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Abstract

To meet the demands of 21st-century societies and economies, faculty across disci-
plines must engage college and university students with course activities and assign-
ments that foster the development of computational thinking (CT) skills. Toward
this end, examining the ways in which CT can be infused into general education
courses has been a topic of recent research. However, the question remains about
how students in non-computer science courses can use CT skills in course assign-
ments across disciplines. Guided by a rubric aimed to evaluate the development of
CT skills including decomposition, algorithms, data, and abstraction, we examined
101 student-generated artifacts in undergraduate courses across four disciplines:
mathematics, sociology, music, and English. In this work, we report on assignment
prompts and overall CT skills exhibited by participating students. While some disci-
plines may not fully facilitate the development of all CT skills, a range of these skills
was reflected in student artifacts. We present representative examples demonstrat-
ing CT skill development across various levels, including capstone level (score 4),
milestone (score 3), benchmark (score 1), and no usage (score 0). The findings of
this work provide insights into ways in which higher education faculty can design
assignment prompts that support and scaffold students’ development of CT skills, as
well as how students across disciplines respond to CT prompts. Findings also have
implications for the design of CT-related assessment instruments.
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Introduction

The computing education community traced the term computational thinking (CT)
back to Papert in 1980, but it was not broadly studied for many years (Saqr et al., 2021).
Wing’s (2006) seminal article, Computational Thinking, triggered increasing research
into CT across all school stages, from K-12 to higher education (Apiola et al., 2022; Ilic
et al., 2018). Wing and other researchers argued that CT is a problem-solving meth-
odology that can be applied across disciplines to improve efficiency, and thus, it is a
skill for everyone in the twenty-first century (Barr et al., 2011; Mohaghegh & McCau-
ley, 2016; Wing, 2006). In fact, not only academia but also the government (Hsu et al.,
2019) and industry (Vergara et al., 2009) reinforced the value of graduates in various
disciplines with CT skills.

Although much of the discussion around the development of CT skills has been
focused on K-12 students (Guzdial, 2015; Ilic et al., 2018), higher education research-
ers have increasingly focused on how CT can be infused into general education courses
or disciplines outside of computer science (CS) (Lyon & Magana, 2020). For example,
DePaul University (Perkovié¢, 2010), Towson University (Dierbach et al., 2011), Car-
roll University (Kuster et al., 2011), and Brock University (Jaipal-Jamani & Angeli,
2017) all conducted pilot studies on infusing CT skills into disciplines such as science,
music, art, history, and education. While these studies provide insight into the integra-
tion of CT in higher education, the focus is primarily on curriculum design and pilot-
ing, and less on what and how students learn from these efforts. Thus, there is a lack of
research that focuses explicitly on examining student CT outcomes in higher education
classrooms as a means of evaluating the efforts where faculty in non-CS disciplines
are working toward CT integration. To explore how university students in CT-infused
courses outside of CS acquire CT skills, we ask the following research question: In
what ways and to what extent do students integrate CT in response to disciplinary
course assignment prompts outside of CS?

Guided by a previously developed CT rubric (see Appendix A) with a focus on
decomposition, algorithms, data, and abstraction, we examined 101 student artifacts
from 12 assignments across 5 undergraduate courses in 4 disciplines: mathematics,
sociology, music, and English. We first present the CT-specific assignment prompts
developed by faculty in non-CS disciplines. Subsequently, we present the distribu-
tion of overall CT skills demonstrated by students and highlight representative arti-
facts across a range of CT skills. Our findings have implications for the infusion of
CT across disciplines in higher education, by demonstrating ways in which students
engage with CT prompts. They also have implications for future research and curricu-
lum design considerations.

Background
In this section, we introduce related literature from three perspectives, including def-

initions of CT, pedagogical approaches for developing CT in higher education, and
assessment of students’ CT in higher education.
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Computational thinking: literature and definition in the context of this work

In her seminal paper, Wing (2006) suggested that CT is just as important to teach
students as the ‘three R’s’ (i.e., reading, writing, and arithmetic) and that given the
widespread use of computers, teaching CT skills is as essential now as literacy after
the printing press became widely used. As she notes, CT “involves solving prob-
lems, designing systems, and understanding human behavior, by drawing on the con-
cepts fundamental to computer science” (p.33). Similar to Wing, other researchers
(e.g., Denning, 2007; DiSessa, 2018; Li et al., 2020) advocated that CT is a think-
ing process that requires more abstraction than just thinking like a computer; this
abstraction is a skill that all people need to develop. Although various definitions
of CT have been proposed, they all can be categorized into two groups (Tang et al.,
2020): those related to programming and computing concepts (Brennan & Resnick,
2012; Denner et al., 2014; Weintrop et al., 2016), and those focusing on competen-
cies needed in both domain-specific knowledge and general problem-solving skills
(Selby & Woollard, 2013; Yadav et al., 2014). This paper adapted the latter defini-
tion, treating CT as a problem-solving skill that could benefit different disciplines.

The way CT is defined is important because it impacts the design of course
assignments. A number of studies have found that while higher education faculty
utilize diverse computational assignments across disciplines, many still use a pro-
gramming approach, indicating a strong association of CT with programming (Hsu
et al., 2018; Jong & Jeuring, 2020; Shute et al., 2017; Tang et al., 2020). However,
several scholars argued about the importance of not restricting CT to an association
with programming or CS professionals, to make CT truly accessible across disci-
plines (e.g., Jong & Jeuring, 2020; Li et al., 2020; Lu & Fletcher, 2009; Tang et al.,
2020). One of the challenges in separating CT from programming lies in the dif-
ficulty of assessing the success of CT initiatives as few standard instruments exist
that measure students’ understanding of CT (Jong & Jeuring, 2020). In addition to
this challenge, several researchers (e.g., Fennell et al., 2020; Grover & Pea, 2013;
Kalelioglu et al., 2016) also concluded that while the mantle of infusing CT across
disciplines is being taken up by higher education institutions (and that there are ben-
efits for students), empirical studies need to be conducted to examine the extent to
which students are acquiring CT skills in these disciplines. Such assessments need
to move beyond programming itself, to include additional CT skills that could bene-
fit students, such as decomposition, algorithmic thinking, data, and abstraction (Hsu
et al., 2018; Selby & Woollard, 2013; Shute et al., 2017). This paper addresses the
aforementioned research gap by examining CT development beyond programming
using a research-based assessment rubric previously developed by our team (Guidry
et al., 2019; Pollock et al., 2019).

Pedagogical approaches for developing and assessing CT in higher education

In one of the early studies in the field, Dierbach and colleagues (2011) infused
CT into general education courses in a higher education institution by altering the
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existing non-STEM curriculum, rather than developing a new CT-focused curric-
ulum. Their approach established common CT course objectives, encompassing 5
parts: (a) develop, evaluate, and apply computational models to problems; (b) create,
apply, and determine algorithmic techniques for problems; (c) distinguish between
problems that can and cannot be solved computationally; (d) evaluate a given algo-
rithm or model; and (e) apply and reflect on the application of CT methods and
models. Several courses described in their work also adapted course-specific learn-
ing objectives based on these common CT course objectives. To gauge student
learning, they asked instructors to use a “computational thinking grading rubric”
to map assignment solutions, student responses, and student discussion. Findings
indicated that CT could be successfully adapted for non-STEM courses, and at least
75% of students who enrolled in these courses demonstrated knowledge of CT at the
end of the course. Findings also indicated significant support from students, instruc-
tors, and administrators regarding the value of non-STEM courses that infuse CT.
However, instructors did not apply the rubric to all assignments, nor did they show
examples of student-developed artifacts to demonstrate the extent in which students
understood CT.

Other researchers have had similar success designing new courses that integrate
CT. For example, Kuster et al. (2011) restructured the Bachelor of Science degree
(B.S.) at a higher education institution to include a more meaningful understanding
of CT. In addition to implementing a new CS major and minor, they also infused
CT into CS courses that STEM programs outside of CS might require. Similarly,
Guzdial (2008) called for specific computer languages created to help students not
pursuing degrees in CS engage with CT. Regardless of how higher education institu-
tions might choose to implement CT into their program pathways, it is clear from
the above examples that some are answering the call to incorporate CT skills across
different curricula and disciplines.

In addition to examining how students understand and acquire CT skills, it is
important that researchers also consider how instructors are prepared to infuse CT
into their teaching. Angeli and Giannakos (2020), Dierbach et al. (2011), Kuster
et al. (2011), and Yadav et al.(2017), all described how they prepared higher educa-
tion faculty for CT integration, including generating interest, developing discipline-
independent CT materials, establishing faculty collaboration, developing discipline-
specific course materials, piloting the initial courses, and engaging in evaluation and
revision. They also identified existing challenges associated with faculty preparation
for CT integration, such as buy-in, interdisciplinary content knowledge, course qual-
ity improvement, well-developed textbooks, and administrative support. Yet much
of the research for preparing instructors to infuse CT into disciplinary content is
directed to K-12 levels through professional development for in-service teachers
(Yadav et al., 2017). Thus, more work is needed to understand CT-infused practices
in higher education with the potential to foster the development of CT skills among
all college students, including those in non-STEM disciplines.

Regardless of how CT is infused and how instructors are prepared to cre-
ate learning environments that support CT in non-CS courses, it is important to
understand how it might be beneficial to students. Typical assessment of CT infu-
sion includes traditional testing, questionnaires, portfolios, interviews, and surveys
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(Oliveira et al., 2022; Tang et al., 2020). Additionally, many of the portfolios ana-
lyzed in non-CS disciplines are programming-based (e.g., Caballero et al., 2012;
Rojas-Lépez & Garcia-Pefialvo, 2018; Romero et al., 2017). These studies suggest
that there are many ways to assess student understanding of CT when there is pro-
gramming involved; however, there is a need for the field to understand how we
can assess students’ understanding of CT in non-programming-based assignments.
There is indeed literature that suggests that non-CS or non-STEM students benefit
from infusing CT into general education courses (Dierbach et al., 2011); however,
work remains to be done to understand sow students demonstrate their understand-
ing. This study seeks to address this gap by presenting student work based on course
assignments that infuse CT into non-CS higher education courses using practices
beyond programming.

Methodology

This section describes our study methodology, including study participants, data
collection, and analysis. We briefly describe our participants including the CT inte-
gration team, non-CS faculty instructors, and the undergraduate students enrolled in
the courses under examination. In addition to student artifacts which are central to
our work, we also describe the assignments that non-CS faculty instructors designed
to foster the development of CT skills. We extracted samples from the data set and
then used a rubric to assess and analyze those student-generated artifacts. All mate-
rials analyzed are de-identified and all procedures were approved by our institutional
review board (IRB).

Participants

The participants in this study included a CT integration team, non-CS faculty
instructors, undergraduate students serving as CT fellows, and undergraduate stu-
dents enrolled in selected courses (see Table 1). The CT integration team provided
leadership for this work, and included faculty from CS, a learning scientist, and pro-
fessionals from the university’s Center for Teaching & Assessment of Learning. The
site for this study was a large, public research university in the Mid-Atlantic region
of the United States.

With the goal of integrating CT skills into discipline-specific courses, five non-
CS faculty teaching undergraduate courses in mathematics, sociology, music, and
English worked with the CT integration team during the planning and implemen-
tation of their courses. Faculty participants were recruited by the CT integration
team based on the following criteria: (a) they represented different disciplines,
including STEM (e.g., mathematics) and humanities (e.g., sociology), but not
including CS; (b) they taught introductory courses serving a large number of stu-
dents (e.g., English); (c) they preferably taught courses required for degree com-
pletion in the respective majors (e.g., English and mathematics); and (d) they were
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willing to participate in professional development and bi-weekly meetings with the
CT integration team (see also Pollock et al., 2019). Faculty participants were mon-
etarily compensated for their participation upon completion of the work.

In our dataset, three of the five faculty instructors infused CT into existing
introductory courses, including Contemporary Mathematics for non-majors
(mathematics instructor), Introduction to Sociology for honors first-year students
(sociology instructor), and a first-year writing course titled Seminar in Composi-
tion (English instructor). The two music instructors infused CT into Fundamen-
tals of Music I and consequently developed a new course, called Computational
Thinking in Music. These two music courses were heavily influenced by the book
“Computational Thinking in Sound” (Greher & Heines, 2014). All courses were
delivered face-to-face and ran for the entire semester, either Fall or Spring (typi-
cally 15 weeks). There were also two other faculty who participated in this work,
but their courses are not included in our dataset—a music professor who also
taught Fundamentals of Music I and an education professor who taught an edu-
cation course cross-listed in communication named Multimedia Literacy. Their
courses served as pilot implementation; they were developed at the beginning
stage of this work when the assessment rubric was not mature.

Additionally, we recruited five undergraduate students called CT Fellows who
were responsible for providing faculty support in both the planning and implemen-
tation of CT in the classroom. All CT Fellows pursued a STEM major and had
prior coursework in CS. CT Fellows met with faculty participants every week and
attended selected course meetings. They subsequently helped faculty design course
assignments, identify potential technological resources or tools needed to complete
the assignments, and acquire technical skills as needed. Additionally, CT Fellows
provided technical support to undergraduates enrolled in the selected courses.
As part of their participation in this work, CT Fellows also enrolled in a univer-
sity course called Field Experiences in Teaching Computing, taught by two of the
authors. Participants in the course met weekly for 75 min. The field experience
course provided the vehicle for connecting CT Fellows’ knowledge of computing to
disciplinary content and pedagogy. It also facilitated reflection on the implementa-
tion of CT-infused activities by participating faculty. In particular, the weekly class
meetings focused on (a) CS resources and tools aligned with big ideas in comput-
ing, (b) CS pedagogy, and (c) reflections on the work with participating faculty
(Mouza et al., 2016, 2023; Pollock et al., 2015). The overall objective was to equip
CT Fellows with pedagogical knowledge they can use to support faculty directly in
the classroom as they planned and implemented CT-integrated assignments.

Finally, participants included a total of 219 undergraduate students (N=219)
enrolled in the 5 CT-infused courses that served as the basis of this work. Spe-
cifically, participants included: 22 students enrolled in Contemporary Mathemat-
ics, 10 students enrolled in Introduction to Sociology, 72 students enrolled in the
writing Seminar on Composition, 35 students enrolled in Computational Thinking
in Music, and 80 students enrolled in Fundamentals of Music I. We do not have
the demographics of these student participants because the student artifacts were
provided by faculty without personally identifiable information consistent with
IRB procedures.
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Data collection
Non-CS instructor-developed assignments

With the support of the CT integration team, non-CS faculty instructors infused CT
into various assignments during the semester-long courses. These assignments were
designed to prompt students to use and demonstrate knowledge of CT within spe-
cific disciplines. We first collected all instructor-developed course assignments and
associated files. We used the course syllabus and assignment descriptions to gain an
understanding of the context of the students’ work. Table 2 presents relevant infor-
mation for each assignment. Here we describe each of the courses and integrated
assignment, first from the three instructors who infused CT into existing courses,
and then from the two instructors who designed music courses with CT as a central
focus.

Contemporary mathematics This course was designed as an alternative to the tra-
ditional three-credit college algebra course to meet mathematics general education
requirements. The learning objectives of the course included: (1) to learn how math-
ematical algorithms are applied to investigate real-world problems; (2) to construct,
evaluate, and interpret data; and (3) to appreciate how mathematics is used in a vari-
ety of disciplines. In this course, the instructor provided a data-related assignment
utilizing Statcrunch,' a web-based statistical software. Students were asked to select
an online dataset and develop exploratory questions about it. They then used the data-
set to generate statistical graphs and summaries to help answer the questions they had
posed. Finally, they were asked to summarize and explain their findings.

Introduction to sociology This course aims to provide an overview of the sociologi-
cal perspective of the study of society, social organization and social institutions with
special emphasis on the social causes and consequences of human behavior. It can be
used to satisfy general university breadth requirements in social and behavioral sci-
ences. In this course, the faculty instructor developed two different CT-infused assign-
ments: Gender Display Algorithms and PolicyMap. The Gender Display Algorithms
assignment asked students to research websites that market toys to children. Students
identified patterns across these websites that they thought might cater toward gender
(here a binary construct: boy/girl). They then used these patterns to sketch algo-
rithms they thought could determine if other websites were gendered toward boys or
girls. The PolicyMap assignment had two parts. The first part contained two exercises
using PolicyMap,” a tool that accesses and visualizes data about communities across
the United States. The instructor also decomposed these exercises into smaller sub-
problems for students to get familiar with the tool, as well as CT decomposition and
data skills. The second part asked students to pose a question about a construct they

! https://www.statcrunch.com/
2 https://www.policymap.com/
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could research using PolicyMap and to write a paragraph on how the CT skill of
decomposition could be used to help them answer their questions.

English writing: Seminar in Composition This General Education course provides
an introduction to the process of academic writing that centers on the composition
of analytical, research-based essays. The faculty instructor developed an assignment
asking students to reflect on their writing practices over the course of the semester.
Students were asked to describe how they might have used CT in their writing; spe-
cifically, if and how they broke down assignments to complete them and any other
strategies they might have used to make the writing process more efficient.

Fundamentals of musicl and computational thinking in music The two music courses
developed around improving students’ CT skills were Fundamentals of Music I and
Computational Thinking in Music. They both explored CT as a means to better under-
stand, model, and communicate musical processes and design, and how humans inter-
act with music. Instructors here provided us with 7 and 4 assignment descriptions,
respectively. For the purpose of this work, we are only focusing on assignments with
student artifacts provided by instructors (see Table 2). In addition, Fundamentals of
Music I was a project-based course where groups of students documented their work
and shared reflections on websites they created.

Student CT-integrated artifacts

Student artifacts were provided by faculty instructors in conjunction with the cor-
responding assignments (however, not all assignments have student artifacts). Of
the 182 student-generated artifacts provided by instructors, a sampling process
was used, as follows, resulting in the analysis of 101 artifacts for this work: (a) in
courses where only a small number of artifacts were available, all were included
(i.e., Contemporary Mathematics and Computational Thinking in Music); and (b)
in courses where a large number of artifacts from the same assignment were avail-
able, we randomly chose approximately 50% from each assignment set. Table 2
presents an overview of assignment descriptions and student CT-integrated arti-
facts that were collected and analyzed in this study.

Data analysis

We read and reviewed instructor-developed assignments to establish the context. We
coded our sampled student artifacts using a CT rubric previously developed by our
team (Guidry et al., 2019; Pollock et al., 2019; see Appendix A for the full rubric).
This rubric follows the Association of American Colleges and Universities VALUE
rubrics (AAC&U, 2018) and sets up criteria for four CT dimensions, including
decomposition, algorithms, data, and abstraction. The rubric articulates fundamen-
tal criteria for each learning outcome with performance descriptors demonstrating
progressively more sophisticated levels of attainment. Specifically, it assesses the
type and level of CT skills illustrated in each artifact using the following scale: 1
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(benchmark), 2 and 3 (milestone), and 4 (capstone). The scale (1-4) and accom-
panied descriptors (benchmark—capstone), are used consistently across all VALUE
rubrics to facilitate comparisons among undergraduate students in multiple institu-
tions. Although this rubric has not been approved by AAC&U, it follows the same
methodology as it is intended for use across an entire institution. In the context of
this work, the rubric was used in two ways: as a scaffold to help instructors design
CT-related course content and assignments, and as an analytic framework for assess-
ing CT in student-generated artifacts.

Our data analysis progressed in the following workflow: (a) read through the
assignment description to get a sense of what the assignment is prompting, paying
attention to the assignment name and CT skills identified in the description; (b) read
through the student artifacts and identified instances that demonstrated each of the
four CT skills, regardless of whether the assignment included an explicit prompt
for the use of a given skill; (c) referring to the rubric, assigned a holistic score to
the artifact for each CT skill, recording the reasoning for the score; and (d) created
documents for each assignment, including the assignment description, all student
artifacts for the assignment, rubric scores for each artifact, and reasoning behind
scores. As an example, Figs. 1 and 2 demonstrate how we used the rubric for sociol-
ogy and math assignments.

For each assignment, two authors first randomly selected and individually coded
artifacts (n=10) using the CT rubric. The agreement from this round of coding was
85%. Subsequently, results were shared and discussed with two additional authors
to ensure a clear understanding and application of the CT rubric. After reaching a
100% agreement regarding the coding of the selected ten artifacts, the first author
continued to code the rest of the data (n=91).

Sociology 201 Introduction to Sociology

This assignment description requires students to generate an algorithm to recognize Student Artifact Sample 2
targeted gender in children’s online toy market. Student response samples can be

accessed here. Algorithm score: Capstone (4). The student creates a logical, efficient, and

well-described sequence of steps or instructions to solve a problem or achieve a goal.

Student Artifact Sample 1 Analyst's Score Justification:
This algorithm checks the attribute of the toy image and image description on the website
Algorithm score: Benchmark (1). The student creates a sequence of steps that do not and generates tallies. If tallies are 2:0 or 0:2, the algorithm will classify the gender based

solve a problem or achieve a goal. The steps lack efficiency, sufficient descriptions, and ontallies, Tie breaks on color will happen if tllies are 1:1.
are not described or documented.

Analyst's Score Justification: )
This algorithm is well-described, and the steps are logically sequenced. However, most | -Gather (Toy Image) and (Image Description) for Analysis; 1y s
steps only contain 2 cases and cannot solve the problem in other cases. For example, in Beain (Toy Image) Analysi provi
step 1, what If the color is neither A nor B? What if finally #A's equals #8's? gin (Toy Image) Analysis:

“Identify *Action Image } (Hitting, Building, Shooting, etc) and Tally:

L “Identify ‘Passive Image|: (HandHolding, Waiting, Talking etc.) pind Tally;
-If Tally *Action Image’ exceeds Tally ‘Passive Image’, Tally to Masc’;
Based on the repeated trends that I encountered when looking at online advertisements

for the -If Tally *Passive Image’ exceeds Tally *Action Image’, Tally to ‘Fem’;
children’s toy market, T composed a series of questions that serve as an algorithm o help -Begin (Image description) Analysis:

a et sy oo toreto _Identify * Action Words™: (Tool, Battle, Arrow, Exploration, etc.) and Tally:
machine in identifying a website’s targeted gender: }‘”‘“ vebite Identify “Passive Words': (Princess, Beauty, Friendship, etc.) and Tally:

1. Are the predominant colors a the site: A) pink and purple B) blue and red I Tally *Action words' exceeds Tally “Passive Words', Tally to ‘Mase’;
2. Are the characters on the sitq: A) smiling B) scowling/grimacing If Tally Passive Words® exceeds Tally ‘Active Words", Tally to ‘Fem’;
3. Are the games on the site fofused on A) friendship and love B) enemies and fighting “If Tally *Masc® exceeds Tally *Fem’, Toy is marketed to MALES.

4. Is the objective of the games|on the site: A) to have fun B) to win -If Tolly *Fem’ exceeds Tolly ‘Masc’, Toy is marketed to Fw_, Tie breaker

5. Do the characters on the weljsite look A) attractive B) lough -If neither Tally exceeds the Other.|tie en [with Color Spectrum Analysis;

Add up the number of “A’s™ and “B’s” from the website’s results. -Color Spectrum Analysis: Closer to Pink, TIEBREAK FEMALE.

I#A’s > #B's, the Website is gendered towards GIRLS | __ thereare cases that ' - #5s ~Color Spectrum Analysis: Closer to Blue, TIEBREAK MALE

If #B’s > #As, the website in gendered towards BOYS

Fig. 1 Scoring of student artifact samples. Sample 1 (Left) shows score 1 for algorithms and sample 2
(Right) shows score 4 for algorithms (Gender display algorithms assignment)
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Math 113 Contemporary Mathematics Sociology 201 Introduction to Sociology
This assignment description requires students to utilize Statcrunch software to select data and | This assignment description requires students to use PolicyMap software to choose sociological
generate both numeric summaries and graphs representing the data. Student response samples | OpiC data in PolicyMap and describe it, examine the topic, and produce maps. Student response
can be accessed here. ‘samples can be accessed here.
Student Artifact Sample 1 Student Artifact Sample 44

Data score: Capstone (4). Evaluates a data set to ensure it is sufficiently comprehensive, Data score: Capstone (4). Evaluates a data set to ensure it is sufficiently comprehensive,
efficiently organized, meaningfully labeled, and thoroughly described so that it can be analyzed | efiiciently organized, meaningfully labeled, and thoroughly described so that it can be analyzed

to discover meaningful patterns and relationships. to discover meaningful patterns and relationships.
Analyst's Score Justification: Analyst's Score Justification:
To answer questions, the data is sufficiently comprehensive. Efficiently organized as follows: title, | Evaluated median household incomes with the number of school students attending private school.

data link, 4 questions, statistical summary, graph with description to answer questions, summary. | Meaningful label: household incomes, number of students attending hool

Graph axes are labeled, bars and pies are labeled, and statistic numbers are labeled. Each graphis | thoroughly described: yes. °I found that | expected, my zip code with its high median household
thoroughly described to answer questions. income had 118 or more children attending private school. The surrounding area that was more
varried in median household incomes tended to have less children attending private school’. Then
student describes his/her opinion about why this happens sociologically.

The Xeaxis shows

Interpretation is
reasonable

Graphs are clear,
- axes are labeled.
- %/ Aim

GPA The X bt (Underweight, About Right Y-ais

Fig.2 Example of scoring of student artifact samples. Sample 1 (Left) shows score 4 for data (Data
analysis using Statcrunch assignment) and sample 4 (Right) shows score 4 for data (PolicyMap activity
assignment)

In the initial coding, we noted that some artifacts did not illustrate any CT skills.
However, since the rubric starts at benchmark (score 1), this created challenges with
coding and inter-rater reliability. Upon discussion, we decided to provide a score of
0 if: (a) the CT skill (i.e., decomposition, algorithms, data, or abstraction) was com-
pletely absent from the artifact; or (b) the artifact included specific keywords such as
“break down” for decomposition or “steps” for algorithms; however, the artifact as
a whole did not illustrate any further description fitting into the benchmark level of
the rubric. This decision is consistent with the overall guidance of the rubric which
encourages raters to assign a 0 to any artifact that does not meet benchmark (score
1) level performance (see https://tinyurl.com/CTRubricHE).

Findings

This section describes how students exhibited CT in their course assignments, sup-
ported by examples of student-generated artifacts. We categorize our findings into
two types of assignments, illustrating how students expressed CT skills through
(a) responses to assignment prompts, and (b) reflections on assignment solutions.
Results indicate that for certain CT skills (i.e., decomposition and algorithms), stu-
dents demonstrated their understanding in different formats within the same assign-
ment. It is important to note, however, that our analysis examined artifacts only in
relation to dimensions of CT and did not assess disciplinary content knowledge
(e.g., mathematics knowledge, etc.).

@ Springer


https://tinyurl.com/CTRubricHE

Y.Zhang et al.

Decomposition

Table 3 depicts the assignment prompts related to the CT skill of decomposi-
tion. The “N/A” values in the table indicate that we cannot interpret any prompts
for decomposition in this assignment. Figure 3 depicts the distribution of the CT
decomposition skill demonstrated across all 101 analyzed student artifacts, organ-
ized by assignment. The numbers in each bar segment indicate the number of
artifacts with that score.

As shown in Table 3, assignment prompts addressing decomposition are either
described explicitly (e.g., “decomposition”, “break”, and “separately”) or implic-
itly by referencing smaller parts of the problem (e.g., Sociology—Gender Display
Algorithms). Consequently, Fig. 3 shows that decomposition was evident across
student artifacts in nearly all assignments and disciplines. It is important to note
that no student artifacts were scored at the benchmark level (score 1): “fail to
completely solve the original problem”. All student artifacts in our data set either
successfully solved the problem (score 2 and above) or showed no evidence of
using decomposition (score 0). Artifacts at the milestone level (score 2) generally
did not include sufficient descriptions of their decomposed subproblems. No arti-
facts received a score of 3, as this level assesses the efficiency of decomposition.
Efficiency either requires specialized content knowledge beyond the scope of this
study (e.g., how to efficiently decompose a piece of music into different parts,
how to efficiently decompose an essay structure into smaller parts), or was not
relevant to the intent of the assignment (e.g., the assignment description explic-
itly asked students to decompose a website into images, colors, slogans, etc.).
Finally, the percentages of capstone level (score 4) artifacts are shown, with a
median percentage of 25%.

In addition to artifacts scoring between 1 and 4, nearly 50% of the assignments
exhibited no evidence of decomposition (score 0). This indicates that although
the assignment prompts provided students an opportunity to demonstrate their
decomposition skills, not all students exhibited these expected skills. Three
reasons may explain this finding. First, students might interpret the assignment
prompts as suggestions for consideration rather than requirements. For example,
in the Math—Statcrunch Data Analysis, students were explicitly asked to write
a summary of what they learned from the specific data set they have chosen and
about data analysis broadly. However, the CT decomposition prompt simply asked
students whether they had considered problem decomposition or algorithmic
thinking in their work. This prompt did not explicitly require a response, and thus
students might have treated it as a scaffold when writing rather than a require-
ment. Second, the focus of the assignment on data analysis may have directed
students towards data alone and not decomposition. Third, the assignment prompt
did not distinguish between decomposition and algorithms. For example, the
Sociology—PolicyMap Reflection asked students to, “describe how you under-
stand the process of decomposition”. In response to this prompt, students would
easily identify the steps they followed toward decomposition. Identifying, step-
by-step actions, however, is the basis of algorithms, not decomposition.
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Table 3 Assignment prompts for decomposition

Assignment

Assignment prompts for decomposition

Math—statcrunch data analysis

Sociology—gender display algorithms

Sociology—policymap activity and
Sociology—policymap reflection

Music—project 1: breaking poetry & building music

Music—project 3: samples of campus
Music—projects website

Music—reflection on scratch reconstruction project

Music—decomposition work

Music—algorithmic composition

Write a summary of what you have learned from
this assignment. What have you learned from the
specific data set which you have chosen? What
have you learned about data and analyzing it, in
a more general sense? This summary is expected
to be 1—2 paragraphs in length

Did you consider problem decomposition of algo-
rithmic thinking in working on this assignment?
Is there any part of the assignment in which this
would be helpful? How did you work together to
complete the assignment?

Note the websites you have selected and start to
take a few screen shots of the gendered aspects
of the site. These include images of the toys,
images of children on the site, colors, games,
slogans, and the toys themselves that create an
emotional, gendered, commodified experience
for the user

Write a brief paragraph at the end that describes
how you understand the process of decomposi-
tion in your work; that is, how you were able
to demonstrate that the social conditions you
identified in a geographic place can be broken
down into smaller parts, revealing their connec-
tion to one another

Participants will “break” a poetic text and recom-
bine its phonetic materials to create a new piece
of music

N/A
N/A

The design of this project asked you to group
your harmonic progressions as blocks that were
separate from the larger blocks containing lyrics
(and drums, if applicable). What is the purpose
of programming the harmony blocks separately
first? Do you think it is worth the time to pro-
gram the harmony as separate blocks?

If you had to take the dataset of form structures
that your group created in Project C and use it
as source data to create a form for a new song
(using a Markov model to actually create the
new form), how would you go about this?

1. Decompose the above problem—consider care-
fully everything you need the computer to do in
order to solve this problem

2. Propose an ordered series of steps to solve your
newly decomposed problem

Turning text into music is a rather large/unusual
task. What smaller questions do you need to
answer in order to approach this question?

@ Springer



Y. Zhang et al.

Table 3 (continued)

Assignment

Assignment prompts for decomposition

Music—semester reflections

English writing—CT skill reflection on writing

Choose one of the CT learning outcomes (data,
decomposition, abstraction, algorithm) and
define it in your own words. Discuss how you
have seen this learning outcome work in the
various projects we have completed

How did you break this assignment down into
smaller parts as you worked on this essay?

DECOMPOSITION BY ASSIGNMENTS

Math - Statcrunch Data Analysis

Sociology - Gender Display Algorithm

Sociology - PolicyMap Activity

Sociology - PolicyMap Reflection

Music - Project 1 Breaking Poetry & Building Music

* Music - Project 3 Samples of Campus

* Music - Projects Website

Music - Reflection on Scratch Reconstruction Project
Music - Decomposition Work

Music - Algorithmic Composition

Music - Semester Reflections

English - CT Skill Reflection

@Capstone(4) B Milestone(3)

1 5
SN

2 4
AN\

2 5
NNNNNNNNNNNNN

3
AN\
11 2
NN
4
NN

1 7
NN

3
NN

3 7
AN\ NN
6

13
AN

Milestone(2) ~ ®Benchmark(1) N Not Exhibited(0)

* The assignment names with stars indicate this assignment does not have prompts for the decomposition skill

Capstone
4

Milestones Benchmark

3 2 1

Decomposition Breaks a complex

Breaks a complex

Breaks a complex Breaks a complex

problem into clearly
Breaks a problem into 1o
and distinct-but-related
subproblems that are
easier to solve than the

its constituent subproblems

described, well-defined,

problem into clearly
described subproblems
that are distinct-but-
related but lack
efficiency, although they

problem into subproblems
that lack efficiency, fail to
have sufficient
descriptions, and overlap,
although they solve the

problem into
subproblems that are
inefficient, described
poorly. overlap or
closely related, and

original problem but
when combined
efficiently solves the
original problem.

problem.

solve the original

original problem. fail to completely
solve the original

problem.

Fig.3 Score distributions of decomposition in student artifacts and the rubric for decomposition. Note
The numbers in each bar segment indicate the number of artifacts with that score

Representative capstone student artifacts

One way in which students exhibited decomposition skills is in response to specific
prompts in the assignment. We provide several examples with a score of 4 (cap-
stone) which illustrate different demonstration formats (i.e., text description and
drawing notation) depending on disciplinary expectations and instructions in the

course assignments.

The example in Table 4 with a score of 4 (capstone) demonstrates a student’s
response to the Sociology-PolicyMap Exercise assignment, which asked students
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Table 4 Student response example for introduction to sociology for introduction to sociology—Policy-
Map assignment illustrating CT concepts of decomposition

Assignment prompt Student response

Introduction to Sociology—PolicyMap Exercise: Score 4 (capstone):

“Identify 2 topics that you can examine in Policy-  “Demographics—can be measured by populations,
Map. List them and how they’re measured, and households, families, electrons, religion. For each
what the options are for presenting that data.” of those it gets more specific—race, gender, age,

diversity, household type/size, who was voted for,
denominations, & then those get more specific
yet.”

Table 5 Student response example for music—project 1: breaking poetry & building music assignment
illustrating CT concepts of decomposition, algorithms, and abstraction

Assignment prompt Student responses
Fundamentals of music [— Score 4 (capstone):
project 1:

“Participants will ‘break’ a
poetic text and recombine its

phonetic materials to create a : , STAsaERED ENTRANGES :
. . . 3 4
new piece of music...You will L { \ \
Ch o G ) vgeatonas {
take a stanza of a new poem Cohoa s p Bt |
and work in groups of four or T (G

five students to refashion it
into a single movement of a
new eight-movement musical { A ]
work... The final composition \ ! T

will be submitted in two forms: = iramatic Slinces %4 bants =
the performance itself (which

| and)

{
|
1 | vatiermate movin
v v v piich wp € down &

2 I»
STAGGERED ENTRANCES

will be video recorded), and (

a notated score that indicates | i H
the organization of sounds, [ wusme | wesme )\ T 7 / T3
gestures, timing, and any other R T 87
i . e
musical elements (tempo, =Y \ O 5
meter, etc.).” [|of fma rennten | TR
y A\ e — ] Y/
\ .

[Au REPEAT UNTIL 244 HAVE DONE SINGING f CLAPFING 4““\8]
: + + +
'

wing  past

to identify PolicyMap topics sociologically and describe their usage. This exam-
ple illustrates the CT skills of decomposition and data simultaneously, as it
involves breaking down sociological topics into several indicators and describing
how students measured these topics.

The second example of the response to assignment prompts comes from Funda-
mentals of Music I—Project 1, which asked students to break down poetry and build
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music. As shown in Table 5, this example with a score of 4 (capstone) illustrates
the CT concepts of decomposition, algorithms, and abstraction. The student-created
music was decomposed into 5 tracks, each performed by a different student, indicat-
ing decomposition. The drawing features arrows and repetitions to express steps in
finishing the music, which indicates the algorithms being used. The music was rep-
resented by this drawing with notation, which is clear and clean, indicating the use
of abstraction. It is worth noting that multiple CT skills could be observed simulta-
neously in one artifact.

Another way in which students exhibited the use of decomposition skills is
through reflection on assignments. Typically, instructors asked students to write a
reflection on their assignment, to specifically elicit students’ perspectives of their
usage of decomposition. The example shown in Table 6 illustrates a student’s reflec-
tion on the Mathematics—Statcrunch Data Analysis assignment, an artifact scored
4 (capstone). In this reflection, the student responded to the value of the instructor’s
handout (i.e., the handout describes the purpose of the assignment and then decom-
poses it into 5 sub-problems), which distinguished the difference between decompo-
sition and algorithmic thinking, describing these two skills separately.

We observed that different students utilized different ways of applying decompo-
sition in response to the same assignment prompt. For example, we observed three
ways of using decomposition in the reflection assignment for the introductory writ-
ing course offered by the English instructor. These three examples shown below
demonstrate how students applied decomposition skills to their writing based on
the structures of the essay, the writing topics, and the writing process, respectively
(Table 7).

Table 6 Student response example for mathematics—statcrunch data analysis assignment illustrating CT
concepts of decomposition

Assignment prompt

Student responses

Mathematics—statcrunch data analysis:

4. Write a summary of what you have learned from
this assignment. What have you learned from the
specific data set which you have chosen? What
have you learned about data and analyzing it, in a
more general sense? This summary is expected to
be 1 — 2 paragraphs in length

5. Did you consider problem decomposition of algo-
rithmic thinking in working on this assignment?
Is there any part of the assignment in which this
would be helpful? How did you work together to
complete the assignment?”

Score 4 (capstone):

“At first, we felt a little overwhelmed at how many
parts made up this assignment, so in order to
tackle it, we took the problem and broke it into
smaller parts, in similar ways that the handout
did. We wanted to break the assignment up
into data, visual representation and then verbal
descriptions to try and make the assignment
easier. (Author notes: up to this point students
exhibited decomposition; after this section
students exhibit understanding of algorithms) To
do this, we used algorithmic thinking to break
each category we created into a step by step
procedure. In order to tackle the data section,
we listed out our tasks in order...we moved on
to the visual representation section... To tackle
the verbal descriptions, we analyzed each graph
first...”
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Table7 Three student response examples for english writing assignment illustrating different ways of
applying CT concepts of decomposition

Assignment prompt Student responses

English writing: One reflection which scored 4 (capstone) described

“How did you break this assignment down into the ways that the student broke down the sections
smaller parts as you worked on this essay?”’ based on the structures of the finished essay:

“I really broke it up into eight parts, my opening
paragraph, five sources—each examined one at
a time, then conclusion and research proposal.”
(Score 4)

Some students exhibited decomposition skills in
relation to the writing fopics of the essay:

“I originally asked questions like: ‘what is it that
compels an individual to produce a linguistic
creation that is so specific to their identity?” and
‘do people produce poetry as a means of emo-
tional escape?’ ... each one of my questions lead
to an in-depth speculation on branching topics.”
(Score 4)

Other students described how they broke down the
writing process instead of the essay structure:

“The pieces that I broke this process into essen-
tially consisted of two phases: the source search
and the writing itself.” (Score 4)

“I broke this assignment into sections of research,
sources, writing and revision.” (Score 4)

Algorithms

Table 8 presents assignment prompts related to algorithms. Like decomposition, the
“N/A” values in the table indicate that we did not find any prompts for algorithms in
this assignment. Figure 4 shows the distribution of CT algorithm use across all 101
student artifacts in all disciplines and assignments.

As shown in Fig. 4, a higher percentage of artifacts were scored at the proficient
level (Score 4) for algorithms compared to decomposition (median=44%). The
highest number of capstone-level artifacts were evident in the disciplines of Music
and English. This finding may be attributed to the fact that reflection prompts in
music and English assignments explicitly made connections to algorithms. Like
decomposition, fewer artifacts were scored at the baseline level (Score 2), compared
to score 3 or benchmark (Score 1). This finding is consistent with results on decom-
position; artifacts with a score of 2 did not provide sufficient description of the algo-
rithmic steps even when the assignment did solve the problem.

A review of artifacts with no evidence of algorithms (score 0) revealed three pri-
mary reasons contributing to this outcome: First, some assignments did not give stu-
dents a prompt to demonstrate algorithmic skills. These assignments are listed in the
Table 8 as “N/A”. Second, in some assignments, the instructors’ prompt was vague
and did not explicitly invite connections to algorithms. Third, while the instruc-
tions may have been clear, students sometimes had difficulty distinguishing between
decomposition and algorithms. For example, the Sociology—Gender Display
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Table 8 Assignment prompts for algorithmic skills

Assignments

Assignment prompts for algorithms

Math—statcrunch data analysis

Sociology—gender display algo-
rithms

Sociology—policymap activity and
sociology—policymap reflection

Music—project 1: breaking poetry
& building music

Music—project 3: samples of
campus

Music—projects website

Music—reflection on scratch recon-
struction project

Music—decomposition work

Music—algorithmic composition

Music—semester reflections

English writing—CT skill reflection
on writing

Did you consider problem decomposition of algorithmic thinking
in working on this assignment?

Using the above criteria, write an algorithm to tell a machine how
to identify gender on children’s websites if it were to search
the web for them. How could you teach a machine to identify
gender?

N/A
N/A
N/A

Student will submit both of these products to static web pages on
their individual websites, which will also contain a reflection on
the process, product, and learning that took place working on
this project

N/A

If you had to take the dataset of form structures that your group
created in Project C and use it as source data to create a form for
a new song (using a Markov model to actually create the new
form), how would you go about this?

1. Decompose the above problem; consider carefully everything
you need the computer to do in order to solve this problem

2. Propose an ordered series of steps to solve your newly decom-
posed problem

Lastly, describe in detail a series of ordered steps—an algorithm—
that you could hand to your friendly neighborhood programmer
and ask them to write into code for you. Consider carefully the
sequence of steps and be specific about both the purpose and
structure of each step

Choose one of the CT learning outcomes (data, decomposition,
abstraction, algorithm) and define it in your own words. Discuss
how you have seen this learning outcome work in the various
projects we have completed

Once you broke it [assignment] up, how did you proceed? How
did you tackle each of those pieces? What advice would you
give future students about a writing an essay like this one? Spe-
cifically, what detailed writing process would you recommend
that future students undertake?

Algorithms explicitly asked students to write an algorithm, but some students only
listed bullet points that the algorithm needs to check, without describing how to
check these points. Decomposition focuses on what—decomposing the problem into
subproblems, and algorithms focus on sow—solving subproblems in steps. Decom-
position and algorithms could be naturally linked to one another, causing students
without a deeper understanding of CS principles difficulty in distinguishing between

them.
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ALGORITHMS BY ASSIGNMENTS

1 4
_ESANNNNNN\\

Math - Statcrunch Data Analysis &

11 1 5
SN

2

Sociology - Gender Display Algorithm

10
* Sociology - PolicyMap Activity AN

6
* Sociology - PolicyMap Reflection NN

2 2
* Music - Project 1 Breaking Poetry & Building Music NN

4
ANNNNNNNNN

* Music - Project 3 Samples of Campus

Music - Projects Website &

* Music - Reflection on Scratch ction Project
Music - Decomposition Work

Music - Algorithmic Composition

Music - Semester

14 1 5 2 3

English - CT Skill \\\\A\\\V

= Capstone(d)  ® Milestone(3) Milestone(2) Benchmark(1) N Not Exhibited(0)

* The assignment names with stars indicate this assignment does not have prompts for the algorithm skill

Capstone Milestones Benchmark

4 3 2 1

Algorithms

Creates a series of ordered

Creates a logical,
efficient, and well-
described sequence of
steps or instructions to

Creates logical sequence
of steps that are well-
described (e.g..
unambiguous, precise)

Creates logical sequence
of steps that solve a
problem or achieve a goal

Creates a sequence of
steps that do not solve
a problem or achieve a

but the steps are poorly
described (e.g.,
ambiguous, vague).

goal. The steps lack
efficiency, sufficient
descriptions, and are
not described or
documented.

steps to solve a problem or
P P solve a problem or

achieve a goal.

and solve a problem or
achieve a goal but the
steps are inefficient e.g.,
not in an optimal
sequence, overlapping,
duplicative, or
unnecessary.

achieve a goal

Fig.4 Score distributions of algorithms in student artifacts and the rubric for algorithms. Nofe The num-
bers in each bar segment indicate the number of artifacts with that score

Representative capstone student artifacts

A great example at the proficient level (Score 4) is the Gender Display Algorithms
assignment from the sociology course, which as its name suggests, has explicit
prompts related to algorithms. Students designed various forms of algorithms to
complete this assignment as shown below. Table 9 shows two examples illustrating
the CT skill of algorithms with a score of 4 (capstone). The top example outlines
three steps for analyzing the website: toy image analysis, image description analysis,
and tally count with a tiebreaker. The bottom example draws a graphical flowchart to
analyze the website, where the flowchart has a start point and ends with either boys
or girls (unfortunately, the raw data is originally blurred). These examples illustrate
two different demonstration formats for presenting algorithms (i.e., verbal descrip-
tion and graphical flowchart).

Like decomposition, student reflections on assignment solutions also illustrated
their understanding of algorithms. In these reflections, students usually described
how they solved the assignment with steps in time order, using language that sig-
naled understanding of algorithms (i.e., first... then...). Table 10 presents examples
with score 4 (capstone) from the Contemporary Mathematics—Statcrunch Data
Analysis assignment and English writing, respectively.
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Table9 Two student response examples to sociology—gender display algorithms assignment illustrating
CT concepts of algorithms

Assignment prompt Student responses

Sociology—gender display algorithms: Score 4 (capstone):
“Browse the Internet for sites that sell children’s
toys and find three that are highly gendered

~Gather (Toy Isage) and (Image Description) for Analysis;

~Begin (Toy Inage) Analysis;

towards ‘boys’ or ‘girls.” ... Write an algorithm Haestity “Action Taage: (Hitting, Bullaing, Shosting, etc) and Tadlys
to tell a machine hOW to ldentlfy gender on -Identify ‘Passive Image’: (MandMolding, Maiting, Talking, etc.) and Tally;

. o 10 Tty “hction Tese’ excees Tadly “Passive Tange, Tally to Hasc
children’s websites if it were to search the web S b g
for them.” -Begin (laage Description) Anslysts;

“Tdentify ‘Action Words’: (Tool, Battle, Arrow, Exploration, etc.) and Tally;
~Tdentify ‘Passive ords’: (Princess, Beauty, Friendship, etc.) and Tally;
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Unfortunately, the raw image of the bottom example is blurred

Data

Table 11 presents the assignment prompts related to the use of data, while Fig. 5 shows
evidence of data skills in student artifacts. Data skills were not frequently prompted by
instructors, and thus were not commonly demonstrated by students. They were only
evident in assignments that directly asked for the use of data-related skills. Among
three assignments exhibiting data skills, students generally performed better on assign-
ments that included direct data prompts compared to those assignments prompting
reflection on solutions. This outcome may be attributed to the nature of the rubric
which focuses primarily on showing evidence of evaluating a data set, describing
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Table 10 Two student response examples to mathematics—statcrunch data analysis and english writing

assignments illustrating CT concepts of algorithms

Assignment prompt

Student responses

Mathematics—statcrunch data analysis:
“Did you consider problem decomposition of algo-
rithmic thinking in working on this assignment?”

English Writing:

“Once you broke it [assignment] up, how did
you proceed? How did you tackle each of those
pieces?”

Score 4 (capstone):

“First, we made sure we founded the dataset that
we were interested in and looked it over. Next,
we created the statistical summary. Lastly, we
analyzed the findings. After this, we moved on to
the visual representation...Next, we plugged each
question we had...Next we outlined what each
graph said, and last, we described each graph...”

Score 4 (capstone):

“First, I had to find a topic that I cared about and
was interested in, and finally settled on child-
hood literacy. Once I had my topic figured out,

I searched for different sources and compiled
them into a list. From these sources, I made a
thesis about childhood literacy. Then, as soon as I
knew my thesis, I sat down in the library for three
hours and typed. In that time, I finished the entire
first draft of my paper in one sitting. After this
draft was turned in and peer edited, I made slight
changes here and there.”

Table 11 Assignment prompts for data

Assignments

Assignment prompts for data

Math—statcrunch data analysis

Sociology—policymap activity

Sociology—policymap reflection

Research often involves formulating interesting
questions, developing a methodology, and col-
lecting data to answer those questions. Although
we will be using data that has already been
collected, we will use this assignment to explore
how data can be used to answer questions that
we have

As a pair, your chief task is to identify a sociologi-
cal issue of interest to you and explore how it
coincides with at least one other important social,
political, or economic indicator and data points.
You will do this by bringing together related phe-
nomena, informed by sociological reasoning, to
show how these constituent social issues interact
with one another in a geographic place

Write a brief paragraph at the end that describes
how you understand the process of decomposi-
tion in your work; that is, how you were able to
demonstrate that the social conditions you identi-
fied in a geographic place can be broken down
into smaller parts, [revealing their connection to
one another, visualized through mapping]
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DATA BY ASSIGNMENTS

Math -

6 2

Data Analysis

* Sociology - Gender Display Algorithm

Sociology - PolicyMap Activity 222

Sociology - PolicyMap Reflection
* Music - Project 1 Breaking Poetry & Building Music

* Music - Project 3 Samples of Campus

* Music - Projects Website

10
AN

2 2
AN
2 3 1
e NN
4
AN
4
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8
INNNNNNNANNNNNNNANNN
10

* Music - on Scratch Reconstr n Project
* Music - Decomposition Work
* Music - Algorithmic Composition

* Music - Semester Refl

3
NS\

3
AN
1 9

* English - CT Skill

@ Capstone(4) W Milestone(3)

Milestone(2)

Benchmark(1) Not Exhibited(0)

* The assignment names with stars indicate this assignment does not have prompts tor the data skill

Capstone
4

Milestones
3 2

Benchmark
1

Data Evaluates a data set to

ensure it is sufficiently

comprehensive,

efficiently organized,

meaningfully labeled,

¥ and tl hly described
so that it can be analyzed
to discover meaningful

Evaluate a data set to ensure
that it facilitates discovery of
patterns and relationshij

Evaluates a data set to
ensure it is sufficiently

Evaluates a data set to
ensure it is sufficiently

comprehensive, comprehensive and
meaningfully labeled, meaningfully labeled but
and thoroughly fails to ensure that it is

described but fails to
ensure that it is
efficiently organized.

thoroughly described and
efficiently organized.

Evaluates a data set
but fails to ensure that
it is sufficiently
comprehensive,
efficiently organized,
meaningfully labelled,
and thoroughly
described so patterns

patterns and
relationships.

and relationships are
obscured.

Fig.5 Score distributions of data in student artifacts and the rubric for data. Note The numbers in each
bar segment indicate the number of artifacts with that score

meaningful patterns, and discovering relationships. Reflections, in contrast, are gener-
ally designed to help students articulate their thoughts and processes, thus providing
fewer opportunities for students to exhibit evidence of evaluating data.

Representative capstone student artifacts

Overall, students demonstrated their understanding of data quantitatively and
qualitatively through analysis with tools and description of the results. Data,
however, is not a standalone CT skill; it is also influenced by students’ discipli-
nary knowledge and ability to interpret the data. We provide two examples related
to data from mathematics and sociology. Table 12 presents the first example, a
student artifact scoring 4 (capstone) for quantitative data analysis. The student
used disciplinary knowledge and tools (i.e., Statcrunch) to statistically summarize
a dataset, generate graphs, and verbally describe the results. The second example
shown below from the Sociology—PolicyMap Usage assignment illustrates how
students exhibited their understanding of data by evaluating public sociologi-
cal data to qualitatively explain sociological issues. The example shown below
reflects data skills from a CT perspective only; we did not assess its accuracy
from a content knowledge perspective.

There was only one reflection assignment in our dataset where students had an
opportunity to exhibit their understanding of data skills in sociology. An artifact
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Table 12 Two student response examples to mathematics—statcrunch data analysis and sociology—Pol-

icyMap assignments illustrating CT concepts of data

Assignment prompt

Student responses

Mathematics—statcrunch data analysis assign-
ment:

“Statcrunch will be used to select data and gener-
ate both numeric summaries and graphs repre-
senting the data... Use the Statcrunch software
to come up with a statistical summary... Use
the software to create four different graphs to
display the data...”

Sociology—policymap usage:

“Produce a single layer map of your selected
indicator for your specified area... What are
some of the interesting geo-spatial patterns that
you see?”

Score 4 (capstone):

MATH DATA ASSIGNMENT
Body Image & GPA Data Set

Link to data set:

Does the area you sit in class affect GPA?

Does body weight affect student confidence and GPA?
Could student honesty about others cheating affect GPA?
Could high school GPA affect college GPA?

se e

Statistical Summary

Colu
mn

Mean Varian Std.
ce  dev.

Std.
err.

n Med Ran Min Max Q1 Q3

ian  ge
GPA 236 3.108 0.2816 0.530 0.0345 3

247 19 438 28 3.5
0763 7695 73246 47741 1

Out of a sample size of 236 students, the average (mean) GPA is 3.1080763. The range of GPA
is 2.47, and the standard deviation is 0.53073246. The maximum GPA reached is 4.38, and the
minimum GPA is 1.91

Score 4 (capstone):

“When looking at language, specifically, non-English
speakers, I see it is prevalent in the southwest in
the same way the hispanic population is. This can
be explained by the idea that these states border
Mexico, so there are more hispanics in that region
and in turn more people who don’t speak English.”

Table 13 Student response example to sociology—PolicyMap assignments illustrating CT concepts of

data

Assignment prompt

Student responses

Sociology—policymap reflection:

“Write a brief paragraph at the end that describes
how you understand the process of decomposition
in your work; that is, how you were able to dem-
onstrate that the social conditions you identified
in a geographic place can be broken down into
smaller parts, revealing their connection to one
another, visualized through mapping.”

Score 4 (capstone):

“By creating a two-layer map of high African
American concentration and high IMR (Infant
Mortality Rate), we were able to see that Balti-
more City fit these criteria, while the surround-
ing areas did not. Therefore, to see how race was
playing a role in IMR, we created another two-
layer map of the surrounding Baltimore County.
By creating the second map, we were able to see
that in areas with a high white concentration,
even in close proximity to a high black concen-
tration, have a much lower IMR. Thus, through
the construction, analysis, and comparison of
these two maps, we were able to identify how
race affects IMR in ways that is not consistent
between whites and blacks and that race is truly
an essential determinant of IMR outcomes.”
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demonstrating capstone (4) level skill in Table 13 demonstrates how the student ana-
lyzed the data and provided general descriptions of the results. The student response
illustrates how they created a two-layer map to identify meaningful patterns and
then produced a second map to discover meaningful relationships, exemplifying a
capstone-level use of data.

Abstraction

Table 14 shows the assignment prompts that involve abstraction skills; all assign-
ments are in the music course. Figure 6 shows the score distributions for abstraction.

Table 14 Assignment prompts for abstraction

Assignments

Assignment prompts for abstraction

Music—project 1: breaking poetry & building

music,

Music—project 3: samples of campus, and
Music—projects website

The final composition will be submitted in two
forms: the performance itself (which will
be video recorded), and a notated score that
indicates the organization of sounds, gestures,
timing, and any other musical elements (tempo,

meter, etc.)

ABSTRACTION BY ASSIGNMENTS

* Math - Statcrunch Data Analysis

* Sociology - Gender Display Algorithm

8
ANIIRENININNNRNRNNNY

10
NSNS
10

* Sociology - PolicyMap Activity
6
* Sociology - PolicyMap Reflection SN
31

Music - Project 1 Breaking Poetry & Building Music  ymmmmes

13
Music - Project3 Samples of Campus
2 11 2
Music - Projects Website ssmang S\

* Music - Reflection on Scratch Reconstruction Project
* Music - Decomposition Work

* Music - Algorithmic Composition

10
RSN
3
AN

3
NS\

* Music - Semester Refl;

10

* English - CT Skill

2 Capstone(4)

& Milestone(3)

Milestone(2)

Benchmark(1)

N Not Exhibited(0)

* The assignment names with stars indicate this assignment does not have prompts for the abstraction skill

Capstone Milestones Benchmark
4 3 2 1
Abstraction Creates an accurate-but- Creates an accurate-but-  Creates an accurate-but- Creates a
simplified representation implified i implified r i ofa

Reduces complexity to create
a general representation of a
process or group of objects so
it is not only appropriate for
the immediate purpose or goal
but can also be used in
different contexts

of a process or group of
objects to solve the
problem or meet the
goal. Selects essential
characteristics by
filtering out unnecessary
information. Can be used
to solve other problems
or goals.

P P
of a process or group of
objects to solve the
problem or meet the
goal. Selects essential

P P
of a process or group of
objects to solve the
problem or meet the goal.
Fails to select all essential

istics by

istics by filtering

filtering out unnecessary
information. Cannot be
used to solve other
problems or goals.

out unnecessary
information. Cannot be
used to solve other
problems or goals.

rep
process or group of
objects that is not
accurate, not
sufficiently simplified,
or fails to solve the
problem or meet the
goal.

Fig. 6 Score distributions of abstraction in student artifacts and the rubric for abstraction. Note The num-
bers in each bar segment indicate the number of artifacts with that score

@ Springer



Examining computational thinking across disciplines in higher...

According to the rubric, abstraction is defined as “accurate-but-simplified
representation”. We identified two reasons contributing to a lower level of
abstraction demonstrated in course assignments. First, there was missing infor-
mation which made it difficult to assess abstraction in student artifacts. For
example, students used symbols and drawing notations to represent their cre-
ated music, but they did not provide any instructions on how to read the symbol
and the whole notation. Second, student responses relied heavily on text. In one
instance, while the student provided an abstract picture to represent the element
of their music, they also wrote 6 paragraphs describing the picture, causing the
picture itself to fail to represent their music.

Representative capstone student artifacts

Figure 7 presents an example from Fundamentals of Music I—Project 1: Breaking
Poetry & Building Music. In this example, students modeled the music piece as
a flow chart, which abstracts the musical components including sounds and beats
as symbols in the flow chart. Students provided the meaning of different symbols,
making this notation simplified but accurate, which contributes to the capstone
level (score 4). Another example of how students used abstraction skills in music
artifacts was previously discussed in the decomposition section (see Table 5 above).

Pqu\ﬂ;L\ ‘cv | ] |

Y 1O | &4C
i 3 : 2 i
L 6 658% &5 S
desededen | P O R AGRRS
22 HlS -

Fig.7 Student response example to music assignments illustrating CT concepts of abstraction
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Discussion and implications

In this section, we discuss several key aspects of the findings and their implications
for research and practice. In particular, findings from our work contribute signifi-
cantly to the integration of CT into higher education by identifying CT skills more
frequently exhibited in student non-programming artifacts, illustrating strengths and
weaknesses associated with different types of CT-integrated assignments, and point-
ing toward assessments with the potential to capture student learning.

CT skills exhibited in student artifacts

Findings from this work indicated that the nature of CT skills exhibited in course
assignments differed by discipline. Although CT skills are applicable across many
fields, some disciplines may more readily lend themselves to using these skills
(Czerkawski & Lyman, 2015; Jong & Jeuring, 2020). Specifically, findings revealed
that decomposition and algorithmic skills appeared more frequently than other CT
skills across both instructor-developed assignments and student artifacts. Although
literature comparing the prevalence of specific CT skills across disciplines is lim-
ited, some studies suggest that instructors develop course objectives and materials
to reflect a limited number of CT skills, that are not evenly distributed across disci-
plines (Dierbach et al., 2011; Mouza et al., 2017). One potential explanation is that
decomposition typically represents the initial step in computational problem-solving,
often preceding CT skills such as pattern recognition and abstraction (Shute et al.,
2017). Another reason may be that faculty and students, both within and outside
computing fields, prioritize certain CT skills such as decomposition and algorithms
over others (Ater-Kranov et al., 2010). In response to various assignment prompts
and reflections, students also utilized different demonstration formats, including text
descriptions, drawing notation, and narrative reflections. Often, students exhibited
decomposition and algorithmic skills in combination with other CT skills.

Consistent with prior work (Chen et al., 2017), data skills were found to be closely
linked to disciplinary knowledge and expressed in various forms, such as statistical
analysis, tables and figures, and descriptive explanations, all tailored to discipline-
specific features and instructor prompts. Additionally, Chen et al. (2017) emphasized
that while data processing is crucial, isolating it can be challenging, leading to its inte-
gration with other skills in their assessment rubric. Furthermore, in developing CT-
integrated assignments related to data, it became evident that instructors need existing
datasets and computing tools (e.g., in our work, Statcrunch and PolicyMap). This find-
ing is consistent with prior work by Castro et al. (2021) who utilized MATLAB, a sta-
tistical tool, to represent and interpret data in multiple formats in order to investigate
the relationship between data practices and problem-solving in an engineering course.
Relatedly, findings indicated that direct prompts provided more opportunities for stu-
dents to exhibit CT skills around data compared to course reflections.

Finally, the CT-skill of abstraction was not commonly prompted and exhibited
in our dataset, appearing primarily in music, and integrated with decomposition
and algorithmic thinking. For example, decomposition was shown through the
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use of separate music tracks corresponding to different colors while algorithmic
thinking was demonstrated as the time-sequencing of musical elements. Abstrac-
tion itself was represented in the translation of music into sheet music or flowcharts.
Our findings suggest that decomposition and algorithmic thinking contributed to the
development of abstraction skills to some degree. This finding aligns with theoret-
ical work suggesting that abstraction frequently follows decomposition in the CT
problem-solving process (Shute et al., 2017). Further, this finding is aligned with the
foundational premise of the assessment rubric guiding this work where decomposi-
tion and abstraction are conceptually related, with decomposition a necessary skill
for abstraction (Guidry et al., 2019).

The limited use of abstraction in student artifacts is consistent with prior studies
focusing on the integration of CT in teacher education courses. For instance, in a
study conducted by Mouza et al. (2017) where pre-service teachers designed les-
sons plans that integrated CT across different disciplines, findings indicated min-
imum use of abstraction and uneven distribution of CT skills between disciplines
(e.g., mathematics, science, literacy). Similarly, Dierbach et al. (2011) presented
learning objectives for five CT-infused courses, and these objectives relied more
on decomposition and algorithms and less on abstraction. Finally, Swaid (2015)
illustrated CT skills for 12 courses across STEM disciplines; of those, 12 courses
involved data, 9 courses involved algorithms, and only 7 courses involved abstrac-
tion. Although standards connecting disciplines and CT skills are still lacking, more
empirical studies are needed exploring synergies between CT and disciplinary con-
tent in ways that enhance learning across both domains.

Design of CT-integrated assignments

In this work, we primarily focused on how students successfully exhibited CT skills
in their course assignments, as reflected in our rubric. However, we also observed
instances where these skills were only partially exhibited. We identified three primary
reasons that contributed to this challenge. First, some assignments lacked clarity and
did not explicitly prompt students to articulate their CT understanding. Even when they
did, some instructors did not specify the CT skill expected from students (e.g., decom-
position vs algorithms). Second, we also noted that students struggled to distinguish
between different CT concepts even when the prompt was clear, notably decomposition
and algorithms. Lastly, some assignments did not provide sufficient detail to assess stu-
dents’ level of proficiency. In some cases, students provided minimal explanation with
no associated examples to illustrate their understanding of the CT skills at hand.

This challenge suggests that when prompting students to demonstrate CT skills,
instructors might need to provide examples of what a sufficient description looks
like. Further, different strategies may be needed for different CT skills. Previ-
ous research, for instance, demonstrated promising results when using learning
scenarios (Perkovi¢, 2010; Rojas-Lopez & Garcia-Pefialvo, 2018), game design
(Lockwood & Mooney, 2018), and environment modeling for decomposition skills
(Perkovié, 2010). As a result, course instructors need to review different strategies

@ Springer



Y.Zhang et al.

before deciding which ones hold promise for their specific discipline. Findings from
this work also indicated that students struggled to distinguish among different CT
concepts, especially decomposition and algorithms. Thus, instructors need to scaf-
fold students’ understanding of decomposition and algorithmic thinking. Further,
they should ensure assignment prompts are adequately described and explicitly point
to the desired outcome.

One key challenge in developing assignments with clear instructions and scaffolding
prompts is faculty expertise. University faculty outside of CS bring expertise in their
domain knowledge, but typically do not have sufficient knowledge of CT. Even though
we provided multiple opportunities to scaffold the development of CT-integrated
assignments and support participants’ learning of CT, including professional develop-
ment, bi-weekly meetings, and situated classroom support offered by CT Fellows (Pol-
lock et al., 2019), our findings suggest that more pedagogical support may be needed.
Toward this end, the framework of Technological Pedagogical Content Knowledge
(TPACK) may be useful. Specifically, Angeli et al. (2016) provided a conceptualization
of TPCK for the construct of CT where content knowledge (CK) includes abstraction,
generalization, decomposition, algorithmic thinking, and debugging. Future work may
utilize the TPACK framework for faculty development, with a more explicit focus on
building both CK and pedagogical knowledge in relation to CT integration.

Assessing CT in student artifacts

Findings indicated some challenges in assessing student artifacts associated with our
rubric. For instance, some artifacts did not demonstrate any CT skill and were scored
at 0. Although the rubric encourages raters to assign a 0 to any artifact that does not
meet benchmark (score 1) level performance, future work could consider distinguish-
ing these two levels and adding a level that indicates the lack of evidence for the rele-
vant CT skill. Similarly, “efficiency” is the key difference between scores 3 and 4 in the
rubric, but it is difficult to assess it in practical terms because it either requires the rater
to have content knowledge expertise to define “efficiency” or it requires the instructor
to specifically design assignments that involve “efficiency”. As the rubric notes, “effi-
ciency is a particularly challenging skill even for upper class computer science students
who explicitly focus on it” (see https://tinyurl.com/CTRubricHE). Although the rubric
simplified the concept of efficiency, it is unrealistic to expect that it would be addressed
at the advanced level in the majority of CT assignments and student artifacts outside
of CS. Nonetheless, it is important to include it in the rubric to demonstrate what effi-
ciency means, allowing instructors to broaden their understanding and begin consider-
ing new kinds of assignments as students gain more experience with CT.

Further, findings indicated that some assignments cannot be adequately scored
by the rubric. For example, if an assignment asks students to order a series of unor-
dered steps using algorithms, a student response will only result in either correct or
incorrect order. Thus, it would be difficult to assess the extent of a student’s under-
standing based on our rubric. This indicates the need for instructors to carefully con-
sider the design of CT-integrated assignments to ensure they demonstrate a range of
CT skills while revealing students’ thought processes. Further, in addition to direct
assignment prompts and indirect reflections analyzed in this study, other assessment
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strategies could also provide information on CT development, such as structured-
response pre-post tests (e.g., Roman-Gonzalez et al., 2017) and interviews to inter-
actively probe students’ understanding of CT (Cetin & Andrews-Larson, 2016).
Finally, more research is needed that applies our proposed rubric in practice with the
explicit purpose of establishing validity and reliability.

Limitations

We have identified several limitations associated with this work. First, all of our data
were collected and provided by the instructors, not by the authors. Some instructors pro-
vided comprehensive information associated with their course assignments, including
the full number of students completing the assignment and the accompanied artifacts,
while others only provided descriptions with no accompanied student artifacts. Second,
student artifacts are direct responses to the instructors’ assignment type and description.
We noted instances where the instructors’ description did not explicitly ask students
to demonstrate their CT skills, thus making it difficult to evaluate evidence of CT skill
development. Third, we mainly assessed CT skill development for each artifact and not
disciplinary content knowledge. There might be instances in which students’ content
knowledge is incorrect, despite demonstrating a sufficient understanding of CT. Thus,
future work may want to adapt the rubric to include both disciplinary learning and CT
skill development. Finally, we collected data only within one institution with 5 courses.
The data may not represent other courses in those disciplines.

Conclusion

In this study, we examined how and to what extent students from five non-CS
courses used CT skills when completing assignments in those courses. Our data
included 101 student artifacts from 12 assignments across five courses in four dis-
ciplines: mathematics, sociology, music, and English. Our results indicated that the
use of CT was dependent on disciplinary content and assignment prompts, with arti-
facts reflecting CT skills through various perspectives and formats. Our results also
revealed that students outside of CS can demonstrate a high level of CT proficiency
(i.e., capstone) across various disciplines.

The rubric used to assess students’ CT skills is developed for general assessment
across disciplines; however, some CT skills may align better with specific disci-
plines. Future studies should consider adapting this rubric for specific disciplinary
contexts. Further, they should also consider ways in which CT-integrated assign-
ments presented in this work could be iterated to more explicitly support the devel-
opment of students’ CT skills.

Appendix A

See Table 15.
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