), all started by when green flag clicked. Pico’s single
script performs the actions sequentially, whereas Giga’s two scripts run in parallel (Figure
8.2a). To assess students’ understanding of multiple events in multiple scripts versus se-
quential events in one script, students were asked to identify the true statements from the
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following;:
a) Pico plays the drum 7 times THEN changes costumes 4 times.
b) Giga plays the drum 7 times THEN changes costumes 4 times.
c¢) Pico plays the drum AND changes costumes at the same time.
d) Giga plays the drum AND changes costumes at the same time.
e) Pico and Giga both play the drum 7 times THEN change costumes 4 times.

The correct answers were (a) and (d). Students earned 2 points for each correct answer
circled and lost 1 point for each incorrect answer circled, for 0-4 points. Circling no or all
four scripts earned 0 points.

For this question, the artifact attribute used was using the same event for multiple scripts.
There was no correlation between using the same event for multiple scripts and scores on
this question (p=.076) (Figure 8.2b). In fact, students across the board struggled with this
question, with an average score of 1.11. Performance on this question suggests a very high
frequency of false positives for parallelism. Although students may use the same event for
different sprites, they do not truly understand the resulting parallel execution. This result is
not surprising, however, as even high school and university students struggle with parallelism

[121, 134].

Q4: Repeat Iteration Count

Students were shown a repeat block and asked how many times the loop would repeat. For
this question, the code attribute we focused on was the number of loops, assuming that
students who have implemented and practiced more with loops were more likely to have a
better understanding of repetition. The distribution of the number of students who used

specific numbers of loops is shown in Figure 8.3a.
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Figure 8.2: Q3 Question Materials and Results

Overall, students did very well on this problem, with 90.1% of students answering cor-
rectly. There was only a very weak correlation between answering this question correctly
and the number of loops in their projects (r = .12,p < .05). There was no clear cut-off
number of loops at which students who meet or exceed the cut-off are more likely to under-
stand loops better compared with students below the cut-off (Figure 8.3b). Even students
who did not use a single loop in their projects performed well on this problem, with 85%

of them answering correctly. The other attributes were similarly very weakly correlated to

which had no correlation.
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Q5: Unrolling a Loop

Students were shown a repeat 4 loop consisting of two blocks. They were given choices
of those two blocks repeated 1, 2, 3, and 4 times. Students were then asked to choose the
unrolled code that had the same functionality as the loop. Similar to Q4, the code attribute
chosen for this question was also the number of loops.

Compared with Q4, students struggled with this question, with only 57.3% answering
correctly. Performance on this question was very weakly correlated with the number of loops
used (r = .17,p < .01). The percentage of students who answer correctly fluctuates as the
number of loops increases (Figure 8.3c). This suggests that there is no clear threshold number
of loops above which students are more likely to understand loop functionality, compared
with students who are under that threshold.

As for the other attributes, performance on this question was also very weakly correlated
with the number of categories and scripts. There was no correlation with any of the other

attributes.

(Q6: Repeated Blocks vs Repeat Loops

Students were asked to circle the scripts that would make a sprite perform some actions
exactly three times. Students were provided one set of blocks (a) alone and (b) inside a
repeat 3 loop, and three sets of sequential blocks (c) alone and (d) within a repeat block
(Figure 8.7). Q6 was designed based on a common misconception observed by teachers—
not understanding the relationship between repeated code within a loop and repeated loop
iterations. Choices were provided in random order on different assessments. Q6 had two
correct answers (b and c described above); students received two points for each correct
answer circled and lost one point for each incorrect answer circled, for 0-4 points.

As this question also asked about loop functionality like the previous two questions, the
number of loops in their project was the code attribute of focus. There was a very weak
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correlation between scores on this question and number of loops used (r = .17,p < .01).
Student scores on this question varied regardless of the number of loops they used in their
projects (Figure 8.4b).

As for the rest of the attributes, the total number of blocks, scripts, and unique loops
were also very weakly correlated with scores on Q6. The others were not correlated with

performance on this question.
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Figure 8.4: Q6 Question Materials and Results

Q7: Loops Within Sequence

Question 7 consisted of a repeat loop sandwiched between two blocks and asked them three
sub-questions: which blocks run (a) in, (b) before, and (c) after the loop. On each sub-
question, students earned 2 points for each correct answer circled and lost 1 point for each
incorrect answer circle, for 0-4 points (a) or 0-2 points (b, c).

For this question, the code construct of focus was whether or not they had a script that
had at least one loop and one other action block. It would be reasonable to expect that

students who used a loop within a sequence, whether the other block was before or after the
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loop, would be more likely to perform well on this question. There were only 25 students
who met this criteria.

There was only a very weak correlation between scores on this attribute and part (a)
(r = .12,p < .05), no correlation with part (b) (p = .1), and a very weak correlation with
part (¢) (r = .15,p < .05). Students with the attribute code did well enough (Figure 8.5)
that this code attribute could be considered a proxy for understanding. However, it is also
clear from the figures that a majority of students lacking that particular code snippet also
largely understand this concept.

Scores on part (a) were very weakly correlated with the number of categories, total
number of scripts, total number of loops, and the number of unique loops. Scores on part
(b) were very weakly correlated with the total number of blocks, categories, scripts, and
the number of unique loops. Scores on part (c) were very weakly correlated to the rest of
attributes, except for the average script length and the total number of sprites. There were

no correlations between the other attributes and any of the question parts.
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8.1.8 Discussion and Implications

We now revisit our original research question to see what this question-by-question analysis
reveals. What is the relationship between the presence of specific code constructs in a student’s

artifact and that student’s performance on a question asking about those code constructs?

Blocks Scripts Sprites  Loops/Events

Q Total Unique Categories Total Length  Total Total Unique

Ql - ; VW . VW - . VW
Q2 VW VW VW VW VW . VW VW
Q3 W VW VW VW . - VW VW
Q4 VW VW VW VW . - VW VW
Q5 - - VW VW - - VW -
Q6 VW - - VW - - VW VW
Qra - - VW VW - - VW VW

Qb VW - VW VW - - - VW
Q7c VW VW VW VW - - VW VW

Table 8.2: Correlations between Question Score and Project Attributes.

In Table 8.2, dash (-7), ‘VW’, & ‘W’ indicate no, very weak, and weak correlations,
respectively. Correlation intervals are in Section 8.1.1. Concept-related code constructs had
either very weak or no correlations with performance on the written assessments for every
question (Table 8.2, except for Q3 which covered parallelism and had a more specific at-
tribute of focus). In addition, there was only a single instance of an attribute having more
than a very weak correlation — a weak correlation between the total number of blocks with
identifying parallel vs serial code (in bold on Table 8.2). The presence of these correlations
indicate that using the constructs meant that students were more likely to understand a con-
cept — at the very minimum, a correlation would ideally indicate a structural understanding

of the code constructs they used. However, the magnitude of these correlations fall far short
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of demonstrating a proxy for understanding. This supports Brennan et. al.’s finding that
students can use code in their projects that they do not truly understand [25].

This has important implications for computer science education research. As researchers,
we need to be careful about the claims we make based solely on artifact analysis. Artifact
analysis shows that a student built something - not that they understood something. A
student does not use a loop in their code and immediately “understands loops” all at once.
An understanding of loops is made up of individual learning goals, some dependent on each
other (like a learning progression [13]) and some not (like a piece of knowledge approach
[95]). We presented three assessment questions related to loops, all with very different
performance by students. While a vast majority of students were able to tell how many
times the loop would iterate, many fewer were able to identify equivalent sequential code
or reason about the number of times something occurred within a loop and the number of
times the loop iterated. Rich et al. presented a plethora of learning goals for this age group
related to loops [196], some of which were tested in our assessment.

This study highlights the drawbacks of artifact analysis — an expedient but inaccurate
choice — in order to spur work that will bridge this gap between written assessments, artifact
analysis, and interviews. Avenues for future work include: (1) assessment techniques that
balance the nuance and accuracy of interviews, the ease of written assessments, and the
incorporation of student work fundamental to artifact analysis, (2) more careful applications
of artifact analysis, and (3) support for teachers in designing projects that enable students
to better demonstrate understanding.

As more elementary schools integrate computing into their curricula, with the equity
goal contained in CS for All movements, they need tools that accurately assess the success
of their curricula and teaching techniques. Such tools would enable schools to identify gaps
and fill them with better curricula, refined software tools, teaching strategies, and learning

strategies.
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8.2 Response Patterns to Personalized and Generic Code

Comprehension Questions

In elementary computing, three techniques are commonly used for assessing code comprehen-
sion: analyzing programs that students create (artifact analysis), giving written assessments,
and interviewing students. Each has its major advantages and drawbacks. For example, ar-
tifact analysis has both false negatives and false positives. That is, students include code in
their programs that they do not understand [25], leading to false positives. At the same time,
students may understand concepts that they do not choose to include in their culminating
project. On the other hand, interviews are the most accurate measure because of the ability
to ask follow-up questions, but they are prohibitively time consuming.

In this study, we explore this code comprehension space with a novel approach—creating
a personalized assessment that asks students questions involving their own code. With
these customized assessments, this study seeks to answer the following question: How does
integrating a student’s code from their artifacts affect the understanding they demonstrate
on written assessment questions?

For this study, I built the tool that developed personalized assessments for students, and
directed the study design, assessment design and data analysis. This study occurred within
a two-year-old curriculum in San Francisco Unified School District (SFUSD), so I was not
involved in material design. I provided input into the participant recruitment strategy, but
recruitment was led by two former SFUSD computer science leaders, Bryan Twarek and Bill

Marsland.

8.2.1 Methods

In this section, we describe the Personalized Assessment Worksheets for Scratch (PAWS),

our tool for integrating student code into code comprehension questions, our data analysis
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process.

Personalized Assessment Worksheets for Scratch (PAWS)

We developed PAWS, an assessment generator that searches Scratch projects for code snip-
pets that are suitable for personalized questions, hereafter referred to as “candidate code”.
Candidate code is specified differently for each question. If there was candidate code in the
student project, the generator randomly assigned the student either a personalized question

using their candidate code or code from a generic question.

Data Analysis

Analysis was performed separately on each question, including only students with candidate
code for that question. Due to absent students or blank responses, there was a slight (< 10%)
imbalance in the number of generic and personalized questions available for analysis. To
account for the imbalance, the Type 3 Sum of Squares was used.

We first performed statistical tests to see if personalization had any influence on question
scores; we compared students with candidate code who received (1) personalized questions
and (2) generic questions using the ANOVA F-test. This test provides the F value in addition
to the p value; in this study, we used p < .05 for statistical significance in all tests.

A subsequent hand analysis was performed on a subset of incorrect responses to detect
patterns. This analysis came in several forms. With personalized questions, the answers were
cross-referenced with student artifacts to find associations between incorrect responses and
contents of student artifacts. For questions where student responses could be categorized
without any overlap, the Chi-squared test was used to see if there was a dependency between
the treatments (personalized vs generic) and the frequency of each response type. This test
results in a Chi-squared value (y?) and like the ANOVA F-test, a p value.

Finally, open-response questions were also qualitatively coded for patterns in specific
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attributes of their answers. First, a subset of free-response questions were open-coded to
develop the qualitative coding scheme. The questions were then coded by at least two
researchers with an inter-rater reliability (Fleiss’ Kappa) of 80%. The proportion of person-
alized or generic responses with specific attributes were next compared using the Fisher’s
exact test, which is a non-parametric test for the equality of two proportions that also results
in a p value. A non-parametric test was selected due to the small number of occurrences for

some attributes.

8.2.2 Results

In this section, we present results divided by the different question types in which we inte-
grated students’ code. We first show results for a multiple-choice question in which students’
individual code blocks are placed in a generic snippet of code. We then present multiple-
choice questions involving full or truncated code snippets from students projects, which were
not combined with generic code. Finally, we present results on open-ended questions on stu-
dent scripts. We follow each set of results with a discussion of the insights gained and the

kinds of understanding elicited from each form of code integration.

Blocks Integrated in Generic Code

This question (B1) asked students to circle the say block that ran last in a script with
alternating say and wait blocks (Figure 8.6). Candidate code was any say block. Candidate
say blocks replaced generic say blocks in the script.

87.04% of students who received the generic question circled the correct answer, compared
with only 79.66% of students who received personalized questions. However, this difference
was not statistically significant (F(1,221)=1.83, p=.18).

After inspecting the projects of students who did not answer the personalized question

correctly, we found that some students circled the last say block in their projects, not the
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Figure 8.6: Generic (left) and Personalized (right) Scripts in Bl

last say block in the script shown to them. Seeing their own code in the question may have
caused students to think of characteristics of their own projects rather than the assessment
code. Therefore, the use of student code in an assessment question should not differ too
greatly from its use in their projects, lest it elicits a mismatch between a student’s functional
understanding of their own code and a structural understanding of the code snippet in the

question.

Multiple-Choice/Fill-in-the-Blank with Code Snippets

We tested three questions using code snippets in multiple-choice questions: one on events
and two on loops.
MF1: Multiple-Choice on FEvents
MF1 showed four scripts and asked students to circle which script(s) would run if they
click on the sprite. In the generic assessment, there are two scripts with the when sprite
clicked event block, one with when green flag clicked, and one with when (space)
key pressed. Candidate code was any script from student projects; if their script had more
than 3 blocks, only the first 3 were included.

In Year 1’s personalized assessment, one of the generic when sprite clicked scripts

was retained, and a candidate script could be swapped with any of the other three scripts.
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However, this could lead to one, two, or three when sprite clicked events. To hold the
number of each event type constant, in Year 2, candidate code only swapped out a script
with same event block (though a different parameter was allowed for when key pressed).

Because there were multiple correct answers, we split student responses in several ways:
(1) NO correct - students who circled none of the correct answers, (2) SOME correct &
incorrect - students who circled some answers that were correct and some that were incorrect,
(3) SOME correct & NO incorrect - students who only circled (some subset of the) correct
answers and none of the incorrect ones, and (4) ALL correct & NO incorrect - students who
circled all the correct answers and none of the incorrect ones - in other words, answered the
question correctly. The distribution of student responses is displayed on Table 8.3.

Comparing the frequencies of each response type, we found a statistically-significant
dependency between whether a student had a personalized or a generic question and how
they responded on MF1 (Year 1: x2 = 19.59,p < .01; Year 2: 2 = 27.34,p < .01). As
shown in Table 8.3, students who had a personalized question were more likely to circle both
some (lower percentage of No Correct) or all (higher percentage of All Correct, No Incorrect)
of the correct options than students who had a generic question.

From Year 1 to Year 2, there was also an improvement in the proportion of students
circling all the correct answers, as opposed to only a subset. This may be attributed to
the stricter candidate code selection criteria and/or more direct instruction of parallelism in
Year 2.

MF2: Repeat Iteration Count

Students were shown a repeat block and asked how many times the loop would repeat.
Candidate code was defined as a repeat block with fewer than 3 blocks inside it. If a student
had a repeat block with more blocks, PAWS included only the first three blocks.

Overall, students performed well on this question, with at least 85% of students answer-

ing correctly in both years. There was no statistically-significant difference between control
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Feature Category

No Correct Some Correct Some Correct  All Correct

Some Incorrect No Incorrect No Incorrect

Personalized (Y1) 15.6% 9.0% 20.7% 54.1%
Generic (Y1) 25.7% 13.3% 11.5% 49.6%
Personalized (Y2) 15.3% 9.0% 3.6% 72.1%
Generic (Y2) 23.7% 15.8% 0% 60.4%

Table 8.3: MF1 Qualitative Results

Year 1 Year 2
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Figure 8.7: MF2 Repeat Iteration Count Results

and treatment (Year 1: F(1,123)=2.27, p=.13; Year 2: F(1,126)=.33, p=.56; see Figure 8.7).

MFS3: Unrolling a Loop

In Year 1, students were shown two blocks inside a repeat 4 loop and given choices of those
blocks repeated 1, 2, 3, and 4 times. Students were asked to choose the unrolled code that
did the same thing as the loop. Candidate code consisted of a repeat block with 2 blocks
that was repeated at most 4 times. If a student had a repeat block with more than 2 blocks

and/or the repeat block was repeated more than 4 times, PAWS included only the first 2
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blocks and changed the number of times the repeat block ran to 4.
Overall, many more students struggled with MF3 than MF2; only 63.33% of students with
a personalized question and 65.38% of students with a generic question answering correctly.
These differences, however, were not statistically significant (F(1,110)=.0018, p=.97).
Hand inspection of assessments raised a potential issue with personalized code: certain
personalized block combinations are visually similar (i.e. similar colors), which may have
increased the difficulty of some personalized questions. This occurrence was too rare, how-

ever, to know whether it influenced the results.

Multiple-Choice/Fill-in-the-Blank Discussion

Unlike inserting individual blocks into a larger script, using complete scripts did not result
in students bringing in project context that would impact their answers. However, further
research is necessary to understand whether students are remembering how their code worked
(functional understanding) or if it shows that they truly understand the mechanics of how
the code works (structural understanding). In addition, care should be taken when defining

candidate code, because students may be confused by idiosyncratic cases such as duplicate

blocks.

Open-Response Questions

We tried three open-response questions. The first two asked students to explain code (one
for sequence/events and one for loops), and the last asked them to describe when to use
loops.

OR1: Fxplain a Sequence

In Year 2, OR1 was an open-response question in which students are provided a single script
and asked to explain what that script does. OR1 was design to allow students to demonstrate

(1) their ability to articulate an instruction’s functionality and their understanding of the
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order of instructions, and (2) their ability to identify the event that causes the action. A
candidate code snippet was any script, excluding code constructs beyond the scope of their
curriculum (e.g. forever loops, conditionals, and variables), limiting script length by allowing
a maximum of 3 action blocks (the length of the generic script), and excluding blocks that
had ambiguous sequential execution (e.g. the play sound block).

Our Year 2 revision transformed a fully open-ended question (Figure 8.8a) into more
targeted questions that asked students to identify the event and sequence of the script
(Figure 8.8b). The number of lines changed based on the number of action blocks in their
script, as we allowed scripts with anywhere from 1-3 action blocks.

OR1 was worth 7 points—1 point was given for identifying the correct event that trig-
gered the script, and 6 points were given for correctly describing the order and action of the
blocks in the script. In order to receive credit for describing a block, the student needed to
use the block name (e.g. say) and, if applicable, the major parameter (e.g. say ‘‘hello").
However, they were not expected to articulate minor details such as for 3 seconds. Stu-
dents who received personalized and generic questions performed similarly in their score
(F(1, 192)=.17, p=.68).

For this question, the score could obscure differences in student response patterns, so
we performed a qualitative analysis of different details about the responses. This analysis
revealed some patterns.

Students given personalized assessments were less thorough in their answer in two ways.
First, 6.06% of them provided an answer with incomplete or missing parameters, compared
with 3.52% of students with generic code (p=.50). Seeing their own code may have led them
to provide answers that demonstrated their functional understanding (because they likely
executed their own code), as opposed to their structural understanding. For example, when
describing a script with several move blocks, a student wrote “it will go back and forth and

stop”.
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In addition, 5.05% of students with personalized assessments, in contrast with 2.11% of
students with generic assessments, had an answer where they incorrectly described at least
one block’s functionality (p=0.45). The generic code snippet used only blocks students have
seen before, but personalized code may have had blocks not covered by the second module
(events & sequence). Although students may have used such blocks in their projects, they
may not fully understand them.

Nonetheless, a greater percentage of students with personalized assessments answered
the question (90.91% personalized vs 87.37% generic; p=.37). Students with the generic
question may have been less familiar with or engaged by the generic code, causing them to

just copy the numbers from the blocks, write nonsensical responses, or leave the question

blank.

What will happen when

the Green Flag is clicked? What do you do to make
the script run?

A. Click the Green Flag

when clicked B. Click the Sprite
C. Press the space key next costume
.y m Yor B Secs What does the sprite do when the script runs?
Play Sound [ First,
Next,
Hide Last,
(a) Year 1 Fully Open-Ended (b) Year 2 Scaffolded

Figure 8.8: Open-Response Question 1: Explain a Sequence

OR2: Ezxplain a Loop

For OR2, students were shown a loop and asked to explain what the loop would do in their
own words. In Year 1, candidate code was defined as either a countable or forever loop.
Answers were given between 0-10 points depending on accuracy and completeness. As in

ORI1, the Year 2 question was revised to provide more scaffolding for student responses.
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Instead of a blank empty box, students were given lines preceded by “First”, “Next”, and
“Last”, similar to OR1 (Figure 8.8b), and there was a separate blank for the number of
times the loop would repeat. Year 2’s OR2 was graded in the same way as Year 2’s ORI,
with an additional point for identifying the number of loop iterations. In addition, forever
loops were excluded as they were not explicitly covered in the curriculum; thus, we could
not expect students to understand them.

Most students performed well on this question, with an average score of 8.37 out of 10
possible points in Y1 and 5.97 out of 7 points in Y2. As shown in Figure 8.9a, there was no
statistically-significant difference in performance between students who received a generic
question and students who received a personalized question (Y1: F(1,156)=3.30, p=.071,
Y2: F(1,75)=.69, p=.50).

While there was no statistically-significant difference in performance between the two
treatments, qualitative analysis of Year 2 responses again revealed distinct patterns in stu-
dent responses to personalized and generic questions.

Students who received personalized questions were more likely to write responses that
were not precise enough to assess their structural understanding (how the code works). A
greater proportion of them left out parameters (8.33% personalized vs 7.69% generic). They
were also more leave out block descriptions entirely (16.67% personalized vs 0% generic;
p < .05). Asin ORI, some students with personalized questions brought in context from their
projects in their responses, demonstrating functional instead of structural understanding
(Figure 8.9b).

Similar to Year 2’s OR1, a higher percentage of students who received personalized code
in Year 2 answered the question (97.22% personalized vs. 89.74% generic; p=.36). This
could be attributed to students being more familiar or engaged by seeing their own code.

Nonetheless, there was one trend from OR2 that differed from OR1. In ORI, a greater

proportion of students with personalized code described a block incorrectly. In contrast,
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a greater proportion of students with generic code described a block incorrectly in OR2
(12.82% vs. 2.78%; p=.20). Closer inspection of responses revealed that for this question,
more of the personalized code included blocks that were taught in the curriculum, whether
in the events & sequence module or in the loops module. By this point in the curriculum,
students have been exposed to more blocks. Students with personalized code actually used
the blocks they were being asked about. At a minimum, these students could be expected
to have a functional understanding of the loop shown in their question and thus, would be
less likely to provide a description that was completely wrong. On the other hand, students
may not have actually used the blocks in the generic script, even though they were covered

in the curriculum.
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Figure 8.9: Open-Response Question 2: Explain a Loop

OR3: Reasons for Using a Loop

In Year 2, OR3 was added to simulate an interview question and thus, was not graded for
correctness like the previous open response questions. Candidate code was any countable loop
from their projects, which was truncated if it had more than 3 blocks. The generic version of
ORS3 asked students to explain when they should use a loop, while the personalized question
showed them a loop from their project and asked them why they chose to use that loop and
how they decided the number of iterations.
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Students who received generic questions were nearly twice as likely to write the correct,
general purpose use of a loop (63% vs 36%; p < .05). This included responses like: “when I
want to do something more than once”, “when I want to repeat something” and “when you
put the same blocks over and over”.

In contrast, a higher percentage of students who received personalized questions cited
a specific use of a loop (17% vs 9%; p=.34). Responses that were too specific included:
“to start movements”, “when you play a sound” and “to change costume”. Since students
are shown a snippet of their own code in the personalized question, they may interpret the
question as asking them to identify the use of a loop in that specific instance. This led
students to explain the loop in terms of its use in the sample code rather than its general
use.

A higher proportion of students with personalized questions also attributed the use of a
loop to making their code shorter or to save time (19% vs 7%; p=.12). Since the students
see their own code in the personalized question, they may have been prompted to think of
the reason why they used the specific loop shown in the question. In this case, students cited
benefits of using a loop, rather than its general purpose, which is to repeat code.

These situations where students do not provide the appropriate level of specificity or
describe benefits of using a code construct without explaining their underlying reasons would
be mitigated in an interview setting because an interviewer would be able to ask follow-up
questions.

Open-Response Discussion

Overall, we found that when students explain code snippets, they are less precise when given
their own code but are more likely to answer with correct statements. Students who received
personalized code may remember their intentions in coding that script and the project in
general, allowing them to better understand what the sprite would do when the script was

run. However, this familiarity may put them more in a functional frame of mind, causing
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them to skim over the details in their answers. In addition, thinking of their specific project
may have thwarted the question which asks when, in general, students should use loops in
projects.

It is not clear the reason for the difference in accuracy in responses. On one hand,
students given code from their projects may be more likely to understand that code because
they have used it. On the other hand, they may have used blocks in their project that they
don’t fully understand. A counter argument is that a block in generic code might have only
been seen by the student in a lesson but never used in their own program, so they may not
be as familiar with it. Interviews or think-alouds would be required to better understand if

these trade-offs favor one side or the other.

8.2.83 Implications

We now revisit our original driving question to see what this analysis reveals: How does
integrating a student’s code from their artifacts affect the understanding they demonstrate
on written assessment questions?

We identified the following patterns:

e When blocks are taken out of context from their project, they may answer based on

how the block is used in their project rather than in the script on the assessment.

e When asked multiple-choice questions about their scripts or partial scripts in which the
original meaning is retained, they answer similarly to or better than students receiving

generic questions.

e When explaining their code, they are more likely to answer the question, but they
often do not describe the individual blocks as thoroughly as students receiving generic

questions.
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When students with personalized and generic questions answered differently, they demon-
strated a functional understanding of the code in the question, instead of the intended struc-
tural understanding. As they built the code snippets they were being asked about, they
were likely to remember their goals while creating their projects; interviews about student
artifacts also face a similar challenge [25]. Further research is merited to explore how to
ask questions that are not overly complicated but cause students to demonstrate structural
understanding of their code.

In this study, we investigated the space between the three common assessment techniques
(artifact analysis, written assessments, and interviews) in elementary computing with a novel
approach — integrating student code into written assessments through our tool Personalized
Assessment Worksheets for Scratch (PAWS). Our results revealed patterns in student re-
sponses and mismatches between the types of understanding demonstrated; future work will

explore ways to address these mismatches.
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CHAPTER 9
TIPP&SEE: A STRATEGY FOR USE — MODIFY ACTIVITIES

To overcome the disparities faced by diverse students delineated in Chapter 7?7 and the gaps
in understanding described in Chapter 8, we developed TIPP&SEE (Figure 9.1), a learning
strategy that scaffolds student exploration of provided programs for Use—Modify activities.
The strategy is specifically designed for use with Scratch, a popular programming language
and development environment used in elementary schools [71].

Similar to prior work [166, 254], we draw upon strategies from reading comprehension
in designing TIPP&SEE as learning to program relies heavily on reading comprehension at
several stages in the learning process. Students need to learn how to read (a) individual
instructions, (b) a sequence of instructions provided as an example or starting code, (c)
one’s own partially-completed code, or (d) one’s completed but incorrect code. Just as in
reading, it is not enough to decode the letters into words; to succeed, the student needs
to make meaning of the sequences of words into instructions (like sentences) and the se-
quences of instructions into functions or programs (like paragraphs). We draw from existing
evidence-based reading comprehension strategies that may have connections to program-
ming, in particular previewing and text structure.

Previewing [118, 145] guides students as they set goals for reading and activate prior
knowledge. When reading example code containing a new concept, students might scan the
code to quickly identify familiar and unfamiliar concepts. They could think about their prior
knowledge of the concepts, predict how the new concept might work, and inspect the syntax
of the new concept.

Text structure [81, 249] helps students recognize disciplinary-specific text structures and
use this knowledge to plan for reading and guide comprehension. In CS, programming
languages and environments have specific structures that students need to recognize in order

to comprehend code as they learn new languages and environments.
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Inspired by previewing strategies, the first half, TIPP, guides students in previewing
different aspects of a new Scratch project before looking at any code. As a last step, they
run the code with very deliberate observations of the events and actions that occur. The
second half, SEE, draws from text structure strategies. SEFE provides a roadmap for finding
code in the Scratch interface (clicking on the sprite and finding the event) and proceduralizes

the process by which they can learn how code works by methodical exploration (deliberate

tinkering).
Start with =
Get a TIPP from the Project Page: SEE Inside:
Title: Whatis the title of the project? Sprites: Click on the sprite that you want to learn from
Does it tell you something about the project? or change.
= Events: : .
Tnstructions: What do the instructions tell you to do? - vents: Look at the event blocks starting the scripts.
Which scripts are most useful?
, * Purpose:.Whét e IR et Bastivitg Exxplore: Try different changes to the scripts and
What will this code teach you? observe what happens!

Play: Run the project and see what it does!
Which sprites are doing the actions?

Figure 9.1: TIPP&SEE Learning Strategy

In this chapter, we outline three studies on the effectiveness of the TIPP&SEE learning
strategy. The first showed TIPP&SEE to be associated with positive performance differences
in summative CT assessments [208], the second showed that using TIPP&SEE was linked to
narrowed gaps between students with and without academic challenges [207], and the third

explored potential reasons why such performance differences occur [76].
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9.1 Supporting the Learning of Introductory CT Concepts with
TIPP&SEE

The Use — Modify — Create [127] pedagogical approach has been proposed to provide
additional scaffolding to young learners, adding a Use—Modify task prior to an open-ended
activity. In a Use — Modify task, students learn by example code. They are provided with
something that works to illustrate how to code a particular construct then are first asked
to perform some small modification before tackling a more open-ended problem in which
they apply that knowledge to their own project. In this study, we investigate the following
overarching question: Does TIPPE&SEE improve student performance in introductory CT
concepts—events, sequence, € loops?

In this study, I helped with the design of the TIPP&SEE strategy and the development
of curricular materials. I also supported the computer science undergraduate students who
helped the teachers in Austin Independent School District (AISD). I led the assessment
design and data analysis in all studies. While I was involved in decisions on participant
recruitment, recruitment was led by our collaborator Prof Cathy Thomas, a professor of

education at Texas State University.

9.1.1 Methods

Study Design

Fifteen teachers were recruited from a large, urban school district and underwent the same
professional development to teach the Scratch Act 1 curriculum to 4th grade students (ages 9-
10). A total of 16 classrooms participated in the study, including six of bilingual classrooms.
Teachers were randomly assigned to either the TIPP&SEE or the control condition, resulting
in five English-only and three bilingual classrooms in each condition. Treatment classrooms
used TIPP&SEE worksheets, whereas control classrooms used worksheets that introduced
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the overall project and modify task without stepping students through the protocol. Lessons
were taught by the teacher and assisted by an undergraduate CS student. After excluding
students who switched schools or were chronically absent, there were a total of 96 and 88

students in the control and TIPP&SEE condition, respectively, for a total of 184 students.

Data Analysis

Scratch Act 1 end-of-module summative assessments were graded by two researchers to
ensure reliability. To see if TIPP&SEE had an influence on their assessment performance,
the ANOVA F-test was used. The ANOVA F-test returns a p-value; for this study, p < .05
is statistically significant. To handle the imbalance between groups, Type 3 Sum of Squares
was used. Features of free-response questions were qualitatively coded by two researchers
with a Fleiss’ Kappa inter-rater reliability of at least 80%.

The eta squared (7]2) effect size was also calculated. 772 measures the proportion of
the total variance in a dependent variable (DV) that is associated with the membership of
different groups defined by an independent variable (IV) [43]. For example, if an IV has a

n? of 0.25, that means that 25% of a DV’s variance is associated with that IV.

9.1.2 Results

Based on the test blueprint (Table 4.3 in Chapter 4), we discuss questions based on the
CT concept they covered and their corresponding Bloom’s taxonomy level. In addition, we
also show the two most advanced questions as they illustrate the limits of TIPP&SEE. A
summary of question results are shown in Table 9.1; we do not report on all questions as
not all of them significantly loaded on latent variables as revealed in the exploratory factor

analysis.
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Scratch Basics

Q2 and Q3 from the Events & Sequence assessment covered a basic recall of Scratch. Q2
asked students to identify the last block in a sequence. Over 70% of students in both condi-
tions answered Q2 correctly with no statistically-significant difference in performance, sug-
gesting that the curriculum alone sufficiently supported students in learning a basic concept
without any additional scaffolding.

Q3 asked students to identify a multi-block script triggered by the when sprite clicked
event. TIPP&SEE students outperformed the control students on Q3, with 69.7% of them
answering correctly, compared with 50.5% of the control students (see Figure 9.2). Closer
inspection of the responses revealed that the control students were more likely to select the
options that started with when green flag clicked, the event that students were most

familiar with (75% of the control students vs 40.66% of the TIPP&SEE students).

Events

Q4 from the Events & Sequence assessment covered an understanding of events. It showed
students a stage with two sprites saying different things after the green flag was clicked and
asked which script ran for each sprite in two parts. Around 70% of TIPP&SEE students
answered both parts correctly, compared with around 58% of the control students. However,

this difference was not statistically significant.

Sequence

Q6 and Q7 from the Events & Sequence assessment and the three different parts of Q5 from
the Loops assessment covered sequence at the Bloom’s Taxonomy level of Understanding. Q5
covered both an understanding of sequence and loops, but since loops was its main concept,
we will discuss in the following section.

Q6 and Q7 from the Events & Sequence assessment both asked students to explain a
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Figure 9.2: Q3: Scratch Basics and Q6 & Q7: Sequence x Understanding

script of 3 blocks in their own words. Both questions had blank lines preceded by “First”,
“Next”, and “Last” to scaffold their answers; each line was worth 2 points. Q6 was worth 6
points, while Q7 was worth 7 points because it had an additional question asking about the
event worth 1 point. As shown in Figure 9.2, there were statistically-significant differences
in performance on both Q6 & Q7 between the TIPP&SEE and control students, suggesting
that the additional scaffolding provided by TIPP&SEE encouraged a deeper understanding
of events & sequence.

Qualitative analysis further illuminated some patterns. TIPP&SEE students were less
prone than the control students to respond with an incorrect sequence or missing blocks (Q6:
10.11% vs 18.75%; Q7: 11.24% vs 31.25%). They also provided more precise responses &
were less likely to leave out the block name or, if applicable, an important parameter when
describing blocks (Q6: 8.98% vs 27.08%; Q7: 10.12% vs 16.66%).

Overall, the data from these free-response questions show that students in the TIPP&SEE
condition could demonstrate a more sophisticated understanding of the blocks themselves,

as well as the CT concepts of sequence, than students in the control condition.
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Loops

Q1, Q2, Q4, and Q5 from the Loops assessment covered an understanding of loops. Q1
showed students a loop and asked them how many times it would repeat. While students
in both conditions performed well with 94.4% of TIPP&SEE & 84.5% of control students
answering correctly, there was still a statistically-significant difference (Figure 9.3).

In Q2, students were shown 4 code snippets and asked which snippet would cause the
sprite to change costumes 3 times. One code snippet was inspired by a common misconcep-
tion observed by teachers where students would wrap repeated blocks with a repeat loop that
had the same number of iterations as the number of blocks. There were 2 correct answers;
students received 2 points for each correct answer and lost 1 point for each wrong answer
for a maximum of 4 points. TIPP&SEE students outperformed control students with mean
of 3.2 points compared with 2.4 points (Figure 9.3). Students in the control condition were
more than twice as likely as the students in the TIPP&SEE condition to choose the common
misconception option (43.75% vs 18.39%), supporting the observations made by the teachers.

Q4 asked students to unroll a repeat 3 loop with 2 blocks. Among its multiple choices,
Q4 had a “split loop” option — where the first block was repeated 3 times followed by the
second block repeated 3 times. 82.8% of TIPP&SEE students answered Q4 correctly, in
comparison to only 48.9% of the control students (see Figure 9.3). An analysis of common
mistakes revealed that the TIPP&SEE students who answered incorrectly tended to choose
responses that suggested a closer, but flawed, understanding of loops — 14.94% of TIPP&SEE
students chose the “split loop” option, compared with 12.5% of the control students. In
contrast, 31.25% of the control students selected the option where the blocks were repeated
only once, compared with only 2.29% of the TIPP&SEE students.

Q5 from the Loops assessment showed a script with a loop and asked 3 sub-questions:
(a) code in, (b) before, and (c) after the loop. Part (a) was worth 4 points—students earned

2 points for each correct block circled and lost 1 point for each incorrect block circled; parts
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Figure 9.3: Q1, Q2, and Q4 Results (left to right): Loops x Understanding

(b) and (c) were worth 1 point.

TIPP&SEE students outperformed the control students on all three parts, as shown
in Figure 9.4a. On part (a), TIPP&SEE students scored a mean of 3.29 points, while the
control students scored a mean of 2.51 points. On parts (b) and (c), 82.8% of the TIPP&SEE
students answered correctly, compared with only 58.3% of the control students.

Taking these questions in perspective, we find that the control students displayed a
more superficial understanding of loop functionality compared with the TIPP&SEE students.
While many control students were able to answer the simplest question on repeat iteration
count, they struggled with the more advanced questions on loop unrolling and loops in

sequence.

Advanced Questions

We also highlight the two most advanced questions in our assessments: Q6 and an Extra
Credit (EC) question from the Loops assessment.

Q6 asked students about the execution of two sprites’ code: part (a) asked about a sprite
with sequential loops, while part (b) asked about a sprite with two loops in parallel. For

part (a), 93.1% of the TIPP&SEE students were able to correctly identify the sequential
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Figure 9.4: Q5 (left) and Q6 (right) Results

behavior, as opposed to 79.2% of the control students. In contrast, students in both con-
ditions struggled with part (b) with only 44.8% of TIPP&SEE and 37.5% control students
answering correctly, suggesting the difficulty of parallel execution for this age group. Results
for both parts are shown on Figure 9.4b.

The Extra Credit (EC) question asked about nested loops, a topic not explicitly covered
in the curriculum. Unsurprisingly, students in both conditions similarly struggled with this
question. The TIPP&SEE students performing slightly better with 22.9% of them answering
correctly, compared with 12.5% of the control students. This difference, however, was not

statistically significant.

9.1.8 Discussion

We now revisit our key research question: How does TIPP&SEE influence student learning
of introductory CT concepts—events, sequence, € loops?

Our findings show that students using TIPP&SEE outperformed students who used an
unmodified Use — Modify — Create approach on a Scratch Basics question and all Sequence
questions (Figure 9.5; asterisks denote significance). Most students were able to demonstrate

a simple understanding of events with just the scaffolding provided by Use — Modify —
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Create, but with TIPP&SEE, they could also demonstrate an understanding of sequence.

On the loops assessment, the TIPP&SEE students performed better than the control
students in almost all questions; only parallelism and nested loops (which was not explicitly
covered in the curriculum) were beyond their grasp (Figure 9.6). This suggests that while
students are able to make significant learning gains with TIPP&SEE, there is still room for
improvement in the instruction of parallelism.

As momentum continues to build for integrating CS/CT into elementary school class-
rooms, it is imperative that CS/CT instruction be effective for diverse learners. A learning
strategy like TIPP&SEE provides some much-needed scaffolding for such diverse learners,

advancing not just equitable access, but also equitable outcomes in elementary computing.
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Figure 9.5: Results for Scratch Basics, Events, & Sequence

9.2 Supporting Diverse Learners with TIPP&SEE

The study in the previous section showed that students using the TIPP&SEE learning strat-
egy vastly out-performed students who did not. The goal of this study is to see if TIPP&SEE
was truly effective for all learners, not just students who have academic and/or economic

advantages. Our objectives were two-fold: (1) to examine the relationships between learner
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Figure 9.6: Results for Loops & Advanced Questions

characteristics and computer science learning at the primary/elementary level, and (2) to
explore meta-cognitive strategy instruction as a method for providing equitable access to
high quality CS/CT curricula with positive learning outcomes for all students, including
diverse learners. It is only through research like this that traditionally underrepresented and
marginalized students and those from under-resourced schools will experience accessible and
equitable opportunities in school-based CS/CT. We were motivated by the following research

questions:

e To what extent does the meta-cognitive strategy TIPP&SEE support diverse learners

in CS/CT instruction?
e In which CS/CT concepts are diverse learners supported by TIPP&SEE?

In this study, I helped with the design of the TIPP&SEE strategy and the development of
curricular materials. I also helped with participant recruitment led by our collaborator Prof.
Cathy Thomas and supported the computer science undergraduate students who assisted the
teachers in Austin Independent School District (AISD). I was in charge of the assessment

design and data analysis for this study.
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9.2.1 Methods

Study Design

Fifteen teachers were recruited from a large, urban school district in Texas, USA, and un-
derwent the same professional development to teach the Scratch Act 1 curriculum. Eight
fourth grade teachers were taught the TIPP&SEE learning strategy. A total of 16 class-
rooms participated in the study, six of which were bilingual classrooms. Each classroom was
assisted by an undergraduate CS researcher. Teachers were randomly assigned to either the
TIPP&SEE or the comparison condition, resulting in five English-only and three bilingual
classrooms in each condition. Classrooms in the comparison condition were taught Scratch
Act 1 without the TIPP&SEE worksheets guiding them through the Use/Modify projects.
After excluding students who switched schools or were chronically absent, there were a total
of 96 and 88 students in the comparison and TIPP&SEE condition respectively.

Students were identified as economically disadvantaged if they received free/reduced
lunch at school. Students who have limited English proficiency, a disability, or were be-
low proficiency in reading and math proficiency were identified through state testing and
district-provided demographic data. Some students fulfilled more than one of these charac-

teristics. The distribution of students in each condition is shown in Table 9.2.

Data Analysis

The Scratch Act 1 summative assessments (described in Chapter 4) were scored by two
researchers to ensure reliability. To see if TIPP&SEE and/or any of the student categories
had an influence on their performance, we transformed our data using the Aligned Rank
Transform (ART), which allows for non-parametric factorial analyses, prior to running an
ANOVA F-test [99, 251]. A non-parametric transformation was selected due to small sample

sizes in the academic challenge categories. Type III sum of squares was used to account
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for unequal sample sizes. Estimated marginal means were used for post-hoc comparisons
between each group. For statistical significance, we report F' and p values for both condition
(TIPP&SEE vs Comparison) and academic challenge. We also report the eta squared (n?)
effect size. The effect size indicates the magnitude of the observed effect or relationship
between variables [143]. 7% measures the proportion of the total variance in a dependent
variable (DV) that is associated with the membership of different groups defined by an
independent variable (IV) [43]. For example, if an IV has a 7> of 0.25, that means that 25%

of a DV’s variance is associated with that IV.

9.2.2 Results

We first discuss high-level results, describing overall performance on the two end-of-module
assessments of each student category. We then delve deeper into performance in specific

concepts.

Overall Results

Finding 1: All student groups performed statistically-significantly better when using TIPPESEE.

Across all five categories, students using TIPP&SEE performed better than students in
the comparison group for both the Events & Sequence and Loops assessments (Table 9.3).

Finding 2: The gap between students with and without academic challenges was narrowed
by TIPP&SEE.

Students facing any academic challenge, except for limited English proficiency, still
statistically-significantly under-performed students without any challenges in both assess-
ments (Table 9.4). However, the gap between students with and without any academic
challenge was smaller in the TIPP&SEE condition compared with the comparison condition
(Figures 9.7, 9.8, 9.9, 9.10, & 9.11).

Most notably, post-hoc comparisons revealed that there were no statistically-significant
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performance differences between comparison students without any academic challenges and
TIPP&SEE students with economic disadvantages (p = .66), disabilities (E&S: p = .12;
Loops: p = .69), and proficiencies below grade level in math (E&S: p = .63; Loops: p = .37)
and reading (E&S: p = .55; Loops: p = .14). This suggests that TIPP&SEE scaffold CS/CT
learning for diverse learners such that they achieve similarly to their peers who do not face
academic challenges.

Finding 3: Limited English proficiency was the only student characteristic not associated
with assessment performance.

The only exception to these trends was limited English proficiency, which did not have
a statistically-significant association in either assessment (E&S: p = .52, Loops: p = .19).
This may be due to bilingual instruction in both conditions. Not only were LEP students
taught in Spanish and English, they also had access to Spanish CS materials and could even

translate Scratch into Spanish.

Events & Sequence Loops
~20- ~25-
B2 E |l v
£ £
8 15- . 8% E
» ™
by N 15-
<%10 . e
s . . £ 10- .
O O
D s . 2
S . g
o) o)
l_ 0- . |_ 0.
Ecodis  Not  Ecodis  Not Ecodis Not Ecodis Not
Ecodis Ecodis Ecodis Ecodis
Control  TIPP&SEE Control  TIPP&SEE

Figure 9.7: Performance of Economically Disadvantaged Students (ECODIS)
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Figure 9.8: Performance of Students with Disabilities (SPED)

Concept-Specific Results

We now turn our attention to the specific concepts covered in the end-of-module assessments,
organizing questions based on the results of an exploratory factor analysis.

Finding 4: There were statistically-significant interactions between condition and disabil-
1ty status.

At the concept level, the interaction terms between condition (TIPP&SEE vs Compari-
son) and special education/disability status were statistically significant for most questions,
which limits our interpretation of the data. As such, we do not further discuss them in this
section. Potential reasons for these interactions are explored in the next section. In this
section, we delve deeper into the other student categories: students with economic disadvan-
tages, students with limited English proficiency, and students performing below grade level
in reading and math.

Events
For the two questions on Events (Q4a and Q4b from the Events & Sequence assessment;
Table 4.3), students were shown a Scratch stage with two sprites that resulted from a green

flag click and asked to identify the script that ran for each sprite.
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Figure 9.9: Performance of Limited English Proficiency Students (LEP)

Finding 5: LEP status was not associated with Events performance, while economic dis-
advantage and math proficiency had mixed results. Reading proficiency was associated, re-
gardless of condition.

Just as in the overall results, for students with limited English proficiency, neither LEP
status (Q4a: p = .56, Q4b: p = .89) nor condition (Q4a: p = .78, Q4b: p = .91) were
statistically significant. In contrast, results for students with economic disadvantages and
students performing below grade level in math were mixed, where one question would have
neither student category nor condition as statistically-significant but the other question
would have one of them significant.

Interestingly, students who were below grade level in reading struggled on these questions,
regardless of condition (Q4a: p < .01; n]% =.075; Q4b: p < .01; 7712, =.069). This finding may
be further evidence of a trend shown in prior work where a text surface understanding of
code was tied to reading comprehension (Chapter 5).

Sequence
In two of the questions on Sequence (Q6 and Q7b from the Events & Sequence assessment),
students were shown a script and asked to articulate the order in which the different blocks
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Figure 9.10: Performance of Students Reading Below Grade Level

would run. The remaining three Sequence questions (Q5a, b, ¢ from the Loops assessment)
asked about the same script, where a loop was sandwiched between two blocks. Students
were asked to identify the blocks that ran before, after, and in the loop.

Finding 6: Sequence results were mized for students with economic disadvantages, dis-
abilities, and below grade level proficiency in reading and math.

For the remaining student categories, results were mixed, with some of the questions
having the condition significant, the student category significant, both significant, or none
significant (Table 9.5).

Loops

Qba, b, and ¢ from the Loops assessment also covered Loops in addition to Sequence. One
of the Loops question (Q1 from the Loops assessment) showed students a loop and asked
students how many times the loop would repeat. Two other Loops questions (Q2 and Q4
from the Loops assessment) asked students to unroll a loop, but with different answer choices.
Q2 asked about a single-block loop repeating 4 times and had the answer choices of the block
in the loop repeated 1, 2, 3, or 4 times. Q4 asked about a double-block loop repeating 3 times

and had the answer choices of the two blocks alternating 3 times (the correct execution) and
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Figure 9.11: Performance of Students with Math Below Grade Level

a script with the first block repeated 3 times followed by the second block repeated 3 times

(a common misconception).

Finding 7: Loops results were mized for students with economic disadvantages, disabili-

ties, and below grade level proficiency in reading and math.

Just like in Sequence, results were similarly mixed for the rest of the student categories,
with different combinations of condition and student category found to be statistically sig-

nificant for different questions (Table 9.5).

9.2.8 Discussion € Implications

We now return to our overarching research questions:
e To what extent does the meta-cognitive strategy TIPP&SEE support diverse learners
in CS/CT instruction?
e In which CS/CT concepts are diverse learners supported by TIPP&SEE?

For our first research question, our findings provide preliminary evidence that support

the use of meta-cognitive strategy instruction in CS/CT for diverse learners who typically
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under-perform on critical academic outcomes, such as the state level assessments employed
in this analysis, and on national assessments of math and reading [165]. In this study, CS
instruction using the TIPP&SEE strategy to scaffold the Use—Modify—Create framework
within a Scratch curriculum for fourth grade students effectively leveled the playing field.
This squares with findings from math and science education, where open inquiry was less
effective than scaffolded inquiry for students with disabilities [123, 150, 200]. TIPP&SEE
enabled students in poverty, students with disabilities, and students who were performing
below proficiency on state testing in reading and math to perform similarly to their typically
achieving peers on CS tasks.

The only exception to this trend were multi-lingual learners. The performance of multi-
lingual learners in bilingual classrooms was not enhanced by exposure to the learning strategy
and their performance across instructional conditions was similar. In comparison to their
typically developing peers, they slightly under-performed on the Loops assessment (p < .05),
but did not perform differently on the Events & Sequence assessment (p = .31). Although
prior studies have shown open inquiry to be less effective for multi-lingual learners [26,
62, 247], limited English proficiency was less of a barrier to their CS/CT instruction with
bilingual instruction [203].

For our second research question, results were less definitive. There were statistically-
significant interactions between condition and special education/disability status for a ma-
jority of the questions. While we balanced the number of students with disabilities in each
condition as best as possible (see Table 9.2), a student classified as having a disability could
have one of many different kinds of disabilities, ranging from visual impairment to dyslexia.
We only had data on if they had a disability, but not what type of disability. It is possible
that TIPP&SEE supported students with certain kinds of disabilities better than others,
which would require further investigation.

On the Events questions, students with limited English proficiency exhibited the same
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trend as the overall assessment results, while results were mixed for students with economic
disadvantages and with below grade level proficiency in math. TIPP&SEE did not do much
to support students who were reading below grade level on these questions, suggesting that
reading may be a foundational skill to programming.

On questions covering both Sequence and Loops, results were inconclusive for all student
categories. There are several potential reasons for this. We may need to look at more specific
cognitive factors, such as working memory; these student categories may be obscuring these
cognitive factors. We may also need to revise our questions as they may be too high-level or
include too many steps, and design more questions that target different levels of the Bloom’s
taxonomy as our current test blueprint mainly targets understanding. It may also be a
reason we have not yet considered; future exploration will be necessary for more conclusive
results. While the gap between students with and without an academic challenge narrowed
with TIPP&SEE in aggregate, further research is required to identify which concepts are
and are not served by the TIPP&SEE strategy, and for which student demographics.

While this is exploratory research and a single study, the promise for fulfilling the goal of
CS for All to support diverse learners is encouraging. We hope that learning strategies like
TIPP&SEE will help foster meaningful participation in computing through the intentional

focus on improving equity and access to CS/CT for all.

9.3 Exploring Student Behavior using TIPP&SEE

The prior studies have shown TIPP&SEE to be linked with positive performance differ-
ences in summative CT assessments, as well as with narrowed gaps between students with
and without academic challenges. The objective of this study was to explore why these

performance differences occurred. We sought to answer three research questions:

e To what degree do students follow the TIPP&SEE protocol, and how accurately can

they answer the posed questions?
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e How does using the TIPP&SEE learning strategy affect student behavior during the

completion of Use—Modify and Create tasks?

e Are there any statistical correlations between behavior on the TIPP&SEE worksheets

or project attributes and written assessment performance?

In this study, I helped design and develop the TIPP&SEE strategy and associated cur-
ricular materials. I also supported the participant recruitment process led by Prof. Cathy
Thomas and the computer science undergraduate students who helped the teachers in Austin
Independent School District (AISD). I led the theoretical framing, assessment design, and

statistical analysis, while Prof. Diana Franklin directed the overall data analysis.

9.3.1 Methods

We analyzed three data sources: computational artifacts, TIPP&SEE worksheets, and the
summative assessments described in Chapter 4. To see if either completion rates of project re-
quirement from artifacts or TIPP&SEE worksheet were correlated with assessment scores on
individual questions, the Spearman’s rank correlation coefficient (p) was calculated. Spear-
man’s correlation was used as some of our metrics were on an ordinal, not an interval scale.

This test yields a p value for statistical significance.

Computational Artifacts

Student Scratch projects were statically analyzed by a group of undergraduate researchers
to extract the completion of requirements in all the projects. These requirements were listed
on their project planning worksheets. Some requirements were designed to help students
demonstrate the CT concept, while others were designed to encourage creativity (Table
9.6). To see if there were any statistically-significant differences between the TIPP&SEE and

control students in their requirement completion rates, we used two statistical tests suitable
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for our large sample size. When comparing the proportion of students who completed a
specific requirement, the two-proportion z-test was used; we report z and p values. When
comparing countable code attributes, such as script length, the ANOVA F-test was used;
we report I, p, and effect size n2. 772 measures the proportion of the total variance in a
dependent variable (DV) that is associated with the membership of different groups defined
by an independent variable (IV) [43]. For example, if an IV has a 5? of 0.25, that means
that 25% of a DV’s variance is associated with that IV. p < .05 was used for statistical

significance.

TIPP&SEE Worksheets

Students worked on TIPP&SEE worksheets prior to starting the UM projects. Questions
were divided between the three types of questions: Observe, Predict, and Explore (Figure
9.12). Answers were transcribed electronically and analyzed for completion and accuracy by
a team of undergraduate researchers. Completion rates of each question type varied due to

classroom-level factors, such as instructional time constraints.

1. Who talks when | click F 2 4. Which block makes lhe sprite bigger? , _
%Qe size by 190 ] Isay (I am Grandpa John.\) for (2 seconds} I change size by (100 I
? Q @ @ 5. Which block makes the sprite smaller?

Catrina Left Middle Right I change size by ‘10(]\I lsay (Tam Grandpa John.) for :’E“seconds} change size by 190

2. Who talks when | press spacebar? Tinker Time! Explore Left sprite’s script. Circle the answers 3
Change the number in the block t0 200. Bigger numbers make the sprite
? Q @ @ BIGGER or SMALLER ?

Catina Vet Middle Right Change the number in the || change size by 19 Jotock to -300. Bigger numbers with a

negative sign in front make the sprite BIGGER or SMALLER ?

Figure 9.12: Example Observe (left), Predict (top-right), Explore (bottom-left) Questions
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9.3.2 Results

We explored student behavior through their artifacts, worksheets, and assessments. Artifact
analysis allows us to compare the behaviors of control classrooms to treatment classrooms.
Their artifacts were examined for attributes that indicated the fulfilment of the project
requirements. Treatment classrooms’ TIPP&SEE worksheets were inspected for the com-
pletion of the Observe, Predict, and Explore phases. Finally, artifact attributes, worksheet
correctness, and worksheet completion rates were analyzed for any correlations with assess-
ment scores.

We present three sets of results: artifact attributes, TIPP&SEE worksheets, and correla-
tions between data sources. Within each section, we highlight important individual findings

alongside presentation of the evidence for those findings

Artifact Attributes

We compared the attributes of student projects in two ways: (1) across condition (control vs
TIPP&SEE) and (2) across individual classrooms. Each student project was created in the
context of either a Use—Modify or Create activity in the curriculum. Control and treatment
students had different worksheets for Use—Modify activities, but identical materials for
Create activities. We first present the overall results, then we present select detailed results.
Overall Results
Figure 9.13 depicts overall requirement completion rate across the entire curriculum. For
each project, the left (blue) bar shows control, and the right (red) bar shows the treatment
results.

Finding 1: TIPPE&SEFE students satisfied either the same or higher percentage of require-
ments than the control students.

TIPP&SEE students were more likely to complete all the project requirements for 5-Block
Challenge (z = 10.25,p < .01), Ofrenda (z = 9.34,p < .01), Parallel Path (z = 9.34,p <
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Figure 9.13: Requirement Completion Rate across Condition

.01), and About Me (z = 6.12,p < .01). Table 9.7 shows the individual requirements for
each project where TIPP&SEE students had a statistically-significantly higher completion
rate.

Finding 2: Completion rates varied for different classrooms, and with substantial overlap
between treatment and control classrooms.

Figure 9.14 breaks down the overall results by classroom, ordered by percentage of
requirements completed. We can see that not all treatment classrooms complete more re-
quirements than all control classrooms. However, it is clear that treatment classrooms did
better in general.

Finding 3: Individual requirements with higher completion rates by control students do
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Figure 9.14: Per-Classroom Overall Requirement Completion

not utilize as much coding.

While TIPP&SEE students fulfilled more requirements than control students overall,
there were some requirements that more control students completed. These exceptions were
mostly in superficial, not programming-related, requirements. For Name Poem, a greater
proportion of students in the control condition changed the backdrop. In Build a Band, a
larger percentage of control students added a new sprite and added new blocks that would
animate the Cat sprite that was already in the example project, with the difference in
adding a new sprite being statistically significant (z = 2.64;p < .01). TIPP&SEE students
outperformed control students in requirements that were programming-related, as showcased

in the 5-Block Challenge, Ofrenda, Parallel Path, and Interactive Story projects.

144



Discussion Overall, we see that students in treatment classrooms not only completed more
elements (Finding 1) but focused more on programming elements (Finding 3). This shows
that one purpose of the learning strategy and worksheets - to help students complete the
projects - was successful. Our initial hypothesis was that, overall, completing more of the
projects will lead to better performance on written assessments, a correlation we explored
in Section 9.3.2.

Per-Project Results

We now examine more closely a subset of the projects. Ofrenda was chosen because it
represents typical behavior for a project on which students generally did well on the written
assessment for both control and treatment groups. 5-Block Challenge and Parallel Path were
chosen because they were redesigned based on analysis of the previous year’s student work
and written assessments. Finally, Interactive story was chosen because it is the culminating
project for the curriculum. Ofrenda and Parallel Path are Use—Modify projects, whereas
5-Block Challenge and Interactive Story are Create projects. We want to find out whether

students completed these projects differently according to their group.

Ofrenda Inspired by the Mexican holiday Dia de los Muertos (Day of the Dead), the
Ofrenda Use—Modify project presented students with three ancestors as sprites. Students
were then prompted to modify the project by adding their family members as sprites and
making them interactive. There are three requirements in the Modify task, two requiring
coding (Interaction and Speaking), and one involving changing the sprites’ costumes.

In order to illustrate student behavior, we distinguish between fulfilling the requirement
on a single sprite (practicing it once) and on all of the sprites (practicing it and completing
the assigned task). Figure 9.15 depicts the results, with the top (red) portion of the bar
showing the percentage of students who completed the task for a single sprite, and the
bottom (blue) portion of the bar showing the percentage who completed the task for all

sprites.
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Finding 4: More treatment students completed requirements for at least one sprite as well
as for all sprites.

The total height of the bars are higher for treatment students, indicating more comple-
tion of any sprite, as well as the bottom (blue) portion of the bar, indicating all sprites.
This implies that students both demonstrate some understanding and are potentially more
thorough in their work when following the TIPP&SEE strategy and worksheets. A statistical
analysis revealed that TIPP&SEE students outperformed control students in making both
one (z = 2.47,p < .05) and all sprites (z = 2.12,p < .05) interactive, changing all sprites
costumes (z = 3.42,p < .01), and making all sprites speak (z = 3.63,p < .01). This indi-
cates that TIPP&SEE students better demonstrated their ability to apply their knowledge

of Events.

B One Sprite fulfills the Requirement = All Sprites fulfill the Requirement

100
7 75
e
=
Q
©
3
& S0
Y
(o]
o
o 25
)
=
Q
o
]
(o ¥ 0
& & ) %
) ) & ¢
8 N
& & é‘-‘}& é&@
& & & &F
N &6\ (@) «9

Figure 9.15: Ofrenda Completion Rate across Conditions
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5-Block Challenge The 5-Block Challenge Create project, with identical materials for
both groups, prompts students to create a project using only 5 blocks: When this Sprite
Clicked, When Green Flag Clicked, Wait, Say, and Glide. The goal is twofold: encourage
students to build with blocks they haven’t been explicitly taught, and encourage students
to create scripts with multiple action blocks rather than lots of scripts with a single action
block. This project was modified from the 10-Block Challenge because analysis of previous
years’ student artifacts (including final projects) revealed few scripts contained more than a
single action block.

Finding 5: Students in treatment classes created longer scripts, on average, than control
classrooms during the 5-Block Challenge.

We analyzed two major statistics, shown in Figure 9.16a. First, we calculated the average
script length in each student’s artifact. Second, we calculated the length of the longest script
in each student’s artifact. We can see that treatment classrooms, on average, create longer
scripts, with treatment students creating scripts with 5.22 blocks and control students with
3.97 blocks (F'(1,196) = 9.01,p < 01,n% = .044). This means that treatment students, in
general, went beyond the minimal two blocks per script to create sequential scripts. The
mean maximum was slightly higher in the control groups, at 7.45 vs. 6.27, due to students
with incredibly long scripts (over 45 blocks) in one classroom, whereas the median maximum
script length was higher in the treatment groups. However, an analysis of variance of the
maximum script lengths between the two conditions showed that these differences were not
statistically significant (F'(1,196) = 1.37,p = .24). Therefore, in general, students in the
treatment group created at least one script that was of non-trivial length, showing more
practice at creating sequential scripts.

Finding 6: Students in treatment classes used more required blocks, on average, during
the 5-Block Challenge.

The left bars on Figure 9.16b shows the percentage of students who used different
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numbers of the required blocks. The best case would be entirely blue bars, in which all
students utilized all 5 blocks. A majority of treatment students used 4-5 blocks, whereas a
majority of control students used 2-3 blocks. While students in the control condition were
more likely to use only two specified blocks (z = 5.63,p < .01), students using TIPP&SEE
used more of the specified blocks. A statistically-significantly greater proportion of treatment
students used four (z = 4.81,p < .01) and five (z = 3.46,p < .01) blocks. Along the Matrix
Taxonomy, higher block usage by the TIPP&SEE students suggests that they were better

able to create artifacts in the context of a cumulative project on Sequence.
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Figure 9.16: 5-Block Challenge Results

Parallel Path The Parallel Path Use—Modify project was created in response to poor
student performance on written assessment questions involving parallel versus sequential
code. The project presents students with two sprites that had actions either in sequence
or in parallel, depending on which number they pressed. The TIPP&SEE worksheet had
students identify what actions were sequential vs parallel and then inspect the corresponding
code. Students were then asked to modify the project such that upon a mouse click, each
sprite would do two actions in parallel, and when the number '9’ key was pressed, both

sprites would do an action in parallel. These results are shown because they represent the
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most staggering difference in behavior between the two groups.

Finding 7: A significantly larger percentage of TIPPESEE students satisfied the require-
ments of Parallel Path than the control group.

Figure 9.17 depicts the percentage of students who completed each requirement. It
shows that there was no single requirement that 20% of control students completed, yet
for all requirements, at least 45% of TIPP&SEE students completed them. In fact, less
than 25% of students in the control group completed any single requirement. In contrast,
almost 75% of TIPP&SEE students completed a single requirement, and over 50% of these
students completed the entire project. TIPP&SEE students significantly outperformed the
control students in every requirement: programming 1 sprite (z = 7.46,p < .01) and at
least 2 sprites (z = 5.67,p < .01) to do two parallel actions on click, programming 1 sprite
(2 =6.77,p < .01) and at least 2 sprites (z = 6.06,p < .01) to act when the '9’ key is pressed.
TIPP&SEE students were also more likely to fulfil all requirements (z = 6.67,p < .01). The
TIPP&SEE students’ better performance is especially noteworthy because parallelism is a

concept with which students commonly struggle [121, 134].

Interactive Story Interactive Story is the culminating Create project in this curriculum,
designed to encourage students to demonstrate their knowledge of the three CT concepts
covered: events, sequence, and loops.

The right two bars of Figure 9.16b illustrate the number of unique blocks that students
utilize in their final projects. A greater percentage of the control group used fewer distinct
block types, while the TIPP&SEE group used more distinct block types. Most notably,
TIPP&SEE student projects were more likely to have at least 10 unique blocks relative to
the control student projects (z = 2.19, p < .05). Further, TIPP&SEE students outperformed
the control students in using either the switch backdrop or when backdrop changes block

to make their backdrop interactive (z = 2.23,p < .05).
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Figure 9.17: Parallel Path Completion Rate across Conditions

TIPP&SEE Worksheets

We now turn our attention to analysis of the TIPP&SEE worksheets. These worksheets
were completed only by students in the treatment group; the worksheets for control students
presented the project and had the modify tasks listed, but they did not have a set of questions
for students to answer.

All figures in this section break up student responses into four categories: Correct, In-
correct, Blank, and No Sheet. The distinction between Blank and No Sheet is that a Blank
answer was collected but was not answered by the student, whereas No Sheet indicates that
we are missing the entire worksheet for that student.

We begin by exploring student behavior on different types of TIPP&SEE questions.
There are three categories of questions we analyzed. The Observe questions are first, asking

students to record their observations from running the provided project. All worksheets have
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Observe questions. The other two question categories are only on a subset of worksheets.
Predict questions ask students to look at the code and predict what blocks caused which
actions they observed. Explore questions have two parts. First, they asked students to make
a change to the code and run it, such as changing the number in the wait block. Next, they
record what happened in response, such as whether the sprite moved faster or slower. There

are other question categories, but these are the three we analyze.
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Figure 9.18: TIPP&SEE Worksheet Responses across Question Types

Finding 8: A majority of students completed and correctly answered Observe and Predict
questions, while Fxplore questions were largely left blank.

Figure 9.18 shows the percentage of students that completed and correctly answered
questions across all TIPP&SEE worksheets, sorted by the type of question. It shows that,
overall, there were few incorrect answers. However, a majority of students did not record
answers to Explore questions.

It is unclear if the reason for skipping Explore questions was because students did not
follow the Explore prompt or because they did not record their observations. There are
several reasons, however, that students could have skipped them. First, because explore
questions were only included in a few projects, following and recording explore prompts may

not have become a routine. On a related note, students may have needed more scaffolding
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with this type of questions, requiring the teacher to model and practice them. In addition,
making code changes is a more difficult task than merely answering a question about what

one observes or is thinking, so this may have been cognitively difficult for some students.

Correlations between Projects, Worksheets, and Assessments

Having analyzed assessments, project completion, and worksheets independently, we now

investigate relationships between them.

Worksheets vs Projects

We begin by analyzing correctness and completeness of TIPP&SEE worksheets compared
with requirement completion on the projects. Only Use—Modify activities have worksheets.
Our question is, does higher completion or correctness of worksheet questions correlate with
higher requirement completion on modify tasks?

Finding 9: There was very little correlation between TIPPE&ESEE worksheets and project
completion.

The only UM project with any correlation between worksheet correctness and project
completion was Ofrenda (p = .33,p < .05). For the rest of the projects, the distribution
of these metrics per student fell into two broad categories. In the first category, worksheet
correctness and requirement completion rates were scattered all over the place, such as
Name Poem and Ladybug Scramble (Figure 9.19a). In the second category, these metrics
were concentrated in the right half of the plot (i.e. at least 50% worksheet correctness), but
do not follow any pattern beyond that, such as Parallel Path (Figure 9.19b) and Build a
Band.

Worksheets and Projects vs Assessments
We now consider any correlations between worksheet completion, worksheet correctness,

project completion, compared with written assessments.
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Figure 9.19: Worksheet Correctness vs Project Completion

Finding 10: There was very little correlation between project attributes, worksheets, and
assessments.

The correlations that were statistically significant were relatively weak and came from
the Name Poem, Ladybug Scramble, and Ofrenda projects.

In Name Poem, the first Sequence Use—Modify Project, there was a weak correlation
between requirement completion and scores on a question from the Events and Sequence
assessment (p = .33,p < .05). This question showed two sprites with Say bubbles on the
Scratch stage, triggered by clicking the green flag. Students were then asked to identify the
script that belonged to one of the sprites.

In Ladybug Scramble, the second Sequence Use—Modify Project, there were weak corre-
lations between TIPP&SEE worksheet completion and a two-part question on Events and
Sequence (a: p = .33,p < .05, b: p = .34,p < .05). This question presented students
with a script; the first part asked students to identify the event that triggered the script
and the second part asked students to describe the sequence of blocks in the script. There
was also a weak correlation between the second part of this question and the overall project
completion rate (p = .32,p < .05). We also found weak correlations between worksheet
correctness and two questions: one asked students to identify the last Say block in a script

(p = .40,p < .01) and another asked them to identify the scripts triggered by the Green

153



Flag(p = .34,p < .05).

9.3.8 Discussion

We now revisit our overarching research questions and relate our individual findings to these
questions.

To what degree do students follow the TIPPéSEE protocol, and how accurately can they
answer the posed questions?

Students followed the Observe and Modify closely and, for the most part, answered
the questions accurately. A majority of students, however, did not complete the Explore
questions when they are present. We cannot tell if students were truly disengaged from the
Explore questions or if students were exploring implicitly, which can occur with metacognitive
strategies. Therefore, further research should address either improving the participation for
Explore questions or determining that they are not useful for student learning.

How does using the TIPPESEE learning strateqy affect student behavior during the com-
pletion of Use— Modify and Create tasks?

There was a significant difference in behavior, overall, between control and treatment stu-
dents. We had findings on a variety of measures, including project requirement completion,
length of scripts, and required block usage. The results from Parallel Path are particularly
staggering, with treatment students completing requirements at about 8-10 times the rate of
control students. Students in the treatment group stayed on task much better than control
students, even on Create projects in which the materials were identical. This finding suggests
that treatment students were more capable of applying their new knowledge, the first ‘pro-
duction’ step in the Matrix Taxonomy, and that they benefited from the Zone of Proximal
Flow encouraged by the curriculum design. In addition, when looking at the 5-Block Chal-
lenge and Interactive Story results, TIPP&SEE students were better able to create more

complex projects, the highest ‘production’ level in the Matrix Taxonomy.
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This leads to an interesting question - is TIPP&SEE a learning strategy or an instruc-
tional strategy? We have strong evidence that it leads to positive outcomes from an in-
structional perspective. That is, when students follow this sequence of actions, mediated by
a worksheet, it leads to positive outcomes. However, whether the students internalize this
into a sequence they can complete without the worksheet, which would make TIPP&SEE
a meta-cognitive learning strategy, is a question this study does not address. The cognitive
aspects are harder to measure, and therefore harder to evaluate.

Are there any statistical correlations between behavior on the TIPP6SEE worksheets or
project attributes and written assessment performance?

We find very few statistical correlations between any of the behavioral measures: indi-
vidual requirement completed, percentage of requirements completed, worksheet questions
completed, and individual written assessment question performance.

The lack of correlations between project attributes and assessments is not entirely sur-
prising. On the Matrix Taxonomy, project attributes reflect the 'Producing’ dimension,
while assessments reflect the ’Interpreting’ dimension; it is possible for both dimensions to
develop independently [80]. Further, Brennan et al. [25] have shown that students frequently
use code that they do not fully understand. Another prior study also revealed that student
artifacts can have false positives, where students use code that they do not understand, and
false negatives, where students understand a concept but do not use related code constructs
(Chapter 8). Students may have run out of time to include these code constructs or simply
did not see the need for those constructs in their projects.

In contrast, the fact that the worksheet behaviors (both completeness and correctness)
were hardly correlated with the assessments was more unexpected, as both reflect the same
Interpreting’ dimension of the Matrix Taxonomy. Previous studies have found relationships
between formative activities or assignments and learning in Scratch [88, 225]. These activities

and assignments varied widely in structure. Even within our curriculum, the TIPP&SEE
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worksheets differed in structure as well. The influence of TIPP&SEE worksheet design on

learning merits further exploration.
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Question

F(1,184) n?

Scratch Basics x Remember

Events & Sequence Q2
Events & Sequence Q3

3.95 -
7.27*% .038

Events x Understand

Events & Sequence Q4a
Events & Sequence Q4b

2.95 -
2.86 -

Sequence x Understand

Events & Sequence Q6 6.86 ** .036
Events & Sequence Q7 10.93** .056
Loops Qba 11.8%* .061
Loops Q5b 13.8%* 071
Loops Qbc¢ 13.8%* 071
Loops x Understand
Loops Q1 7.92%* .042
Loops Q2 17.26%* .087
Loops Q4 25.9%* 13
Loops Qba 11.8%* .061
Loops Q5b 13.8%* 071
Loops Qbc¢ 13.8%* 071
Advanced Questions
Loops Q6a 7.49%* .039
Loops Q6b 1.01 -
Loops EC 3.59 =
*p < .05, *p < .01

Table 9.1: Results from the ANOVA F-Test with Questions Organized by CT Concept and

Bloom’s Level
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TIPP&SEE Comparison

Economically Disadvantaged 70 91
Special Education/Disability 16 15
Limited English Proficiency 25 52
Below Grade Level in Reading 54 46
Below Grade Level in Math 55 29

Table 9.2: Diverse Students in Each Condition

E &S Loops
F(1,181) 52  F(1,178) 3
Economic Disadvantage 8.06%*  .043 11.92**  .063
Disability Status 21.25%* A1 19.53** 098

Limited English Proficiency 18.93**  .095 17.23*%F 088
Below Grade Level in Reading  21.64** .11  32.92%% .16
Below Grade Level in Math 9.95% 052  36.52** .17

*p < .05 p < .01

Table 9.3: Significance Values for Condition (TIPP&SEE vs Comparison) in each Student
Category

E &S Loops
F(1,181) n3 F(1,178) n?
Economic Disadvantage 10.76*%* 056  8.72*%*  .047
Disability Status 25.26%* 12 27.96%* .14

Limited English Proficiency - - - -
Below Grade Level in Reading — 54.48%* 23  64.31*%* .27
Below Grade Level in Math 34.05%* 16 53.92* .23

< .05 p < .01

Table 9.4: Significance Values for each Student Characteristic (Disability, LEP, etc)
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Condition Category

F 77}% F 77129
Economic Disadvantage
Sequence E&S: Q6 8.58%* 045 8.38%F  .044
E&S: Q7b 13.99** 072 18.59** .093
Tt L:Qoa - il
Sequence & Loops L: Q5b 17.43%* 089  4.56* 025
L: Q5¢ — — 5.07* 0028
S L: Q1 5.98% 033 — —
Loops L: Q2 — — 5.48* 029
L: Q4 — —  845%* 0045
Limited English Proficiency
Sequence E&S: Q6 18.22** 091  5.01*  .027
E&S: Q7b 15.31%* 078 10.59** .055
Tt L Qoa il
Sequence & Loops L: Q5b — —  4.09* 022
L: Q5¢ 53.17*%F .23 —
S L: QT 25.19% 12  13.25*F 069
Loops L: Q2 26.64** 13 5.46%* 029
L: Q4 29.65%* .14 17.55%* 089
Below Grade Level in Reading
Sequence E&S: Q6 7.11%F 038 20.71*%F .10

E&S: Q7b 8.65%* .046 29.86** .14

Sequence & Loops L: Q5b 8.99** 049 21.67** 11
L: Q5¢ 8.60%* .047 19.87** 10
S L: QT 705 039 —  —
Loops L: Q2 42.25%* 19 24.69** 12
L: Q4 24.10%* 12 8.79** 048
Below Grade Level in Math
Sequence E&S: Q6 8.56** 045 11.83** .062

Sequence & Loops L: Q5b — —  30.13%F 15

L: Qbc — —  30.13%* 15
S L: Q1 5.25% 028 —  —

Loops L: Q2 50.8%% 22 922.01%*% 11

L: Q4 39.29** 18  31.75%* 15

*p < .05 p< .01

Table 9.5: Significance Values for Sequence & Loops Questions
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Project Requirements

Name Poem Modify at least half the sprites
Modify backdrop
Avg Script Length at least 2

Ladybug Scramble Ladybug eats at least 1 aphid
Use Eat Aphid Block
Use Move Steps Block
Use Turn Block

5-Block Challenge Only use the 5 required blocks
Add new backdrop
Add at least 2 sprites

Ofrenda Modify Say block for at least 1 sprite
Modify at least 1 sprite’s costume

Add interactivity for at least 1 sprite

Parallel Path At least 1 sprite has parallel actions on click

2 sprites have actions on “9” key press

About Me At least 1 sprite

At least 1 interactive sprite

Build a Band Add a script for guitar
At least 1 new sprite
at least 1 new sprite with a script

Cat sprite is animated

Interactive Story Interactive backdrop
At least 1 sprite with a script

At least 1 event block

At least 1 loop block

Table 9.6: Scratch Act 1 Project Requirements
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Project Attribute z

Ladybug Ladybug eats 1 aphid 2.47*
Scramble
5 Block  Used 2 specified blocks 5.63**
Challenge Used 4 specified blocks 4.81%*
Used all 5 specified blocks 3.46%*
Ofrenda 1 interactive sprite 2.47*
More than 1 interactive sprite 2.12*
All sprites with a different costume 3.42%*
All sprites have a different Say block 3.63%*
Parallel 1 sprite with parallel actions on click 7.46%*
Path 2 or more sprites with parallel actions on click 6.57**
1 sprite acts on “9” key press 6.77*F*
2 or more sprites act on “9” key press 6.06%*
About Me Has a Say block 2.38%
Has an interactive sprite 3.51%*
Build Modified scripts for at least 1 sprite 3.24%*
a Band
Interactive Interactive Backdrop 2.23*
Story Using at least 10 blocks 2.19*

*p<.06 Fp<.01

Table 9.7: Attributes with Significant TIPP&SEE Out-Performance
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CHAPTER 10
DIAGRAMS AS A SCAFFOLD FOR DECOMPOSITION

While TIPP&SEE is broadly analogous to code reading and tracing strategies at the uni-
versity level, the objective of these studies is to explore another commonly used practice
in university computing instruction, diagramming, as a strategy for younger learners [137].
More specifically, we studied a diagram designed to scaffold the decomposition of conditional
interactions between sprites in Scratch. To accomplish conditional interactions in Scratch,
students would need to incorporate their knowledge of sequence, repetition, and conditionals
from prior modules in Scratch Encore.

For our diagramming studies, we focus on a module called Decomposition by Sequence.
It was designed based on the Decomposition learning trajectory [193], targeted at Scratch
programming language-specific constructs. In particular, this module focuses on a sequence
of events across multiple sprites, where different actions were triggered by between-sprite
interactions for which Scratch provides sensing blocks (touching color or touching sprite).
The role of the diagram in this module is to scaffold students’ planning of their projects
by encouraging the decomposition of their sequence of events. The learning goals for this

module are for students to be able to:
e decompose a sequence of events into separate actions and their triggering events,

e create scripts that will trigger the action of one sprite dependent on the action of

another sprite,
e use sensing blocks to stop and start actions, and
e plan and create an animation based on a set of events and actions.

In this chapter, we outline two studies in Chicago Public Schools that explore the role

of this diagram in the Decomposition by Sequence module, the first with teachers and the
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second with students. The first study revealed that when using a vertical diagram, teachers
were more able to decompose a sequence of events and to make connections between CT
concepts. The second study showed that students performed similarly with a text-based and
diagram-based scaffold, with implications for the design of diagram-based scaffold for this

age group.

10.1 Diagram Design

A plethora of diagrams exists in computing, from control flow diagrams to software engi-
neering design patterns, but these diagrams were designed for more mature audiences and
to encapsulate more complex topics. Thus, we also draw on education research for guidance
on strategy design for younger learners. For example, the Draw-It Problem Solving Cycle is
a strategy to support students with learning disabilities in solving word problems [239] (see

Chapter 2 for a more complete review of related work).

10.1.1 Motivation

Teachers and students had struggled with the diagram that was previously used in the
Decomposition by Sequence module (Figure 10.1a). In the first lesson of the module, students
were shown a video of a sequence of events, such as player running towards a soccer ball
and kicking into a goal. After watching the video, students would complete a partially
filled diagram based on the sequence of events that they watched with the guidance of their
teacher. The objective of the diagram was to scaffold the decomposition of the sequence
of events into “events” and “actions” for each sprite. In this module, “events” encompass
more than just the Scratch-defined event blocks; “events” are broadly defined as situations
where a condition starts or stops an action of a sprite. In this module, sensing blocks, such
as the touching block, are introduced as way to start and stop sprite actions when placed

in a conditional.
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Conversations with teachers revealed that they were especially nervous when teaching the
first lesson of Decomposition by Sequence. Classroom observations also indicated a heavy-
handed approach when teaching the module, where teachers would tell students what to write
in each box and it was not clear if the diagram was truly scaffolding student understanding.
As a result, student worksheets based on the example sequence of events were remarkably
uniform. However, when students worked on a diagram to help them plan their culminating
project for this module, they frequently mixed up the events and actions or did not decompose
them sufficiently. Students also mixed up which events and actions belonged to which sprites

and the order in which events and actions occurred.

10.1.2 Design Process

Based on teacher feedback, classroom observations, and prior student work, we revised this
diagram, with existing CS diagrams serving as a subject matter guide and diagramming
strategies from math education serving as a pedagogical guide. This diagram underwent
several rounds of revision. Through weekly meetings over the span of three months, the
diagram was iteratively refined through feedback from researchers and practitioners. Lastly,
they were sent to Scratch Encore lead teachers, experienced teachers who serve as consultants

for other teachers adopting the curriculum, for a final round of feedback and revisions.

10.1.3 Diagram Revisions

From the previous diagram, we preserved the separation between events and actions as the
key decomposition method, the timeline as an indication of chronological events, the lines
for each sprite, and the color-coding of gray for complete boxes and white for incomplete
boxes. The timeline was moved to the top of the worksheet so that it would be less likely
for students to miss. Mad libs-style suggestions under the blanks for each sprite were added

to make the structure of one-sprite-per-line clearer to students. Arrows were also added
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between the different actions to better indicate directionality, similar to control flow diagrams
in university computing.

We also designed two versions of the revised diagram in horizontal and vertical orienta-
tions. The horizontal version, which is read from left to right, aligns with representations
of timelines from other subjects [28] and is more similar to the way students would read
natural language text in English. In contrast, the vertical version, which is read from top to
bottom, is akin to the way students would read programs and aligns with the code structure
of Scratch. Reading direction has been found to be associated with directionality in motion
perception [159], spatial processing [199], perceptual span (area of effective vision) [110], and
other neurocognitive processes [115]. By comparison, code reading direction and its effects
are not as well-understood. Prior work has developed a technique to study code reading [34]
and identified differences in reading natural language and code [33]. With teachers, we ex-
plored how orientation and in turn, reading direction influences how effective our diagrams

are at scaffolding the learning of decomposition.
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Figure 10.1: Diagrams used in Decomposition by Sequence

Figures 10.2a and 10.2b depict examples of the vertical and horizontal “Create” dia-
grams, respectively. The blue boxes represent student input. In this example, a student is

planning to program a sequence of events from a soccer game where a player runs and kicks
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a ball into a goal with spectator cheers. The events in this interaction are when the player
touches the ball and when the ball touches the goal. The player’s actions are to run until
they touch the ball. The ball’s actions are to stay still until the player touches it, after which
it rolls until it touches the goal. The goal’s actions are to stay still until the ball touches,
after which it plays a celebratory sound. The scripts for the player, ball, and the goal are

shown in Figure 10.3.
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Figure 10.2: Diagrams with Different Levels of Decomposition

10.2 Role of Visual Orientation in Designing Diagrams for CT

Development in Teachers

With the global growth of computing education at younger ages [103], it is critical that
computing instruction supports all learners, and that, even more crucially, teachers are
equipped to provide such instruction. One way to support all learners is to provide them
with sufficient scaffolding as they are introduced to new concepts. Other discipline-based

education research fields, such as math [36, 171, 239], reading [28, 240] and science [171], are
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Figure 10.3: Code for Each Example Sprite

rich with instructional scaffolds that can potentially be adapted for computing. Diagramming
is one such strategy. Although diagrams are a staple in university computing [137], little is
known about its use in K-8 computing — how they should be designed, which concepts are
they appropriate for, how they support both students and teachers, among other avenues
for exploration.

To address this gap, we investigated two different orientations of a diagram, vertical and
horizontal, in a virtual teacher professional development. In particular, we focus on the

following research questions:
a) How does diagram orientation influence the learning of decomposition in teachers?

b) How does diagram orientation influence the development of technological pedagogical

content knowledge (TPACK) in teachers?

In this study, I led the development of the strategy and accompanying classroom mate-
rials, study design, assessment design, data collection and data analysis. I also helped with
the teacher professional development of the module in which the strategy will be tested, as
well as teacher recruitment which was led by our lab’s School Development Specialist Donna

Eatinger. Donna was also my second coder for any qualitative analyses.
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10.2.1 Methods

Study Context

In Summer 2020, 45 teachers participated in a virtual professional development (PD) for
Scratch Encore. Scratch Encore is an intermediate Scratch curriculum designed for students
with a year of introductory programming experience [78]. The curriculum is comprised of
modules covering computational thinking concepts such as sequence, repetition, conditionals,
decomposition, and variables [193, 197, 194].

The PD covered one module per week, with a 30 minute synchronous introduction and
an hour-long collaborative coding session in small groups of 4-6. Teachers were encouraged
to work through the materials asynchronously between the two sessions. All materials that
were previously designed for printed use were adapted for virtual instruction using Google
forms and slides.

In the Decomposition by Sequence module, we designed horizontal and vertical versions
of a diagram to scaffold the learning of decomposition. As prior experience can influence
how much scaffolding they would need, teachers were assigned to either the horizontal (H)
or vertical (V) condition such that each condition would have the same median years of
computer science teaching experience. In the horizontal condition, there were 22 teachers,
with a median of 4 years of experience. In the vertical condition, there were 23 teachers,
with a median of 4.25 years.

To fill out the diagram in the “Use/Modify” worksheet for this module, teachers first
watched a video that demonstrated a complete Scratch project with a sequence of events.
Based on the video, they completed a partially-filled out diagram that decomposes the se-
quence of events. After they filled out the diagram, the worksheet directed them to an incom-
plete version of the demonstrated Scratch project, which they explored using the TIPP&SEE

learning strategy. Using their completed diagrams to support their coding, teachers were
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then prompted to modify the project such that it worked like the demonstrated project. In
the “Create” worksheet, teachers were prompted to plan their culminating projects with the

help of an empty fill-in-the-blank diagram (Figures 10.2b & 10.2a).

Data Analysis

Diagram Worksheets

We analyzed teachers’ diagrams in the “Create” worksheet for evidence of decomposition,
where they planned their own final project. Two researchers developed a coding manual of
categories that described the extent to which they decomposed the sequence of events —
separated all the events and actions (complete decomposition), separated at least one event
or action (partial decomposition), or did not separate events and actions (no decomposition).
Figure 10.2a depicts a complete decomposition, with the events (e.g. “when Player touches
Ball”) to the left of the timeline and actions (e.g. “Runs”) to the right. Figure 10.2b depicts
no decomposition with the events and actions together below the timeline (e.g. “Ball stays
still until it touches the Player”).

The manual also classified characteristics of responses in the “event” and “action” boxes
in the diagram. In Figure 10.2a, the event boxes are the boxes to the left of the vertical
timeline while the action boxes are to the right. In Figure 10.2b, the event boxes are the
boxes above the horizontal timeline while the action boxes are below. Correct responses
would be writing one event in an event box (e.g. box in the dotted red circle from Figure
10.2a) and one action in an action box (e.g. box in the solid red circle from Figure 10.2a).
Common incorrect responses included writing in an action box: an event (e.g. box in the
dotted red circle from Figure 10.2b), a sprite (e.g. if they wrote “Player” in that box), and
multiple actions (e.g. if they wrote “stays still then rolls” in that box).

Two researchers coded each worksheet separately and then resolved any disagreements

through discussion for 100% agreement. To see if there was a dependence between condition
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and the extent of decomposition, we used a Chi-square test of independence; we report y
and p values. This test, however, was not appropriate for their response characteristics as
the expected value for each cell was less than five [151].
Scratch Projects
Features of teachers’ culminating “Create” Scratch projects were automatically scraped to
determine if they fulfilled the assigned requirements. There were five requirements: adding
a new backdrop, using at least 3 sprites, using the go to x: y: block in at least 2 sprites
(for initialization), animating at least 2 sprites, and using a repeat until or wait until
blocks to program a sequence of events. Additionally, there were two extra extensions that
teachers could complete: adding a new event to a third sprite and using a sound block. Lastly,
we also checked if teachers used broadcast/receive blocks as it was a frequently mentioned
theme in interviews. To see if there was a statistically-significant difference between the two
conditions’ completion rates, we conducted the Chi-squared test on proportions, from which
we provide x and p values.
Semi-structured Interviews
At the end of the PD (1 month after the module), retrospective semi-structured interviews
were conducted with some teachers to learn more about their mental models of their final
Scratch projects and to better understand to what extent diagrams scaffolded their learning.
13 teachers in each group (horizontal vs vertical) were interviewed for about 15-20 minutes
and were selected based on availability. Teachers were able to reference their completed
diagrams and Scratch projects throughout the interview. The interview protocol is shown
in Table 10.1.

Interview transcripts were first open coded by two researchers to identify emerging
themes. Based on these themes, a qualitative coding manual was developed, covering CT
concepts, the levels in the SOLO taxonomy, and aspects of the TPACK framework (Chapter

3). Two researchers coded each interview separately and then resolved any disagreements
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through discussion for 100% reliability. The Chi-square test of independence was not appro-

priate to use on the themes identified in the interviews as the expected value for each cell

was less than five, with some cells even being zero [151].

Topic

Questions

Warm Up

Can you show me what your project does?

Was this diagram helpful to you in planning your project? What went well?
What was confusing?

Do you have any suggestions for improvement for this diagram?

Diagram

Can you explain your thinking as you filled out this diagram?

How did you fill it out for Sprite X7

How did you decide what to write in this box?

What went well?

What was confusing?

Can you explain how you used this diagram while coding your Scratch project?
How did you program Sprite X7

How did you program event/action X7

What went well?

What was confusing?

TPACK

How would you explain how your project works to your students?
How would you explain how to fill out this diagram to your students?
Do you think this diagram would be helpful for your students?

Do you have any suggestions for student-facing diagrams?

Table 10.1: Teacher Interview Questions
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10.2.2 Results

We first present results from analyzing diagram worksheets and end-of-module projects,
followed with results from teacher interviews.

Finding 1: 77.8% of teachers in the vertical condition decomposed the sequence of events
in their diagrams, either completely or partially, compared with 55.6% of teachers in the
horizontal condition.

Figure 10.4 depicts the proportion of teachers who did not separate events and actions,
separated at least one event or action, and separated all events and actions when decomposing
a sequence of events. A majority of teachers in the vertical condition either completely or
partially decomposed the sequence of events into its constituent events and actions, while
a majority of the teachers in the horizontal condition did not decompose or only partially
decomposed the sequence of events. The dependence between condition and the extent of

decomposition, however, was not statistically significant (x = 4.08,p = .129).

B Did not Separate Events & Actions B Separated at least 1 Event or Action
Separated all Events & Actions

Horizontal
Vertical

0% 25% 50% 75%

Figure 10.4: Diagram Worksheet Features

Taking a closer look at the worksheets, we found that more vertical teachers described
one action in each action box (10 V vs 4 H) and one event in each event box (12 V vs 8
H). This demonstrates a complete decomposition of the sequence of events. In contrast,
when filling out the action boxes, more teachers in the horizontal condition wrote at least
one event or sprite, more than one sequential action, and actions that did not belong to the

sprite in that row/column (Figure 10.5). This suggests partial or no decomposition of the
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sequence of events. The mistakes that were more common among the vertical teachers were
idiosyncratic responses in the action boxes, such as x-y coordinates or time, and writing
at least one sprite in an event box. The latter mistake could be interpreted as incomplete

events, as events in this module involve conditional sprite interactions.

B Horizontal W Vertical
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Only1 Atleast1 Atleast1 More Mismatch Other Only1 Atleast1 Atleast1

action per event sprite than1 between event per action sprite

box action per actions box
box  and sprite
Action Boxes Event Boxes

Figure 10.5: Diagram Worksheet Responses

Finding 2: Teachers in both conditions completed project requirements at similar rates.
Figure 10.6 shows the completion rates of project requirements and extensions (adding third
sprite with a new event and adding a sound block). Chi-square tests on proportions revealed
no statistically-significant differences in the completion rates of any of the requirements or
extensions. The only exception is the sound block extension, which vertical teachers were
more likely to complete (y = 3.91,p = .0479). In addition to the stated project requirements
and extensions, we also analyzed the usage of broadcast/receive blocks in their projects
based on the information gathered during teacher interviews. These blocks are commonly
used for message passing and synchronization in Scratch, and had not been introduced in this
module or prior lessons. While the difference was not statistically significant, it is important

to note that more horizontal teachers used these blocks to program their final project, instead
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of the using the new repeat until or wait until blocks introduced in this module.

@ Horizontal [ Vertical
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At least 3 sprites

2 sprites use "goto
x:y:"

2 sprites have
animation

2 sprites have
repeat/wait until

3rd sprite has new
event

Sound block

Used
broadcast/receive

0 5 10 15 20

Figure 10.6: End-of-Module Project Features

Finding 3: When explaining their projects or diagrams, teachers in both conditions were
similar in the CT concepts they described.

Figure 10.7 details the number of teachers in each condition who described each CT
concept when prompted to explain their Scratch projects or diagrams. While teachers in
both conditions were similar in the CT concepts they detailed, it is interesting to note that
nearly twice as many teachers in the vertical condition brought up decomposition, the focal
CT concept in this module.

Finding 4: Teachers in both conditions were similar in the different types of knowledge
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Figure 10.7: CT Concepts Described in Interviews

in the TPACK model they expressed in interviews.

Figure 10.8 illustrates the number of teachers in each condition who exhibited each aspect
of TPACK. The two singular aspects of TPACK, technological and content knowledge, were
omitted from the graph; the former because none of the teachers described technological
knowledge alone and the latter because all of the teachers exhibited some level of content
knowledge (Finding 3). As shown in Figure 10.8, a similar number of teachers in both
conditions exhibited different aspects of TPACK.

The most commonly expressed types of knowledge were pedagogical knowledge (PK)
and pedagogical content knowledge (PCK). A teacher in our study exhibited their PK when
describing how they would pair struggling students with more advanced students for peer
instruction, while another teacher displayed their PCK when drawing students’ attention to
different events in a thinkaloud explanation of their project. One teacher exhibited technol-
ogy content knowledge, who explained that sprites in Scratch need a goto x: y: block to

initialize in the correct starting position. Six teachers demonstrated technological pedagog-
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ical knowledge, such as a teacher explaining XY coordinates before students learned it in
math so they can move their sprites in Scratch. Lastly, five teachers even exhibited TPACK,
demonstrating an intersection of technological, pedagogical, and content knowledge. For ex-
ample, one teacher described making videos of them modeling their project, breaking down
the different events and actions, so that their students could watch their explanations at
their own pace.
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Technology
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Figure 10.8: TPACK Aspects Described in Interviews

Finding 5: More teachers in the vertical condition described C'T concepts at the relational
level (11 V ws 4 H) of the SOLO tazonomy.

Figure 10.9 displays the number of teachers who demonstrated an understanding of CT
concepts at each level of the SOLO taxonomy. The lowest level in the hierarchy, the prestruc-
tural level, was omitted as all teachers knew at least one relevant concept. A unistructural
explanation consists of one relevant concept. Both multistructural and relational expla-
nations are comprised of several concepts, but connections between concepts are made in
relational explanations.

Most teachers in the horizontal condition explained CT concepts at the unistructural and
multistructural levels, while the explanations of most teachers in the vertical condition were
at the multistructural and relational levels. An example of a unistructural explanation would

be a teacher in the horizontal condition who described the conditional interaction in their
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project as “The first person is saying that she needed to get the blue potion[...]And then the
elf lady says something else and then a little fairy drags over and tries to get her potion.”
While their project consisted of blocks corresponding to other concepts, they only described
sequence. For a multistructural example, a teacher in the horizontal condition said, “When
she touches the guitar, it would start playing[...]then it would send out a message to the
target and it would repeat until the color red was touching that the brown of the boy’s
shoes”. They described the concepts of events, sequence, loops, and synchronization, but
the concepts were specific to their project and not integrated into a broader structure. In
contrast, a relational example would be from a teacher in the vertical condition: “Sprites are
characters that you can program to interact with each other in many different ways...when a
sprite reaches that position and comes in contact with another sprite,|[...|there’s going to be
an action that occurs when two sprites come in contact with each other.” While this teacher
described fewer concepts than the teacher with the multistructural explanation (only events
and sequence), this teacher linked the concepts into a larger structure.
B Horizontal M Vertical
Unistructural

Multistructural

Relational

Extended
Abstract

0 5 10 15

Figure 10.9: SOLO Taxonomy Levels of Interview Responses

10.2.8 Discussion

For RQ1, our analysis of diagram worksheets revealed that most teachers using the vertical
diagrams either partially or completely decomposed the sequence of events into their com-

posite sprite actions and events. In the horizontal condition, most teachers either partially
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or did not decompose the sequence of events. While teachers in each condition differed in
the degree of decomposition in their diagrams, they performed similarly in their Scratch
projects, completing requirements at similar rates. This result suggests that, regardless of
condition, teachers were able to produce code artifacts at the highest ‘Producing’ level of
the Matrix Taxonomy, Create [80]. However, prior work has shown that students frequently
create with code that they do not fully understand [25, 205]. A similar phenomenon may
have occurred with the teachers in the horizontal condition, given their responses to the
diagram worksheets and their unistructural and multistructural descriptions of CT concepts
in interviews based on the SOLO taxonomy.

For RQ2, we found that teachers in both conditions developed some level of content
knowledge, one of the pillars of TPACK. They described CT concepts with similar frequency
when asked to explain their projects or diagrams. While we could not run statistics on the
CT concepts described, it is important to note that nearly double the number of teachers in
the vertical condition mentioned decomposition, the key concept in this module. In addition
to content knowledge, teachers in both conditions also exhibited other aspects of TPACK
with similar frequency, with the two most common aspects of TPACK being pedagogical
and pedagogical content knowledge. Nonetheless, most teachers in the vertical condition
demonstrated deeper knowledge of the CT concepts, either describing multiple concepts
(multistructural) or drawing connections between several concepts (relational). In contrast,
most teachers in the horizontal condition described concepts in isolation (unistructural or
multistructural).

While our small sample size limited the applicability of quantitative statistics, our results,
when combined with qualitative analysis, provided insights into the design of diagrams for
the learning of computational thinking concepts, such as decomposition and conditionals.
The reason for better performance with vertical diagrams may be due to its alignment with

the way programs are read, the fact that text is read vertically for high-level structure and
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horizontally for detail, or something else entirely. Further research would be needed to
uncover the underlying reasons; we hope that this study will lead to further research into

the use of diagrams in K-8 computing.

10.3 To Diagram or not to Diagram: Comparing Text-Based and

Diagram-Based Scaffolds for Learning Decomposition

With our insights from the teacher phase, we next wanted to investigate how a diagram-
based scaffold for planning the creation of a project with conditional interactions between
sprites would compare with a text-based scaffold. More specifically, we are motivated by the

following research questions:
a) How do students respond to text-based and diagram-based scaffolds?

b) What is the relationship between the two different types of scaffolds and student per-

formance on coding projects and assessments?

For this study, I was in charge of the development of the strategy and associated curricular
materials, study design, assessment design, data collection and data analysis. I also helped
with the classroom recruitment, which was led by our lab’s School Development Specialist
Donna Eatinger. I observed and supported instruction in all classrooms in this study. A

postdoc in my lab, Dr. Jennifer Tsan, was my second coder for any qualitative analyses.

10.3.1 Methods

Study Context

Five teachers were recruited from Chicago Public Schools and underwent the same profes-
sional development, either in person or virtually, to teach Scratch Encore (Chapter 4). A

total of nine classrooms were participated in the study. Classrooms were assigned to either
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the Diagram or No Diagram condition for the Decomposition by Sequence module based on
grade level and class size. This resulted in 2 sixth grade, 1 seventh grade, and 1 eighth grade
classrooms for a total of 4 classrooms in the No Diagram condition, and 1 fifth grade, 1
sixth grade, 2 seventh grade, and 1 eighth grade classroom for a total of five classrooms in
the Diagram. There were 68 students in the No Diagram condition and 69 students in the
Diagram condition. Students in the Diagram condition were given the vertical version of the
diagram because it showed more success in our teacher study. While our results could not
reach statistical significance because of the small number of participants, teachers using the
vertical diagram were better able to decompose a sequence of events and make connections
between CT concepts.

In “Use — Modify” phase of this module, students in both conditions first watched the
same video that showed a finished Scratch project with a sequence of events. In the Scratch
project, when the green flag was clicked, a Player sprite walked towards a Stairs sprite. When
the Player kicked the Stairs, the Stairs moved towards a Cliff sprite and once the Stairs
touched the Cliff, a victory sound was played. Based on the video, students in the Diagram
condition filled an incomplete vertical diagram that decomposes the sequence of events, while
students in the No Diagram condition answered multiple-choice questions analogous to the
blanks in the diagram. After completing their observations of the complete sequence of
events, they were instructed to explore an unfinished version of the demonstrated Scratch
project using the TIPP&SEE learning strategy. Students were next directed to modify the
project so that it worked like the Scratch project in the video.

In the Create phase, students in both conditions were given a text-based plan in their
worksheet, where they could fill in the blanks for the sprites, events, and actions in their
final projects (Figure 10.11). The text-based plan underwent a similar design process as the
diagrams. The text-based plan was designed over the same three-month time period as the

diagrams in weekly meetings, with iterative refinements based on feedback from researchers
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Figure 10.10: Use—Modify Activity

and practitioners. They were also given to Scratch Encore lead teachers for a final round of
feedback and revisions. In the Diagram condition, students were given the vertical diagram

(Figure 10.2a) described in the teacher study in addition to the text-based plan.

Data Analysis

We used a mixed methods approach to analyze student worksheets, culminating “Create”
Scratch projects, and assessments. The number of students who attempted each form of
work for each condition is shown Table 10.2.

Student Worksheets

We analyzed students’ plans, both text-based and diagram-based, in the “Create” worksheet
for evidence of decomposition, where they planned their own final project. For the diagram-
based plans, two researchers developed a coding manual of categories that described the
extent to which they decomposed the sequence of events — separated all the events and

actions (complete decomposition), separated at least one event or action (partial decomposi-
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Diagram No Diagram

Number of Students 69 68
Text-Based Plan 18 29
Diagram Plan 14 —
Scratch Project 95 62
Assessment 39 63

Table 10.2: Number of Students

tion), or did not separate events and actions (no decomposition), similar to the prior teacher
study.

For both types of plans, the manual also classified characteristics of responses in the
“event” and “action” boxes in the diagram. The classification process for the diagram-based
plan was the same as in the teacher study, and was adapted for the text-based plan. The key
difference is that the “event” and “action” boxes were inline as blanks to fill in as part of a
larger sentence. Figure 10.11 depicts the text-based plan; the “sprite” box is highlighted in
the solid line, the “action” box is highlighted in the dotted line, and the “event” boxes are
highlighted in the dashed line.

Two researchers coded each worksheet separately and then resolved any disagreements
through discussion for 100% reliability. To see if there was a dependence between condi-
tion and the extent of decomposition or worksheet features, we used a Chi-square test of
independence; we report y and p values.

Scratch Projects

Features of students’ final “Create” Scratch projects were automatically scraped to determine
if they completed the assignment requirements. There were five requirements: adding a
new backdrop, using at least 3 sprites, using the go to x: y: block in at least 2 sprites

(for initialization), animating at least 2 sprites, and using a repeat until or wait until
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blocks to program a sequence of events. There were also two extensions that students could
complete: adding a new event to a third sprite and using a sound block. To see if there
was a statistically-significant difference between the two conditions’ completion rates, we
conducted the Chi-squared test on proportions, from which we provide x and p values.
Assessments

To see if condition was associated with performance on assessment questions, the nonpara-
metric Kruskal-Wallis test was used; this test yields a x? value and a p value. We use
p < .05 as our threshold for significance. A nonparametric test was chosen because of small
and unbalanced sample sizes for some assessment questions. Details on assessment design

and validation are in Chapter 4.

10.3.2 COVID-19 Limaitations

This study was conducted during the 2020-21 school year amidst the COVID-19 pandemic.
All instruction in Chicago Public Schools was virtual from September 2020 to February 2021,
and instruction for elementary and middle schools was hybrid from March to June 2021. In
the No Diagram condition, all of the classrooms were taught entirely online. In the Diagram
condition, the eighth-grade classroom was taught virtually, while the rest of the classrooms
were taught hybrid. By the time teachers and students encountered this module, they would
have spent three to nine months in virtual instruction. In contrast, when students and
teachers encountered it in hybrid, they had only spent a third of the time (one to three
months) in hybrid instruction. Both formats presented their unique instructional challenges,
but hybrid instruction introduced a different set of challenges. From classroom observations,
hybrid instruction was especially challenging for teachers, having to manage students both
in person and online. Difficulties from emergency remote and hybrid teaching are likely
to have affected the quality of instruction, so the results outlined in the following section

may be different had the experiment been done during pre-pandemic, in-person instruction.
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As such, we consider this study to be a pilot study with a run through all methods and
analysis. However, the results themselves are not completely actionable due to these adverse

conditions.

10.3.3 Results

Finding 1: Responses on the text-based plan from students in both conditions were similar.
Figure 10.12 depicts the percentage of students who attempted the text-based plan with
each response type. The first three response types, “Sprite in Sprite Box”, “Action in
Action Box”, and “Event in Event Box”, are correct responses, while the last three response
types are incorrect responses. We did not find a statistically-significant dependence between
condition and any of the response types classified in the text-based plan (Sprite in Sprite
box: x2 = 2.10 x 10739, p = 1, Action in Action box: y2 = 1.38 x 10730,p = 1, Event in
Event box: 2 = .107,p = .744, Action in Event box: y2 = .726,p = .394, Sprite in Event
box: X2 = 1.23,p = .266, Something else in Event box: X2 = .674,p = .412).

Finding 2: Students in the Diagram condition responded differently in the event boxes in the
text-based and diagram plans.

Since students in the Diagram condition were exposed to both the text-based and diagram-
based plans, we also compared their responses in each type of scaffold. Figure 10.13 portrays
the percentage of students in the Diagram condition who provided each response character-
istic. We found statistically-significant dependencies between the type of scaffold and where
students wrote events (Event in Action box: x2 = 5.15,p = .023, Event in Event box:
Y2 = 6.09,p = .014) and what was written in event boxes (Something else in Event box:
Y2 = 4.89,p = .0271). Students were more likely to write events in action boxes when
using the diagram-based plan, compared with the text-based plan. They were more likely
to correctly write events in the event boxes when using the text-based plan. However,

they were also more likely to write responses that were neither a sprite, action, nor event,
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Figure 10.12: Responses on Text-based Plan across Conditions

such as “the code is over” or “the sprite is done talking” in the text-based plan. There
were no statistically-significant dependencies between the type of plan and responses in the
action and sprite boxes or where actions and sprites were written (Sprite in Sprite box:
X2 = .847,p = .358, Action in Action box: X2 =2.07 x 10731, p = 1, Sequential actions in
an Action box: 2 = 3.56,p = .059, Action in Event box: y2 = .0726,p = .788, Sprite in
Event box: x? = .0941, p = .759)

Finding 3: Students in both conditions completed most Scratch project requirements at the
same rate.

Figure 10.14 shows the percentage of students in both conditions who completed each project
requirement. There was only a statistically-significant dependency between conditions and
whether students added a new backdrop (x2 = 5.06,p = .024). For the rest of the require-
ments, there were no dependencies with condition (At least 3 sprites: X2 = 2.95,p = .0856, 2

sprites use “goto x: yv:7: x2 = 2.18,p = .139, 2 sprites have animation: y2 = 1.81,p = .179,
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Figure 10.13: Responses of Students in Diagram Condition on Both Plans

2 sprites have repeat until or wait until: X2 = 4.17x 1073 p = 1, 3rd sprite has a new
event: x2 = 2.95, p = .0856, and sound block: y2 =9.04 x 1073L p = 1)

Finding 4: Students in both conditions performed similarly on assessment questions.

There were only two questions where there were statistically-significant performance dif-
ferences between the two conditions. In one question, students in the Diagram condition
performed better while in the other question, students in the No Diagram condition per-
formed better.

The first question with performance differences asked students to identify examples of an
“action” in coding from two actions programmable in sprites, playing a sound for 5 seconds
and moving 10 steps, and two user actions, clicking a sprite and pressing the spacebar
(Appendix Figure A.2). The correct answers were playing a sound for 5 seconds and moving
10 steps. 1 point was awarded for each correct action identified and 1 point was subtracted for

each incorrect action, for a maximum of 2 points. In this question, students in the Diagram
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Figure 10.14: Requirement Completion Rates of Students in Both Conditions

condition outperformed students in the No Diagram condition (X2 = 8.37,p = .00382).
Figure 10.15a portrays the score distribution of this question for students in both conditions.

In the other question, students were shown two scripts that belonged to a Needle sprite
and Balloon sprites, respectively. In this Scratch program, when the Green Flag was clicked,
the Needle sprite would start moving towards the Balloon sprite and when the Needle sprite
touched the Balloon sprite, the Balloon sprite would pop (see Appendix Figure A.8). Based
on the scripts, students were asked to identify the event that caused the Needle to start
moving and received 1 point if identified correctly. In contrast to the previous question, stu-
dents in the No Diagram condition performed better than students in the Diagram condition
(x? = 9.81,p = .00173). Figure 10.15b depicts the percentage of students in each condition
who answered this question correctly.

For the rest of questions, there were no statistically-significant differences between stu-

dents in both conditions. Since an exploratory factor analysis (see Chapter 4) revealed
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Figure 10.15: Questions with Performance Differences between Diagram & No Diagram
Conditions

that the underlying structure of the questions fell along the levels of Bloom’s taxonomy, the
rest of this section will be organized based on the two levels targeted in this assessment,
Remember and Understand.
Questions at the “Remember” Level
The first “Remember” question asked students to identify examples of “events” in program-
ming from a list of two Scratch and custom events: when the user clicks the green flag and
when a sprite touches another sprite, and two real-life events: when you play basketball every
week and when you go to a dance concert (Appendix Figure A.1). 1 point was awarded for
each correct response and 1 point was deducted for each incorrect response, for a maximum
of 2 points. There was no statistically-significant difference in performance between the two
conditions on this question (Figure 10.16a; 2 =.0724,p = .788).

The rest of the “Remember” questions asked students to select the response that best
described what an end condition was (Appendix Figure A.3), when to use a Repeat Until
block (Appendix Figure A.5), and when to use a Wait Until block (Appendix Figure

A.6). Students received 1 point for a correct response on all three questions. Performance

189



differences between the two conditions in these questions were not statistically significant
(Figure 10.16b; X2 = 1.52,p = .217, Figure 10.16¢; X2 = 1.44,p = .229, Figure 10.16d;
X2 = .0673,p = .795).
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Figure 10.16: “Remember” Questions with No Performance Differences

Questions at the “Understand” Level
The first “Understand” question asked students to identify the event that caused a Balloon
sprite to pop based on scripts for a Needle and Balloon sprite (Appendix Figure A.9).
Responses to this question were simply marked as correct or incorrect. The percentage
of students who answered correctly in both conditions were not statistically-significantly
different (Figure 10.17a; x2 = .000923,p = .976).

The last two “Understand” questions were based on a video of a Scratch project where
a golf club hits a golf ball into a hole. One of the questions asked students to choose the
best decomposition of the sequence of events they observed in the video (Appendix Figure
A.4). The correct response decomposed the sequence of events into its composite events and
actions; students were awarded 1 point for answering this question correctly. The difference
between the percentage of students who answered this question correctly was not statistically

significant (X2 = 1.37,p = .242). The other question asked students to order code snippets
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to assemble the script for the golf ball (Appendix Figure A.7). There were 4 code snippets
necessary to assemble the script. Responses were awarded 1 point for each correct code
snippet in the correct position. 1 point was deducted for each incorrect code snippet or
incorrect position. There was no statistically-significant performance differences between

conditions on this question (x2 = 3.16, p = .0754).
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Figure 10.17: “Understand” Questions with No Performance Differences

10.8.4 Discussion & Implications

For RQ1, we found that students exposed to only a text-based scaffold and students exposed
to both a text-based and diagram-based scaffold responded similarly to text-based scaffold,
with more than 75% of students correctly filling in the sprite, action, and event boxes. How-
ever, comparing the two different types of scaffold for the students in the Diagram condition
revealed that the main differences in student responses to text-based and diagram-based
scaffolds stemmed from their understanding of events in this module. While students were

more prone to write events in the boxes designated for events in the text-based diagram, they
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were also more prone to writing responses that were neither sprites, actions, nor events. This
may be indicative of misconceptions around events, especially since the definition of events
has expanded beyond pre-programmed Scratch events in this module to include situations
where a condition starts or stops an action of a sprite.

For RQ2, we only found one difference in requirement completion rates in student Scratch
projects. The sole difference was in a higher completion rate in adding a new backdrop from
the students in the No Diagram condition. Even then, this requirement was more aesthetic,
rather than a functional or structural change to the code. Students in both conditions were
comparable in demonstrating their ability to “Create”, the highest level of the Producing
dimension of the Matrix taxonomy. Results from assessments were similar. There were only
two questions where there were performance differences between the two conditions. Even
so, students in the Diagram condition performed better in one question, while students in
the No Diagram condition performed better in the other question. Not only were students
similar in the Producing dimension, they were also similar in their ability to understand and
interpret existing code, the Interpreting dimension of Matrix taxonomy.

Since prior work in learning strategies has shown a combination led to performance im-
provements in almost all cases [59], it was unexpected that a combination of both text-based
and diagram-based scaffolds led to similar outcomes as only using a text-based scaffold. The
most direct explanation would be that four of the five classrooms in the Diagram condition
were instructed in a hybrid setting, while all four classrooms in the No Diagram condition
were instructed remotely. Hybrid instruction was more challenging than remote instruc-
tion for teachers because they had to manage students both in-person and online. Frequent
disruptions due to hybrid classroom management issues likely had an adverse effect on in-
struction. It need not have been in-person instruction either; having all classrooms on virtual
instruction could also have an impact on results.

It may also have been the case that students in the Diagram condition may have had
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difficulty knowing which plan to use because they were given two different types of plans.
Prior work has shown that older students struggled with planning, strategy selection, and
self-regulation, and that planning and self-regulation vary widely between students [119, 141].
It would not be surprising that students in our study, who are younger than the students in
previous studies, had the same difficulties and such difficulties may have been exacerbated
by virtual or hybrid instruction, which made it more difficult for students to ask for help
and for teachers to identify if students need help. Future work could include thinkalouds
or observations of students as they create their projects to better understand their thought
processes.

Another possible explanation could be that the diagram used in this study may not have
been the best match for students’ mental model of the sequence of events they observed
in the Decomposition by Sequence module. Prior work [201] has suggested that not all
students, especially at the K-6 level, can readily reason about diagrams, timelines, or other
graphics designed by others, and that graphical literacy is a skill that should be fostered in
students. Further, students as young as sixth-grade have been shown to have profound meta-
representational competence [94], which can be leveraged in the design of similar graphical
representations of computational thinking ideas. A future direction for this work would be
to have students think aloud to decompose their code, perhaps even designing their own
representations in the process; such a study was not possible in the 2020-21 school year
because of pandemic-induced restrictions on research. Identifying whether our results were
due to hybrid instruction challenges, a mismatch between the diagrams and students’ mental
models, or something else entirely would require a replication of this study in a less turbulent

school year with more consistent modes of instruction.
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CHAPTER 11
CONCLUSION, LIMITATIONS, AND FUTURE WORK

In this chapter, I revisit the research questions underlying the studies in this dissertation,
summarize the contributions of those studies, outline their limitations, and discuss some

avenues for future work.

11.1 Research Contributions

Across all my studies, I was motivated by the following overarching research questions:

e Which factors, from academic skills to demographics, are associated with program

comprehension in a formal school setting?

e What kinds of comprehension do young learners demonstrate after open-ended, ex-

ploratory instruction?
e How can we support the development of program comprehension in young learners?

For the first research question, we have identified social factors, such as school perfor-
mance level, gender, and race/ethnicity, and academic factors, such reading, math, and cog-
nitive skills, to be associated with program comprehension. We are one of the few researchers
to have identified these factors in a formal school setting. For reasons outlined in Chapter 2,
such as socioeconomic barriers, opportunity and awareness gaps, and self-selection, a formal
school setting allows for a more representative sample of students compared with the infor-
mal learning environments explored in prior work. By discovering the factors that apply to a
more representative sample of students, we have a better understanding of the skills crucial
to developing different computational literacies and therefore, we can better draw from other
discipline-based education research fields that encompass these skills to improve computing

instruction for elementary-age learners.
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For the second research question, we have found that students frequently use code that
they do not fully understand and that they show a strong functional understanding of their
code, but struggle with structural details. Students understand what their code does, but not
necessarily how their code accomplishes it. While similar phenomena have been identified
in older students [166, 254], we are one of the few to have identified this disconnect in young
learners. With this discovery, we can delve deeper to better understand why such disconnect
occurs, as well as design interventions, curricula, and other instructional supports that help
bridge this gap and develop both a functional and structural understanding of code in young
learners.

For the last research question, we have developed and studied two learning strategies
for this age group to support their development of program comprehension, TIPP&SEE
and diagramming. TIPP&SEE, a mnemonic to remind students of the steps in exploring a
new Scratch project, has been linked to better student performance in code comprehension
questions and in code quality, as well as narrowed gaps between students with and without
academic challenges in code comprehension questions. As for a diagram designed to scaffold
the learning of decomposition, we found that teachers using a vertical orientation of the
diagram were better able to decompose a sequence of events and make connections between
computing concepts. However, we also found similar performance between students who
did and did not use a diagram to scaffold their learning of decomposition. With those
explorations of learning strategies for elementary computing, we have set an example for how
strategies from other discipline-based education research fields can be adapted in computing,
provided insights for what scaffolds do and do not work for computing, and opened the door

for further exploration of learning strategies for this age group.
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11.2 Limitations

There are several limitations to the studies in this dissertation. First, all of the studies were
conducted in one of three school districts. School districts can differ based on many factors
that can influence results, such as student and teacher populations, computing resources, and
class time. Variability across school districts would make generalization difficult. We would
need randomized controlled trials in a variety of different school districts and large-scale
replications to see if results apply more broadly beyond a specific school district.

Another limitation stems from the use of quantitative measures for different student
skills. The measures used within this dissertation, such as those used to measure proficiency
in reading and math and cognitive skills, are outcomes-oriented and only one part of a
larger picture of a students’ ability. More process-oriented measures, such as thinkalouds
and interviews, would be complementary to understanding students’ abilities and skills.

Lastly, while teachers have been shown to have a strong influence on student work [74], we
could not account for teacher variability in our studies due to resource constraints. Teachers
play an important role in implementing the interventions in our studies. Teachers’ confi-
dence in the content knowledge, their use of the curriculum and scaffolds, their classroom
management, their choice in lesson structure and the time spent on each activity, and a
variety of other factors could impact our results. We would need studies on teacher fidelity,
self-efficacy, adaptations to the curriculum, and other teacher factors to better understand

their role in these interventions.

11.3 Future Work

The insights from this dissertation present interesting directions for future work. First,
the identification of a gap between functional and structural understanding of code [215]

in elementary school students prompts further questions: How does existing computing in-
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struction lead to the disconnect between a functional and structural understanding of code?
How can we improve existing instruction to alleviate this disconnect? How can we design
instruction that promotes both structural and functional understandings of code effective and
engaging for learners in this age group? Other researchers [50, 166] have begun exploring
interventions to develop a structural understanding of code, but for university-age students.
Understanding and bridging the gap between functional and structural understandings of
code offer an important and fascinating area for future study.

Our work on learning strategies also opens up further investigation on the role of strate-
gies in programming instructions. Our informal observations of the use of TIPP&SEE in
the classroom suggest that the value of TIPP&SEE may lie in scaffolding meta-cognition, or
proceduralizing how students explore a new Scratch project, rather than supporting self-
regulation, or monitoring progress towards a goal. We observed students following the
TIPP&SEE steps when exploring a new Scratch project but were frequently distracted in
the process, needing a teacher to keep them on track. The teachers were regulating student
progress, not TIPP&SEE or the students themselves, which is not surprising given that prior
work has shown that even university students struggle with self-regulation [141]. The role of
teachers as the “regulators” of a strategy was not only for the benefit of the students, but the
teachers themselves. Observations also indicated that TIPP&SEE was integrated as part of
classroom management; for example, some teachers used TIPP&SEE worksheets as prerequi-
site activities before students were allowed work on their own Scratch projects. Future work
can include investigating scaffolds for self-regulation in program learning for elementary-age
students and the roles and perspectives of teachers in the enactment of learning strategies.

As for diagramming, results from student study highlight a feature unique to comput-
ing not present in other subjects: interactivity in programs and systems. We drew from
timelines in other subjects as inspiration for the diagrams used in this module, but in those

subjects, students are frequently breaking down static, not dynamic, processes such as histor-

197



ical events or plot points in a story. Some researchers have explored programming scaffolds
that account for such interactivity, such as coding strips or comic strips associated with
pieces of code [226], with early promise and engagement from students. Visual scaffolds that
capture the interactive and dynamic nature of programs, such as storyboards, merit further
investigation.

With the large body of work on learning strategies both from studies in this dissertation
and prior work (Chapter 2), interesting follow-up research questions would be: What makes
a learning strategy effective and why? What features do successful learning strategies share?
For example, TIPP&SEE scaffolds meta-cognition more than it does self-regulation, but
to what extent does that apply to other learning strategies? Future research can include
synthesizing prior work in learning strategies and developing a framework or meta-design of

successful learning strategies in programming.
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APPENDIX A
DECOMPOSITION BY SEQUENCE ASSESSMENT
QUESTIONS

We present the questions in the Scratch Encore Decomposition by Sequence end-of-module
summative assessments, organized by learning goal. Within each learning goal, we identify

which level of the Bloom’s taxonomy the question is targeting.

A.1 Learning Goal 1: Decompose a Sequence of Events

The first learning goal of this module is for students to decompose a sequence of events.
There are four questions targeting this learning goal, three at the "Remember” level and
one at the "Understand” level. The three "Remember” questions ask students to recall
definitions for events (Figure A.1), actions (Figure A.2), and end conditions (Figure A.3)
introduced in the curriculum. For the ”Understand” question, students were shown a video
of a golf club hitting a ball into a hole and asked to decompose the sequence of events in a

way that would be suitable for programming (Figure A.4).

Which of the following are examples of an "event" in computer programming (coding)?
Select all that apply.

When you play basketball every week
When you go to a dance concert
When the user clicks the green flag

When a sprite touches another sprite

Figure A.1: Event “Remember” Question
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Which of the following are examples of an "action" in computer programming (coding)?
Select all that apply.

Clicking a sprite

Playing a sound for 5 seconds
Moving 10 steps

Pressing the spacebar

Figure A.2: Action “Remember” Question

What is an end condition? Select the best definition.
A condition that causes actions to stop
A condition that causes actions to start
A condition that causes actions to repeat

A condition that causes action to slow down
Figure A.3: End Condition “Remember” Question

A.2 Learning Goal 2: Create Scripts with Dependent Sprite

Actions

The second learning goal is for students to create scripts that will trigger the action of
one sprite dependent on the action of another sprite. We designed three questions for this
learning goal, two targeting the ”Remember” level of Bloom’s taxonomy and one targeting
the "Understand” level. The two "Remember” questions asked students to recall situations
when they would use the Repeat Until (Figure A.5) and Wait Until (Figure A.6) blocks.

The ”"Understand” question asks students to watch a video of a golf club hitting a ball into a
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Which decomposition best matches how you would implement it in a program?

First, the golf club swings towards the ball.
Mext, the golf club hits the ball.
Last, the ball rolls into the hole.

First, the user clicks the green flag.
Mext, golf club touches the ball.
Last, the ball reaches the hole and disappears.

First, when the green flag is clicked, the golf club starts swinging.
Mext, when the golf club touches the ball, the club stops and the ball starts moving.
Last, when the ball touches the hole, the ball disappears.

Figure A.4: Decomposition “Understand” Question

hole and then build the script for the ball from code snippets like a Parsons problem (Figure
AT).

A.3 Learning Goal 3: Use Sensing Blocks to Start & Stop

Actions

The last learning goal is for students to use sensing blocks to start and stop actions. There
are three questions targeting this learning goal, all at the " Understand” level. For two of the
questions, students are shown two scripts, one for a needle and another for a balloon, where
the needle moves to the balloon and pops it. Students are asked which events triggered the
needle moving (Figure A.8) and the balloon popping (Figure A.9). The last question is the

Parsons-style problem mentioned in the previous section (Figure A.7).
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When would you use a "repeat until" block?

repeat until

When you want a sprite to do the same action a specific number of times

When you want a sprite to do the same action forever

When you want a script to pause until a condition is true

When you want a sprite to do the same action until a condition is true

Figure A.5: Repeat Until “Remember” Question

When would you use a "wait until" block?

When you want a sprite to do the same action until a condition is true

When you want a script to pause until a condition is true

When you want a sprite to do the same action a specific number of times

When you want a sprite to do the same action forever

Figure A.6: Wait Until “Remember” Question
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Drag and order the blocks into the script for the golf ball. The blocks will not snap together like they do in Scratch. You do not need to use all the provided
blocks; drag any extra blocks to the "Blocks not in Golf Ball Script" box.

Items Golf Ball Script

ropeatuntil  touching Ball v 7

Blocks not in Golf Ball Script

waituntl  touching Hole v 7

repeat untll touching Ball v 7

repestuntl touching Hole v 7

Figure A.7: Parsons-Style Problem for Golf Ball Script
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The scripts below belong to a needle and a balloon:
Needle Balloon

switch costume to  Balloon =

wait until touching MNeedle » 7

switch costume to  Popped Balloon =

Which event caused the Needle to start moving?

When the needle touches the balloon

When the green flag is clicked

When the needle is clicked

When the spacebar is pressed

Figure A.8: Needle Event “Understand” Question

Which event caused the Balloon to pop?
When the needle is clicked
When the green flag is clicked
When the spacebar is pressed

When the needle touches the balloon

Figure A.9: Balloon Event “Understand” Question
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