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ABSTRACT

Computational thinking (CT) is key to digital literacy and helps
develop problem-solving skills, which are fundamental in modern
school. As game design shows potential for teaching CT, metrics
like Dr. Scratch emerge that help scholars systematically assess
the CT of student-designed games, particularly with Scratch. Com-
pared to other CT metrics, Dr. Scratch scores the CT of Scratch
projects automatically and can be used to describe CT develop-
ment. However, previous research using Dr. Scratch summatively
assessed CT, but did not look at CT development. We use Dr. Scratch
to assess the CT development of Scratch games designed by 8th-
grade students in STEM curricula. We show how CT proficiency in
student-designed games develops differently in each CT dimension,
where parallelism, synchronization, and logic develop proficiently,
while developing abstraction seems hard. We discuss insights into
game-based CT development for STEM, and suggest improvements
for metric-based CT assessment.

CCS CONCEPTS

· Social and professional topics → Computing literacy; Stu-
dent assessment;K-12 education; ·Human-centered comput-

ing → User studies; Empirical studies in interaction design;

KEYWORDS
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1 INTRODUCTION

Computational thinking (CT) [79, 83, 84] is emerging in school
curricula as a critical practice to be taught and leveraged in the
21st Century [17]. It involves using key learning outcomes in
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modern education, such as critical thinking [6, 56] and problem-
solving [3, 26, 70, 71, 81], to support practices that lead to digital
literacy [16, 23, 37], including programming [32ś34, 54] and algo-
rithmic thinking [20, 21, 38, 73]. As CT is essentially a problem-
solving process (viewed from the perspective of how a computer
would express problems and find solutions), the use of computing
is now present in most school curricula to support problem-solving
across various disciplines [75] (e.g., it has been increasingly imple-
mented in STEM curricula [3, 25, 26, 59]).

Meanwhile, the increasing adoption of CT in modern schools is
calling for tools that allow for effective teaching and assessment
of CT [24, 49]. For teaching CT, game-based learning [70, 71], par-
ticularly game design [2, 5, 12, 13], shows promise. Game design
has the benefit of introducing students to CT through creative
practices [2, 13, 18, 22, 28, 39, 50, 59], and allows them to apply CT
concretely while designing and creating digital artifacts [29, 30]. For
assessing CT, various instruments are being developed, including
surveys [10] and tests [8], but finding and validating CT measures
that assess CT consistently across different disciplines remains
challenging. A particularly promising area of development within
CT assessment is the use of metrics [51, 84], that is, quantifiable,
operationalized measures of CT based on observed coding practices,
which relate to and deploy CT skills. Furthermore, CT metrics may
be computationally automated for assessing CT without the need
of human supervision. Such automated CT metrics may alleviate
teachers’ struggle with manual assessment of students’ CT skills,
as well as providing real-time feedback on how students develop
CT competency over time. For that purpose, CT metrics like Dr.
Scratch [49] have emerged recently, which automatically score CT
competency on seven CT dimensions (e.g., flow control) that are
based on observed coding practices in Scratch [63].

We use the automated CT metrics provided by Dr. Scratch to
assess CT practices deployed by 8th-grade students (i.e., age 13 to
14) via game design. We assess CT proficiency in 317 and explore
CT development in 217 student-designed serious games for STEM.
The games were designed by pairs of 8th-grade students as part of
a STEM curriculum taught by science teachers at middle schools in
the greater Boston, MA area. In this newly developed curriculum,
which aims to integrate the learning of CT, climate science, and
systems thinking in parallel, students were tasked to design serious
games on climate change using Scratch [63]. As such, compared
to previous work that assessed CT in game design [1, 48, 50ś52],
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our work provides unique insights on how CT develops via game
design within integrated learning practices that involve multiple
disciplines (i.e., STEM, CT, and game design).

However, as we focus on the promising use of metrics for as-
sessing CT development, we do not analyze the qualitative aspects
of the games (e.g., game genres, aesthetics) and curriculum (e.g.,
teacher knowledge and style, students’ prior knowledge), or con-
sider how and whether such games were effective as instrument to
learn about climate science and systems thinking. Also, differently
from earlier work [1, 48, 50ś52], which focused their assessment
only on the final CT scores given by Dr. Scratch, we analyze how
CT scores develop over time.

In this paper, we focus on and explore the extent to which current
CT metrics can be used to assess CT development, and provide
insights on how students develop their CT skills across the entire
duration of Scratch projects. In the context of Dr. Scratch, this means
observing how seven CT dimensions develop over time, thereby
indicating what dimensions develop early and more proficiently,
and which seem harder to develop in student-designed serious
games for STEM. We contribute the following to children uptake of
CT via game design in constructionist learning and CT metrics: (1)
insights into CT development and its assessment in the context of
student-designed serious games with Scratch for STEM, (2) discuss
lessons learned from using the Dr. Scratch metrics for exploring
and assessing CT development, and (3) identify if game design and
CT development align with specific learning goals of current STEM
curricula, from the sole perspective of CT metrics.

2 RELATEDWORK

We use Dr. Scratch [49] to explore and assess CT development in
serious games designed by pairs of 8th-grade students for STEM.
As such, we position our work in relation to (1) game-based learn-
ing [57], particularly game design for learning CT [80], and (2)
metrics for assessing CT (e.g., [10, 11]). Next, we review (1) existing
definitions of CT to provide context, (2) previous research on game
design for CT learning, (3) Scratch and its use for developing CT,
and (4) current metric-based approaches to CT assessment.

2.1 Computational Thinking

Computational thinking or CT [79] is generally defined as the
process through which problems are formulated in a way that
can be "understood" (and solved) by computers. The term CT
is often associated with algorithmic thinking [20] and program-

ming thinking [15], and it receives increasing attention from re-
searchers [80, 83, 84] while emerging in modern education [42, 43].
Although research has not yet agreed on a universal definition,
CT is widely recognized as a competence associated with problem-
solving. For instance, CT is described as involving problem-solving
using computer science knowledge, concepts, techniques, and per-
spectives [43, 78]. Weintrop et al. [80] explain that CT embodies
preparing computational solutions for problems, developing modu-
lar solutions, creating abstractions and troubleshooting and debug-
ging. Wing [83] proposes that CT is the thought processes involved
in formulating problems and their solutions.

Most recently, in an attempt to "demystify" CT, the concept was
categorized into six facets (i.e., decomposition, abstraction, algo-
rithm design, debugging, iteration and generalization), based on
the definition of CT as "a conceptual foundation required to solve
problems effectively and efficiently, with solutions that are reusable
in different contexts" [76]. Moreover, based on recent reviews on
CT, problem-solving emerges as one the three terms that are most
used to define CT practices [33]. As such, it is reasonable to see CT
being used often as an instrument that supports the development
of problem-solving skills, and across various disciplines [75]. In
this paper, we follow earlier work [49], which defined CT on seven
distinct dimensions that are based on observed coding practices (Ta-
ble 1), specifically for assessing artifacts created with Scratch [63].
Based on the CT dimensions proposed by Dr. Scratch, we explore
and assess CT development in student-designed serious games for
STEM curriculum that integrate the learning of CT, climate science,
and systems thinking.

2.2 Game Design as Tool for Learning CT

Game design is emerging in modern education for playful and
creative learning [35, 41, 59, 62, 80]; it is the part of game-based
learning [40, 77] that leverages constructionism [29, 30], and where
students construct knowledge by designing digital artifacts [55, 61].
We focus on the use of game design as a tool for scholars to teach
and learn CT [2, 24, 28, 50, 51, 85]. Earlier work argued that game
design and CT are related and mutually beneficial [2, 28], and how
game design can lead to effective CT learning [85]. For instance,
previous work showed how middle-school students learning CT
via game design score higher in CT tests [4, 53].

Moreno-León et al. have extensively investigated how game
design allows for learning and mastery of CT [49ś52], arguing how
early exposure of students to CT may benefit their overall academic
performance in the long run [50], and showing how designing
games may lead to higher CT mastery compared to other design
practices (e.g., design animations) [48]. However, previous work
did not look at how CT and its underlying practices (e.g., logic,
abstraction) develop as students design games. We assess the CT of
student-designed games created in Scratch [63] via Dr. Scratch [49],
and explore CT development.

2.3 Scratch

Scratch [63] (Figure 1) is a visual tool based on block program-

ming [69], which was designed by MIT specifically to help children
learn about programming and CT in a playful way, while creat-
ing digital artifacts; its design was inspired by the constructionist
tool Logo [55, 60]. Scratch features a library that contains several
premade programming blocks, which can be used to program and
design interactive applications, including animations and video
games [48]. Scratch is used worldwide by an ever growing online
community of users, both in formal education [45, 49, 50] and ex-
tracurricular activities [30].

Previous work assessing CT in Scratch artifacts showed that
the tool allows its users to develop proficiently in CT and easily
learn how to program [49, 50, 52]. However, no previous work has
investigated CT development in Scratch artifacts. We explore CT
development in student-designed serious games with Scratch, to
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Figure 1: Government Simulator, one of the serious games designed by students in Scratch for the STEM curriculum; the game

asks players to take political decisions that may impact the environment either positively or negatively.

provide insights on how students approach and develop CT in game
design for STEM curricula.

2.4 Metrics for Assessing CT

Various metrics assess CT. Examples include Bebras [10, 11], the CT-
t [66, 72], and Dr. Scratch [49]. Bebras [10, 11] defines a set of tasks
or challenges, which assess CT skills based on a two-dimensional
system characterized by five CT dimensions, namely abstraction,
algorithmic thinking, decomposition, evaluation, and generalization.
The CT-t [66ś68] assesses CT skills through a multiple choice test
that allows for one correct answer on various programming and CT
topics; for instance, the test shows four pictures containing similar
code snippets for looping [67], from which students identify the
code that works correctly if executed.

We assess the CT of games designed with Scratch, thus we focus
on metrics that were created to assess CT in artifacts created with
Scratch. Wilson et al. [82] created a coding scheme adapted from
Denner et al. [14] to assess students’ programming competence in
Scratch based on (1) programming concepts (e.g., use of conditional
expressions), (2) code organization (e.g., naming sprites), and (3) de-
sign for usability (e.g., design user input). Seiter and Foreman [74] in-
troduced the Progression of Early Computational Thinking (PECT)
model, which assesses CT by mapping high-level abstractions of
computational thinking concepts (e.g., problem decomposition), to
low-level, measurable evidence variables (e.g., use of programming
blocks in Scratch). Brennan and Resnick [9] proposed a framework
based on (1) computational concepts (e.g., parallelism), (2) compu-

tational practices (e.g., debugging, remix), and (3) computational

perspectives (i.e., developing a computational mind to understand
the surrounding technology), to assess CT through portfolio-based
and artifact-based analysis.

Although all viable, the approaches above mentioned rely on
manual analysis and human supervision, which make CT assess-
ment time-consuming and hardly scalable to big datasets. To com-
pensate, Moreno-León et al. [49] created a web application based

on Hairball [7] called Dr. Scratch1, which automatically assess CT
in Scratch artifacts.

2.5 Dr. Scratch

Dr. Scratch was used to assess CT with big datasets (e.g., 250K
projects [1]), and has shown to correlate with the judgment of
human experts [51]. The Dr. Scratch metrics score CT in Scratch on
a scale from 0 to 3 on what the authors call seven "CT dimensions"
( Table 1). Each score defines a level of CT proficiency: 0 = none, 1 =
basic, 2 = developing, and 3 = proficient, where the total score is the
sum of the individual scores for each CT dimension (max 21). The
same labels are applied to the overall score (i.e., 1 to 7 is basic, 7 to
14 is developing, and 15 to 21 is proficient). The scores are based
on observed coding practices in Scratch. For instance, for logic, Dr.
Scratch will score 1 point for the use of "if" blocks, 2 points for
"if-else" blocks, and including logic operators (e.g., AND, OR, etc.)
in these blocks will score 3 points.

3 METHOD

We use Dr. Scratch [49] to assess CT in student-designed serious
games for STEM, and analyze the results using descriptive statistics,
cluster analysis, and data visualization. Note that, unlike prior work
[48], we consider both the final CT score given by Dr. Scratch (i.e.,
the "CT proficiency"), and how CT evolves over time (i.e., the "CT
Development"). The serious games were designed by 8th-grade
students as part of a STEM curriculum focused on the learning in
parallel of CT, climate science, and systems thinking.

3.1 STEM Curriculum for CT Learning

We assess serious games designed by 8th-grade students for an
innovative STEM curriculum. The curriculum uses game design as
means to foster the learning of CT, climate science, and systems
thinking [58]. The main task for students is to program and design

1http://www.drscratch.org/
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Table 1:Dr. Scratchmetrics, showing competence level for eachCTdimension and relative Scratch practices; adapted from [47].

CT Dimension Competence Level

Null (0) Basic (1) Developing (2) Proficient (3)

Abstraction Ð More than one script and
more than one sprite

Definition of blocks Use of clones

Data representation Ð Modifiers of sprite proper-
ties

Operations on variables Operations on lists

Flow control Ð Sequence of blocks Repeat, forever Repeat until
Logic Ð If If else Logic operations
Parallelism Ð Two scripts on green flag Two scripts on key pressed, two

scripts on sprite clicked on the
same sprite

Two scripts on when I receive mes-
sage, create clone, two scripts when
%s is >%s, two scripts on when back-
drop change to

Synchronization Ð- Wait Broadcast, when I receive mes-
sage, stop all, stop program,
stop programs sprite

Wait until, when backdrop change
to, broadcast and wait

User interactivity Ð Green flag Key pressed, sprite clicked, ask
and wait, mouse blocks

When %s is >%s, video, audio

serious games in Scratch, which represent gamified versions of
climate change topics of their choice (e.g., CO2 emission).

The curriculum started with students and teachers exploring
together the various phenomena that relate to climate change (e.g.,
greenhouse effect and CO2 emission, deforestation). After the stu-
dents picked a climate change topic to explore via game design,
the students were exposed to serious games; they were asked to
play and critique existing serious games designed for educational
purposes (e.g.,Offset2 and Powerup3, two serious games designed by
NASA), to understand how such games are designed and how they
frame educational content. To help students structure the design
of their serious games, the teachers also introduced them to the
Triadic Game Design model [27].

Then, the students were introduced to Scratch through an activ-
ity called "10-Block Challenge", where they could practice how to
code using only 10 given blocks. Once the teachers felt that the stu-
dents had a sufficient understanding of climate science, designing
serious games, and programming in Scratch, they let them develop
their final projects in pairs.

The curriculum was implemented in 35 science classes over two
years, at three different schools by nine teachers, and involved 8th

grade students (13 to 14 years old, approximately 19 students per
class). Prior to the curriculum implementation, all teachers partic-
ipated in a professional-development program, which facilitated
their understanding of programming in Scratch and CT. While the
program aimed to address teachers’ knowledge gaps and comfort
level [46], it is still important to note that most teachers had no
prior experience with either Scratch or game design.

The teachers were given the freedom to adjust the curriculum
according to their available class time and objectives. The imple-
mentation took between four to six weeks, and while all teachers
followed the curriculum closely, differences were noticeable among

2http://climatekids.nasa.gov/offset/
3http://climatekids.nasa.gov/power-up/

their implementations. Because the game design activity was open-
ended, the range of games developed by students varied widely,
from simple mini-puzzle games, to more elaborate simulation or
narrative-based adventure games (e.g., Figure 1).

We focus on the analysis and assessment of CT development.
Hence, we disregard contextual information about (1) curriculum
implementation, (2) role of teachers, (2) genres of student-designed
games, and (3) teamwork dynamics between student pairs. We
acknowledge that such variables may have partly influenced the
results, but consider their analysis out of scope in the present work.

3.2 Dr. Scratch Assessment and Data Collection

We use Dr. Scratch [49] to assess CT proficiency in 317 and CT
development in 217 serious games designed by students in Scratch.
However, differently from earlier work using Dr. Scratch [50, 52],
the students who designed the games were not provided with real-
time feedback on the status of their CT score, to avoid biasing
their design choices. Upon teachers’ supervision, students were
instructed to upload the link to their Scratch projects on an external
repository, from which we retrieved data for later analysis.

We tracked and collected the data contained in the Scratch com-
pressed .sb2 files (e.g., changes in code, time-stamps) using the
Scratch API. We kept track of the Scratch projects and their updates
using a Python script, which took a "snapshot" of the projects every
minute; we found such interval to be a good trade-off between
capturing significant changes in code and limiting computational
expense. We collected a total of 22,087 snapshots.

3.3 Data Cleaning

We collected a total of 435 Scratch projects. We found 45 corrupted
or abandoned projects, which we filtered out. Additionally, we ex-
cluded 73 projects that students made for the "10-Block Challenge",
as these were preparatory exercises and did not reflect mature CT
development. The data filtering led to a final dataset of 317 Scratch
projects, which we used to assess the overall CT proficiency, as
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well as CT proficiency in each of the seven CT dimensions defined
by Dr. Scratch (Table 1).

Furthermore, we analyzed how CT proficiency developed in
time as students designed their games in Scratch. To analyze CT
development, we looked at sequences of snapshots over the life
span of Scratch projects (from start to end), and observed how the
Dr. Scratch score evolved. As we analyze CT development based
on quartiles, we require a minimum of five snapshots per project.
This further reduced the number of analyzable projects for CT
development to 217 .

3.4 Data Analysis

We conducted two analyses: (1) a CT proficiency analysis and (2) a
CT development analysis. The CT proficiency analysis looks only
at the final CT score in Dr. Scratch for the 317 student-designed
serious games. For the CT development analysis instead, we tracked
the evolution of Dr. Scratch scores for 217 Scratch projects using
the collected snapshots.

As explained earlier, we collected the projects snapshots by track-
ing changes in code at regular intervals (i.e., one minute), and stored
snapshots only when changes in codes occured. Similar data ex-
traction and collection process are used in software evolution [31],
where changes are tracked by project commits or saves.

Since the numbers of snapshots varied greatly in Scratch projects,
ranging from 5 to 375, to represent CT development across projects
coherently, we normalized the number of snapshots by retrieving
representative quartiles at evenly distributed positions. For instance,
if a project has 8 snapshots, Q0 would be snapshot 1, Q4 would be
snapshot 8, while Q1 − Q3 would be evenly distributed from the
rest of the snapshots (i.e., snapshots 2, 4, and 6, respectively). Using
the quartiles, we analyze CT development across 217 projects and
explore how each CT dimension develops over time.

To further investigate trajectories of CT development, we per-
form cluster analysis using k-medoids with k = 9 (k chosen via
the silhouette method [36]), and the sum-squared distance between
the total CT score at each quartile as the distance metric. Finally,
for both the CT proficiency and the CT development analyses, we
looked at the Dr. Scratch score for the overall CT proficiency (from
0 to 21), as well as the score for each CT dimension (from 0 to 3).

4 RESULTS

We first present results from the analysis of the final Dr. Scratch
scores, which reflect the CT proficiency of 317 Scratch projects
(i.e., student-designed serious games). Then, we explore the CT
development of 217 student-designed games, and show results from
the analysis of the Dr. Scratch scores evolving over time as students
design and program serious games in Scratch.

4.1 CT Proficiency

We show the results from assessing CT proficiency in 317 student-
designed serious games using Dr. Scratch. First we show the overall
CT proficiency achieved in Scratch projects (i.e., from 0 to 21), then
we show the proficiency of each CT dimension (i.e., from 0 to 3).

4.1.1 Overall CT Proficiency. Figure 2 shows the distribution and
frequency for the total Dr. Scratch scores. As said earlier, Dr. Scratch
divides CT proficiency into three levels (Table 1): (1) basic (from 1
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Figure 2: Total Dr. Scratch scores of student-designed games.

to 7), (2) developing (from 8 to 14), and (3) proficient (from 15 to
21). We refer to those labels while reporting the results to describe
different levels of CT proficiency.

Overall, student-designed games showed developing CT profi-
ciency (M = 14.07, SD = 3.33). Among 317 student-designed games,
72 reached a score of 16 and showed CT proficiency. More than
half of the projects (n = 179) scored between 14 (n = 27) and 18 (n
= 19), showing also CT proficiency. The rest deployed either basic
or developing CT (n = 121), and few reached high CT proficiency
(n = 16, scoring 19-20). Only one student-designed serious game
scored the maximum (i.e., 21 CT points). These results corroborate
the underlying conjecture of the STEM curriculum that designing
serious games allows students to become proficient in CT.

4.1.2 Proficiency of Individual CT Dimensions. Figure 3 shows the
Dr. Scratch score frequency for each individual CT dimension. Ab-
straction (M = 1.34, SD = 0.72) and user interactivity (M = 1.88,
SD = 0.37) show the highest frequencies at CT score 1 (n = 251)
and CT score 2 (n = 267), respectively; this indicates that overall,
student-designed games showed basic proficiency in abstraction
(i.e., breaking a problem down into smaller parts) and developing
in user interactivity (i.e., programming user input and interactive
contents). As most games showed basic proficiency in abstraction,
that means few of the Scratch projects in analysis defined blocks or
made use of clones, which are considered "advanced coding prac-
tices" in Scratch for this particular CT dimension. However, in those
few projects that showed developing or proficient in abstraction,
we found that using clones was more frequent (n = 46) than defining
blocks (n = 11). This shows discrepancy between the affordances
of current game design tools and CT metrics scoring criteria. In
fact, while Dr. Scratch scores using clones higher (i.e., 3 points)
than defining blocks (i.e., 2 points), in Scratch defining blocks is
harder, as it involves more than simple code cut-and-paste (i.e.,
cloning). This finding is in line with the results reported in previous
research [64], where the practice of cut-and-paste instead of the
more "appropriate" definition of blocks was frequently identified.

Regarding user interactivity, student-designed games showed
developing proficiency in this CT dimension. That means most
games were designed for user-input, and allowed for interaction
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Figure 3: Heatmap showing the Dr. Scratch scores for each

individual CT dimension and their frequencies.

through keyboard or mouse input. These results are not surpris-
ing, given that the Scratch projects made by students were games,
which require interactivity by definition [27]. However, only few
games (n = 6) embedded video or audio content that is triggered by
user input, which Dr. Scratch scores 3 in user interactivity. Interest-
ingly, Scratch projects that score 3 in user interactivity were also
uncommon in previous work [48].

Proficiency in flow control (M = 2.05, SD = 0.59) and data rep-
resentation (M = 1.85, SD = 0.51) showed developing in student-
designed games (CT score 2, n = 207 and 230, respectively). For flow
control (i.e., programming and handling sequential events), this
means that students had an understanding of how to handle basic
block sequences and were able to create loops that repeat forever,
while they have had less understanding (or less need) of how to
use loops that repeat until a certain condition is met (i.e., Boolean
block is true).

For data representation (i.e., setting and retrieving information),
the projects reflect students’ understanding of basic mathematical
operations that they used to modify sprite properties, creating, and
handling variables that represent data (e.g., time counter). However,
few projects showed competency with operations on lists, meaning
that such data representation practices were hard to develop, or not
always needed by students when designing their serious games.

Regarding logic (M = 2.07, SD = 1.2), parallelism (M = 2.33, SD =
0.95), and synchronization (M = 2.49, SD = 0.81), the games were
proficient in all three CT dimensions (CT score 3, n = 192, 202,
and 209, respectively). For logic (i.e., use of conditional operations),
this means that the projects reflected students’ understanding of
how to handle basic logic in Scratch (e.g., if-then). However, we
observed a "jump" from score 1 to 3 in this dimension, suggesting
that students may move directly from using simple if blocks, to
using more complex logic operators (i.e., CT score of 3 for the use
of binary operators such as AND and OR).

While the use of if-else blocks (i.e., CT score 2) may be comprised
already in advanced logic operations, the use of binary operators
does not ensure that learners have previously used if-else blocks.
Therefore, the absence of else blocks should be signalled in some
way by Dr. Scratch, as it hints to a lack of linear development in
logic. In addition to the jumps in scores, it is important to notice that
in logic and parallelism, although the highest frequency of scores

are 3, there are many projects with scores of 0 (n = 49 for logic) and
1 (n = 70 for logic, n = 78 for parallelism). This suggests that the
metrics for these two CT dimensions may need re-calibrating, or
that game design may not ensure that such dimensions are learned
in a linear fashion.

For parallelism (i.e., a series of events occurring simultaneously),
the student-designed games showed advanced use of multiple
scripts and clones in Scratch; this may have been deployed in as
changes in backgrounds, creation and multiplication of in-game
objects (e.g., targets), or defining time constraints (e.g., when timer
> 45, end game). Finally, for synchronization (e.g., creating and han-
dling synchronized events), the games showed proficient CT, thus
frequently using broadcast blocks and elements from the backdrops
library (i.e., backgrounds). In sum, the student-designed games
showed proficient CT in logic, parallelism, and synchronization, de-
veloping in data representation, flow control, and user interactivity,
and basic in abstraction.

4.2 CT Development

In this section, we present the results of the CT-Development analy-
sis for 217 student-designed serious games, and show how each CT
dimension developed over time as students designed their games.

4.2.1 Quartile Analysis. Figure 4 shows the development of the
project scores across the quartiles (see Section 3) for each of the
seven Dr. Scratch CT dimensions. Note that, although we expected
the first snapshots of projects at Q0 to be always 0 points in all CT
dimensions, we see that (1) user interactivity always starts above
0 (i.e., Dr. Scratch scores 1 in this dimension for Green flag, which
block is added automatically by Scratch to newly created projects),
and (2) 183 projects score above 0 inmultiple CT dimensions already
at the start. This may be due to one of the following:

(1) During the snapshot collection, initial progress in a project
might have not been available. This could be because some
students may have uploaded the link to their Scratch projects
after some initial progress was already made.

(2) Some Scratch projects might have been remixes, namely they
were based on already existing projects, and developed fur-
ther based on previously existing coding. This would mean
that their initial CT scores would include pre-implemented
Scratch blocks and codes, and thus deploying already some
degree of CT proficiency at the start.

Overall, all CT dimensions show development in CT across quar-
tiles. However, they differ in how and when they develop. The least
development by far is noticeable with abstraction. It starts basic and
does not show observable improvement throughout. The distribu-
tion ranges from null to proficient, suggesting that only atQ4 (Mdn

= 1, IQR = 1-2) CT development in abstraction can be observed, and
that this widely differs per project. User interactivity, data repre-
sentation, and flow control have similar but distinct trajectories.
User interactivity ranges from null to proficient CT in Q0 (Mdn =
2, IQR = 1-2), but does not show further development in the other
quartiles, with the exception of a few outliers (see Figure 4), while
the rest achieve a score of 2 in Q1 and keep that score onward.
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Figure 4: Distribution of Dr. Scratch CT scores for individual CT dimensions across Scratch project quartiles; dashed lines

represent the error bars; red dots are the outliers.

Data representation shows development trajectories similar to
user interactivity. However, it does not show development nor any
distribution beyondQ2, suggesting that this dimension consolidates
or is approached later than user interactivity in student-designed
games. Flow control develops similarly to data representation, but
continues improving slightly until Q4 (Mdn = 2, IQR = 2-3). A com-
mon element among these four dimensions is that, while devel-
opment is noticeable, they mostly remain developing, and hardly
reach high CT proficiency. This suggests that (1) there may be
barriers to developing these CT dimensions proficiently, (2) the
student-designed games did not need to develop proficiently in
those dimensions because of specific design choices, or (3) the Dr.
Scratch metrics need re-calibrating for the context in which CT
practices are deployed.

Then, by and large, synchronization, parallelism, and logic have
similar but yet distinct patterns. Synchronization shows the fastest
improvement; it develops from basic to proficient already at Q1

(Mdn = 3, IQR = 2-3), and while showing possibility for improve-
ment in Q1śQ3, in most projects it sets on proficient CT early, and
shows no further development in Q4. Parallelism, instead, develops
somewhat similarly but slower and more gradually: it develops
from basic inQ0 (Mdn = 1, IQR = 0-3), to developing inQ1 (Mdn = 2,
IQR = 1-3), then to proficient in Q2 (Mdn = 3, IQR = 1-3), while Q4

shows no further development. Logic develops even slower than
parallelism and at Q4 shows still chances of development. It is still
basic at Q2 (Mdn = 1, IQR = 1-3), but then "jumps" to proficient at
Q3 (Mdn = 3, IQR = 1-3).

4.2.2 Cluster Analysis. In the previous section we identified devel-
opment trends for the individual CT dimension across 217 projects.
However, although these trends provide useful insights into CT de-
velopment, they do not show the extent to which different projects
develop CT with similar trajectories, which may have been lost
when averaging CT development across projects. Hence, we further
inquire trajectories of CT development through cluster analysis (see
Section 3). Table 2 shows the number of projects belonging to each
of the nine clusters we identified. Figure 5 shows how the different
clusters evolve across the quartiles on the seven CT dimensions.
Below, we describe the CT development trajectories that emerge
from the cluster analysis.

Cluster 1 (Figure 5a) shows steep improvement in all CT dimen-
sions from the first snapshot to Q1, going from 0 to 2 in five CT
dimensions, while abstraction and logic stay on 1. Between Q1 and
Q4, logic shows the steepest curve of improvement, which reaches
high proficiency in Q4, while abstraction is the only CT dimension
that stays below 2. The way in which each CT dimension devel-
ops within Cluster 3 (Figure 5c) has similar trends with Cluster 1.
However, in Cluster 3 most CT dimensions start from above the
score of 0 already at Q0. Regardless, these two clusters are marked
by a steep initial increase and then a gradual improvement across
the remaining quartiles towards proficiency, with the exception of
logic, which increases rather linearly.

Clusters 2 and 6 (Figures 5b and 5f, respectively) show CT de-
velopment trajectories similar to Clusters 1 and 3 (mean snapshots:
150.5 and 141.3), but seem to improve more rapidly (mean snap-
shots: 73.1 and 80.1). However, when comparing Cluster 2 to
Cluster 6, the latter shows higher competency in logic, synchro-
nization, and parallelism, and more development in abstraction
throughout. Furthermore, Cluster 6 (but also Cluster 7) develop ab-
straction and logic more proficiently than other clusters, suggesting
that in these we may be assessing projects that were designed by
students with prior knowledge of Scratch, or that such projects may
have been remixes of previously existing projects. Despite these
differences, Clusters 2 and 6 illustrate CT development trajectories

Cluster # Projects in Cluster Mean Snapshots/Project

1 25 150.5

2 57 73.1

3 31 141.3

4 31 85.1

5 24 86.3

6 36 80.1

7 9 52.4

8 2 9.5

9 2 43.0

Table 2: This table shows the number of projects belonging

to each cluster and the average number of snapshots for the

projects within those clusters.
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(a) Cluster 1 (n = 25). (b) Cluster 2 (n = 57). (c) Cluster 3 (n = 31).

(d) Cluster 4 (n = 31). (e) Cluster 5 (n = 24). (f) Cluster 6 (n = 36).

(g) Cluster 7 (n = 9). (h) Cluster 8 (n = 2). (i) Cluster 9 (n = 2).

Figure 5: The average scores over the quartiles for the projects in each cluster.

that go from basic to developing fast in the first two quartiles and

gradually improve towards proficiency in the last quartile.

Cluster 4 (Figure 5d) is the cluster where logic shows the least de-

velopment and where parallelism develops less steadily and rapidly

compared to other clusters. Interestingly, projects from Cluster

4 developed over slightly more iterations (mean snapshots: 85.1)
than Clusters 2 and 6 (mean snapshots: 73.1 and 80.1), but still
show less development in logic and parallelism compared to those.

This means that, although projects in Cluster 4 had more time to

develop compared to Clusters 2 and 6, students designing games in

this cluster may have found difficult, or may have not need to use

(1) developing Scratch practices for logic as defined by Dr. Scratch

(i.e., using if-else and logic operators like AND and OR), or (2) creat-

ing clones for parallelism. While it may be that students designing

games in Cluster 4 did not need to use advanced Scratch practices

for the aforementioned CT dimensions, overall the cluster displays

little development on all CT dimensions.

Cluster 5 (Figure 5e) shows unique CT development trajectories

compared to other clusters. For instance, logic, abstraction, par-

allelism, and synchronization struggle to develop within the first

two quartiles (i.e., score < 1 for Q0śQ2) and it is the only cluster

where logic and flow control develop slightly more proficiently

than parallelism; it is also the only cluster that shows one of the

CT dimensions (i.e., abstraction) slightly decreasing in proficiency

between Q1 and Q3. Similarly to Cluster 4, Cluster 5 does not show

progress towards CT proficiency.

The remaining clusters (i.e., Clusters 7, 8, and 9) contain fewer

projects compared to the other clusters (see Table 2). In particular,

Cluster 8 contains only two projects and no CT development is ob-

servable; these are likely projects that were started and immediately

abandoned. Cluster 9 contains two projects too, but shows some

CT development compared to Cluster 8. This is because, projects

from Cluster 9 may have been initially developed by students with

the intent to complete them, but were then abandoned or moved to

new Scratch projects.

Finally, Cluster 7 (Figure 5g) also contains few projects (n = 9),

but shows CT development throughout, which eventually leads

to high CT proficiency; this is also the cluster where we see the

highest overall CT development. Considering the few number of

snapshots, Cluster 7 may include Scratch projects that were de-

signed by students with prior knowledge of the tool, or that devel-

oped their Scratch code based on preexisting Scratch projects (i.e.,

they remixed code that was already implemented by other Scratch

users).
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5 DISCUSSION

We assessed and analyzed student-designed serious games with
Scratch for STEM curricula using Dr. Scratch. We looked at both the
global (overall CT scores) and the atomic (scores for each CT dimen-
sion) levels of CT practices in students’ games, and reported results
on their final product (CT Proficiency) as well as their development
over time (CT Development). Here, we reflect on the insights from
the assessment and analysis of CT development in student-designed
serious games for STEM, outline the lessons learned from metric-
based CT assessment using Dr. Scratch, and consider limitations to
our work.

5.1 Insights into CT Development

Previous work using Dr. Scratch looked at how CT develops to-
wards proficiency within different design practices in Scratch (e.g.,
art design, music composition, game design), and showed that CT
develops most in game design [48]. Our assessment of CT profi-
ciency reinforces such evidence and argues that game design may
be effective for supporting students in developing CT proficiently
in STEM curricula (i.e., most student-designed serious games in
analyses showed developing and high CT proficiency).

In breaking down the overall score, we showed that student-
designed games deployed CT proficiency in synchronization, paral-
lelism, and logic, while abstraction was basic; prior investigations
assessing Scratch games with Dr. Scratch showed similar trends
[48]. Therefore, while the present work focuses on CT practices
deployed in the context of STEM curricula integrating game design,
climate science, and systems thinking, our results highlight that
from a Dr. Scratch perspective, the results are higher compared to
other non-game design practices and at least equivalent to other
CT practices involving game design. This means that while im-
provements are possible, the newly developed STEM curriculum
was effective in teaching CT, despite teachers’ limited knowledge
and experience with Scratch and CT and the additional demands
and constraints placed both on teachers and students in such an
integrative curriculum as presented in this paper.

Compared to previous assessment that considered only the final
Dr. Scratch scores [48], we add the analysis and assessment of CT
development over time, as students created and designed serious-
games in Scratch. We observed that synchronization, parallelism,
data representation, flow control, and user interactivity developed
early in student-designed games, but that data representation and
user interactivity soon stopped improving and settled on developing
CT proficiency (i.e., CT score 2) before students were even half-
way through their Scratch projects. By contrast, logic shows a slow
start but continues developing until the end to eventually reach CT
proficiency (i.e., CT score 3).

Additionally, we observed various trajectories of CT develop-
ment, which can be described in four ways: (1) quick-then-steady:
those projects that make a short burst at the onset, then gradu-
ally improve their CT until they reach high proficiency (26%); (2)
steady-all-the-way: such projects gradually and steadily improve
CT throughout, with no observable steep curves or sudden changes
in score (42%); (3) slow-and-still-developing: projects that slowly
develop CT proficiency and do not manage to reach the high CT
proficiency in any of the seven dimensions, but remain developing

(25%); and (4) no-improvement-necessary: those projects that show
no observable improvement, as their CT is already proficiency at
the start (4%). Further investigation, however, is necessary to better
understand such CT trajectories.

Interestingly, we observed that the majority of games we as-
sessed developed poorly in abstraction and data representation;
these results were similar in previous CT assessments based on
Dr. Scratch [48, 50]. However, we find these results somehow sur-
prising, when considering the context in which students designed
their games. One main goal of the STEM curriculum was to teach
young students about systems thinking, which involves developing
problem-solving skills (e.g., [44]). In that respect, it is interesting
that the two CT dimensions that mostly relate to problem-solving
(i.e., abstraction and data representation) are the ones that devel-
oped the least. This may be due to an imbalance in the implemen-
tation of the STEM curriculum or the requested task (i.e., game
design), which might have shifted students’ focus more towards
designing the actual game rather than reflecting on system think-
ing and climate science, and favored a higher development of CT
dimensions like user interactivity.

5.2 Lessons Learned from Metric-Based CT
Assessment using Dr. Scratch

While there are broadly accepted definitions onwhat CTmeans [79],
measuring and assessing CT remains challenging. Dr. Scratch pro-
poses a set of metrics that can be used to automatically assess
CT proficiency and CT development in Scratch artifacts, and has
demonstrated its reliability [52]. This system can be critiqued or
changed (see also [28]) in several ways, the most relevant one being
the inherent limitations of any automatic assessment approach;
however, our work found a number of specific lessons learned.

First, we found discrepancies between how Dr. Scratch assesses
CT competencies in Scratch, and how much CT proficiency is ac-
tually needed for the associated coding practices in Scratch. For
instance, defining blocks in Scratch (which Dr. Scratch scores 2 CT
points in abstraction) is harder than using clones (which is scored
3 CT points in the same dimension). Once a clone is created (which
Dr. Scratch scores 3 in parallelism), using clones is relatively easy
to implement; as such, creating a clone may automatically result
in getting 3 points in abstraction for simply using clones. Instead,
defining custom blocks in Scratch assumes higher programming
skills, as students need to have a more solid and deeper understand-
ing of how Scratch works, to be able to create blocks that do not
already exist in the Scratch environment, rather than using blocks
that are already available.

Furthermore, the Dr. Scratch metrics for abstraction may inad-
vertently promote what Robles et al. [65] defined as bad smells

(i.e., coding practices that are not recommended), such as copy-
and-paste of code chunks, as they score high. We observed that
logic developed straight from basic to high CT proficiency, in fact
"jumping" directly from 1 to 3. This may be due to imbalance in
the Dr. Scratch metrics for logic, which vaguely define "logic op-
erators" as the highest level of CT proficiency. Finally, as seen in
previous work [48], we showed that data representation and user
interactivity "saturate" when reaching developing CT competency.
This trend should be further investigated in future work with Dr.
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Scratch, to understand why the use of advanced coding practices
for such CT dimensions are uncommon, and whether the reason
lies in how Dr. Scratch defines their metrics.

5.3 Limitations and Generalization

We see limitations and a number of potential threats to validity in
our work, for which we aim to compensate in future work. First,
we purposely focused on assessing CT proficiency and CT devel-
opment of student-designed serious games via metrics. As such,
we did not include in our analysis the qualitative aspects of such
games and the information related to the curriculum in which they
were developed (i.e., influence of different teaching styles on the
development of CT practices). For instance, we did not consider the
genre of the games in question (e.g., narrative, action). The serious
games were designed by students with different prior knowledge
of Scratch and programming, under the supervision of different
teachers, whose different teaching methods might have in part
influenced the way CT was developed and deployed by students
throughout the projects. Future work should include such con-
textual information, to further understand how particular game
design choices, different teacher’s approaches, and different levels
of prior knowledge of programming and CT in students, influence
the development of CT trajectories that lead to CT proficiency.

Another limitation to our approach is represented by how we
collected the data for our analysis. As noted in Section 4.2, a con-
siderable number of projects showed already a degree of CT devel-
opment from the first snapshot, which hints to potential missing
information or projects that started as a remix (which, notably, is
information that cannot be retrieved from the .sb2 Scratch project
files). However, at present our data scraping and collection sys-
tem does not allow us to identify whether a project is a remix of a
previously existing Scratch project.

Furthermore, it is possible that teachers implementing the cur-
riculum did not always ensure that students (correctly) uploaded
links to their Scratch projects in our repository before starting to
develop the coding. We should compensate for that shortcoming
in future work by (1) ensuring that teachers implementing the
curriculum promptly instruct students to upload the link to their
Scratch projects as they develop them, and (2) finding a systematic
way to identify and distinguish Scratch projects that are remixes
from the ones that start from scratch. Previous work has identified
remixes among Scratch projects; however, it is unclear how this
was achieved [1]. Third, the student-designed games of which we
assessed CT proficiency and CT development were created and de-
signed for specific educational goals (i.e., teaching young students
about CT, climate science, and systems thinking via game design).
This may represent both a strength and a weakness.

On the one hand, our student-designed games provide insight
on CT development that are grounded in specific design practices
(i.e., designing educational games on climate change). Therefore,
researchers that are particularly interested in the context in which
our results were produced may benefit from our effort. On the other
hand, because we investigated CT development in such a specific
context, our results may be hard to generalize. We offer the results
of a case study, with its particularities and peculiarities. We thus
cannot claim that our results and observations can be generalized to

other types of projects (e.g., animations, story-telling) and contexts
(e.g., other programming languages or learning environments).

However, the value of case studies should not be underestimated;
Flyvbjerg [19] provides several examples of individual cases that
contributed to discoveries in areas such as physics, economics, and
social sciences. As a case study, our work serves as an example that,
from a CT perspective, game design represents a valid tool that can
effectively integrate the teaching of CT along with other topics (i.e.,
climate science), particularly in STEM curricula. Future work should
go beyond and assess the CT development of student-designed
games produced in diverse contexts, to see if the trends are common
across different disciplines and educational goals, and compare the
results to produce a broader overview of CT development via game
design.

6 CONCLUSION

We assessed CT in student-designed games with Dr. Scratch and
showed that game design in STEM curricula lead to CT proficiency.
We provided insights into CT development in game design for
STEM, showing that synchronization, parallelism, flow control,
and logic develop proficiently in such context when assessed by
Dr. Scratch. Furthermore, we identified potential flaws in the Dr.
Scratch metrics and suggested improvements. Finally, we showed
how existing CT metrics can be used to explore and assess CT
development in student-designed games, but that they need re-
calibrating and further improvements.
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SELECTION AND PARTICIPATION OF
CHILDREN

Children participated as students of a STEM curriculum devel-
oped together by a team of teachers and experts on constructionist
learning and game design. All the data we have collected for our
assessment and analysis used consent of teachers and student par-
ents, and children assent. The consent form described (1) the tasks
related to the curriculum (i.e., designing games in Scratch, learning
climate change, and systems thinking), (2) what kind of research we
would conduct using the student-designed games, and (3) clearly
stated that the data would be treated with discretion and children
identities would be protected (i.e., the student pairs used teachers-
assigned pseudonyms when loading their projects on the Scratch
website).
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