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ABSTRACT

Game design is increasingly used in modern education to
foster Computational Thinking (CT). Yet, it is unclear how
and if the game genre of student-designed games impact CT
and programming. We explore how game genre impacts CT
development and programming routines in Scratch games de-
signed by 8th-grade students using a metrics-based approach
(i.e., Dr.Scratch). Our findings show that designing particular
games (e.g., action, storytelling) impact CT and programming
development. We observe, for instance, that CT skills develop
and consolidate fast, after which students can focus on aspects
more specific to game design. Based on the results, we suggest
that researchers and educators in constructionist learning con-
sider the impact of game genre when designing game-based
curricula for the learning of programming and CT.

CCS Concepts

*Human-centered computing — Human computer inter-
action (HCI); *Applied computing — Interactive learning
environments;

Author Keywords
Game-based learning, game design, computational thinking,
video games, Scratch, Dr. Scratch, constructionist learning

INTRODUCTION

Game-based learning is emerging in contemporary education
and its benefits have been extensively discussed [ 109, 113,
67, 4, 128, 32, 120, 25, 112, 110, 27, 125]. Previous work,
for instance, showed how video games allow for effective
learning of the science and engineering in parallel [64]. Oth-
ers used games to help support the education of underserved
students [25]. The benefits of game-based learning are gener-
ally exploited through (1) an instructionist (or play-centric)
approach [26], where students play serious games [113, 67,
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6, 94] to learn (e.g., [80, 25, 55, 102, 109]), or (2) a con-
structionist approach [46, 51, 115, 81, 90, 95, 48, 91], where
students learn (as in construct knowledge [85]) through cre-
ating artifacts. As modern education moves more towards
constructionist learning, game design [23] is prominently used
in the classroom as a learning tool (e.g., [35, 121, 7, 88, 89,
118, 19, 77, 9]). Nowadays, students design games [79] to
learn in many educational contexts and about various topics,
including problem-solving [103], computer science [78], and
climate science [7, 89, 118, 42].

Recently, game design has emerged in constructionist learning
for computational thinking (CT) [74, 75, 71, 96, 42, 2, 76,
133, 58, 20, 118]. In game-based constructionist curricula
(e.g., STEM [88, 89, 118]) the focus is “teaching coding and
academic content through game making” [51]. As such, teach-
ers may ask students to design games on specific topics (e.g.,
climate change [118]), for learning scientific content while
developing CT. While current game-based curricula for CT
focus much on content uptake, the impact of what students de-
sign on CT and programming is mostly unexplored. Previous
work [71], however, showed that what students design (e.g.,
video games, music applications), does impact CT.

In this paper, we investigate if and how the game genre of
student-designed video games impact CT development and
programming routines, both as (1) CT proficiency, (2) the de-
velopment of CT proficiency over time, and (3) programming
in Scratch [93] as block usage [18]. We examine 404 Scratch
video games designed by 8-grade students using a metrics-
based approach (i.e., Dr.Scratch [73]), and explore the impact
of game genre on CT development, both overall and for each
individual CT dimension (see [118]), and on block usage. To
identify the game genres, we perform emergent coding [11]
based on the Triadic Game Design (TGD) model [37].

Through our analysis, we show how CT develops differently in
the early phases of game design based on game genre, and thus
provide empirical evidence that game genre impacts both CT
development and programming routines; to our knowledge, no
previous work assessing CT in game-based constructionist cur-
riculum provided such evidence. We discuss how our results
have implications for CT assessment and conclude by offering
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pedagogical recommendations for researchers and educators
working with constructionist learning, CT, and game design.

RELATED WORK

In this paper, we focus on how game design practices (in the
instance of game genre) impact students’ development of pro-
gramming and CT skills in constructionist STEM curricula.
As such, we position our work in (1) game-based construction-
ist learning (specifically game design) and (2) programming
practices and CT assessment (in Scratch via Dr.Scratch). Next,
we briefly review related work in those areas.

Game(Design)-Based Learning

Game design is becoming widespread as a creative activity that
supports students’ learning [87, 53, 60, 92, 127, 89, 88, 118],
and it has been used to teach a variety of topics, including sci-
ence [78, 59], environmental awareness [54], climate science
and systems thinking [42, 7, 88, 89, 118], problem-solving [1],
and software engineering [15]. Earlier work discussed the
benefits that game design brings to education as a learning
tool [51, 125, 79, 23]. In that respect, Ke [55] showed how
students that personally re-elaborate concepts through game
design are highly engaged by the learning process, and in turn
increase their chances of becoming proficient in the topic of
interest. As a learning activity, game design is grounded in the
educational philosophy of constructionism [46, 51], where stu-
dents are prompted to “construct knowledge” [81, 91], rather
than being “instructed to it” (for a review, see [49]). As such,
creating digital artifacts (i.e., video games) for learning pur-
poses has a long tradition within constructionism.

Dating back to the early 1980s, Seymour Papert used
LOGO [82, 90] to let young students learn creatively by
programming and designing games [81]. More recently,
Resnick [93, 62] further evolved the concept of LOGO into
Scratch, which is now widely used as an online game design
platform, and its ever growing community counts thousands
among young game designers and programming enthusiasts.
Thanks to Scratch, game design has become widespread not
only in informal learning [84], but in the modern classroom
too (e.g., [71, 74, 66, 41, 124, 31, 30]).

In this paper, we analyze how game genre influences pro-
gramming routines (i.e., block usage) and CT development
of Scratch games designed by 8"-grade students in construc-
tionist curricula. Hence, the way we refer to game(design)-
based learning, programming practices, and CT development
throughout the rest of this paper is primarily in the context of
designing games with Scratch.

Programming Practices and CT Assessment

Programming [86, 50] and computational thinking (CT) [132,
126] are key in modern education for digital literacy [29,
57, 24]. The definition of programming has long been dis-
cussed [39], and as McCracken [65] put it down, program-
ming is the “process of translating from the language con-
venient to human beings to the language convenient to the
computer”. In the context of Scratch this is exploited through
block-programming [101]. As we analyze games designed in
Scratch, in this paper we refer to programming practices as the

Paper 626

CHI 2020, April 25-30, 2020, Honolulu, HI, USA

way in which students use Scratch blocks (and which ones they
use more frequently), to design their games in a constructionist
STEM curriculum focused on climate science. As for CT, its
definition is still debated among researchers and understood
differently depending on the context in which it is applied
(see [107]). Nevertheless, CT is generally intended as the pro-
cess of expressing problems and solutions that can be executed
by computers (for a review of CT definitions, see [126, 131,
111]). CT is also often regarded as a competence associated
with problem-solving [61, 123, 52, 108].

Previous work proposed various approaches and techniques
for assessing CT (e.g., [130, 21]). Among quantitative ap-
proaches, the computational thinking test (CT-t) [98, 99, 100],
for instance, assesses CT skills through a multiple choice test
that allows for one correct answer on various programming
and CT topics. Another example of CT assessment is the
Progression of Early Computational Thinking (PECT) [106],
which assesses CT in Scratch on three main variables: (1)
evidence variables (i.e., the actual code written in Scratch),
(2) design pattern variables (i.e., how programming strategy
and patterns are implemented), and (3) CT concepts (i.e., ab-
straction). Dagiene et al. [16, 17] proposed the Bebras model,
to assess CT based on five CT dimensions (e.g., algorithmic
thinking, decomposition).

Others assess CT through qualitative approaches. For instance,
Brennan and Resnick [14] consider CT as a mixture of com-
putational concepts, practices, and perspectives, and assess
CT through portfolio-based and artifact-based analyses, while
Thomas et al. [116, 117] used journal annotation for exploring
the difficulties that African-American middle-school girls face
as they collaborate while engaging in computational algorith-
mic thinking (CAT), as well as the strategies they employ to
address such difficulties.

In this paper, we focus on metrics-based approaches to assess-
ing CT (e.g., [63, 18]). In particular, we use Dr.Scratch [73]
to assess the CT of student-designed games in constructionist
STEM curricula. Dr.Scratch [73] is a web application based
on Hairball [13], which automatically assesses CT in Scratch
projects based on a 0 to 3 points scoring mechanism (see Ta-
ble 1), and for seven CT dimensions. Most work assessing CT
via Dr.Scratch focused on the final score achieved by Scratch
projects (i.e., CT proficiency) [71, 74, 73,76, 75].

However, previous work also used Dr. Scratch to explore how
CT develops in Scratch projects, from beginning to end [118];
the work showed how the CT of student-designed games for
STEM develop differently in each CT dimension defined by Dr.
Scratch, revealing that parallelism, synchronization, and logic
develop proficiently throughout, that user interactivity and
data representation develop early but never reach proficiency,
while abstraction shows little development. Here, we expand
on the above mentioned and explore how CT proficiency and
development are influenced by game genre in student-designed
games. Furthermore, we integrate an analysis of block-usage
in Scratch based on game genre.
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Table 1: Dr. Scratch metrics, showing competence level for each CT dimension and relative Scratch practices [69].

CT Dimension

Term Definition Null (0)

Basic (1)

Competence Level
Developing (2)

Proficient (3)

Abstraction The ability to conceptualize and then —
represent an idea or a process in more
general terms [126]

Representing data through abstractions, —
such as models and simulations [8]

A high-level way of programming a —
computer to make decisions, simple or
complicated, executed once or multiple
times [105]

Data representation

Flow control

Logic Conditionals and rules that allow —
to build up and represent complex
ideas [105]

Parallelism Handling multiple scripts or sequences —
of code that run simultaneously [83]

Synchronization The coordination of simultaneous —-

threads or processes

User interactivity Designing and programming for user —

input

More than one script
and more than one
sprite

Modifiers of sprite
properties

Sequence of blocks

It

Two scripts on green
flag

Wait

Green flag

Definition of blocks

Operations on variables

Repeat, forever

If else

Two scripts on key pressed,
two scripts on sprite
clicked on the same sprite

Broadcast, when I receive
message, stop all, stop pro-
gram, stop programs sprite
Key pressed, sprite clicked,
ask and wait, mouse blocks

Use of clones

Operations on lists

Repeat until

Logic operations

Two scripts on when I
receive message, create
clone, two scripts when
9os is >%s, two scripts on
when backdrop change to
Wait until, when backdrop
change to, broadcast and
wait

When %s is >%s, video, au-
dio

METHOD

In this section, we describe the curriculum in which the games
were designed, the data collection and analysis, and how we
labeled game genres in student-designed games.

Contructionist STEM Curriculum

The serious games we asses and analyze in this paper were
designed by 8"-grade students (13 to 14 years old), as part
of a constructionist STEM curriculum focused on climate sci-
ence and systems thinking. The constructionist curriculum
was based on participatory pedagogy approach [5], to allow
students to shape content and solve problems in a collabo-
rative fashion, use others’ games for inspiration and ideas
[10], and develop self-efficacy [45, 119]. The curriculum was
implemented in 35 science classes over three years (approxi-
mately 19 students per class), at four different schools by nine
teachers. Prior to the curriculum implementation, all teachers
participated 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 [68], it is important to note that most
teachers had no prior experience with either Scratch or game
design. However, the teachers were given the freedom to
adjust the curriculum according to their available class time
and objectives. The implementation took between four to six
weeks, and while all teachers followed the curriculum closely,
differences were noticeable among their implementations.

The curriculum entailed students and teachers exploring to-
gether climate change phenomena (e.g., ice-albedo feedback,
global warming, energy consumption), and later picking a
climate change topic to explore via game design. As such, as
part of the curriculum, students were tasked to program and
design serious games in Scratch, which represent gamified
versions of climate change topics of their choice (e.g., CO2
emission). Before designing their games, the students were
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tasked to play a variety of existing video games on climate
change, for instance NASA’s Oﬁsetl, and Power Up2 and criti-
cally think about how those games were designed to convey
educational messages; this exercise was necessary to let stu-
dent understand the different design characteristics between
a “regular” video game and an educational one. As students
were asked to design video games using Scratch, they were
initially introduced to block-programming through a 10-Block
challenge; the scope of the exercise was to have students get
familiar with the platform by programming a simple applica-
tion in Scratch made with only 10 blocks. After the 10-Block
challenge, teachers and students refined initial ideas on the
climate science games, and students started working on their
Scratch projects in pairs.

Data (Scratch Games) Collection

The students created their games on the Scratch website and
were instructed by teachers to give their projects a tag-name,
to make their games easily identifiable. The games were
then stored in an external repository, from which we could
retrieve the data for later analysis. To track and collect the
data (e.g., block usage, time-stamps) contained in the com-
pressed .sb2 files, we used the API provided by Scratch devel-
opers. Following previous work [118], we tracked progress in
Scratch projects using a Python script that takes a snapshot at
one minute intervals, and only stored those snapshots where
changes in code occurred.

CT Proficiency and CT Development Assessment

Dr.Scratch [73] evaluates the CT proficiency of student-
designed games in Scratch, overall (i.e., on a scale from 0
to 21), and on each of the seven CT dimension provided by
Dr.Scratch (i.e., on a scale from O to 3, see Table 1). For CT

1 https://climatekids.nasa.gov/offset/
2https ://climatekids.nasa.gov/power-up/
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development, we follow the temporal progress of CT scores
in student-designed games using a snapshot-based analysis.
As the numbers of snapshots varied greatly, ranging from 5
to 375, we normalize those numbers to represent their CT
development coherently across projects. Previous work [118]
normalized snapshots distribution using quartiles. Instead, we
use deciles (i.e., a total of ten intervals between snapshots), to
provide further details in the CT development analysis. For
instance, if a project has 21 snapshots, Dy would be snap-
shot 1, Djg would be snapshot 20, while D; — Q9 would be
evenly distributed between those snapshots (i.e., snapshots 2,
4, and 6, etc.). As 79 among the 404 Scratch projects had less
than 11 snapshots, the number of available projects for the CT
development analysis was reduced to 325.

Scratch Block-Usage Analysis

We analyze how design practices (i.e., game genre) impact
CT. However, as CT practices (and development) in Scratch
are deployed through block-programming [101], we also ana-
lyze how students made use of Scratch blocks to design their
games, and observe how block usage is influenced by game
genres. Scratch features 10 categories of programming blocks
(see Table 2). In our results, we will not report the use of
more blocks (i.e., customize), as upon a preliminary count of
block usage those blocks were considerably lower than other
blocks. We analyze the other nine block categories and re-
trieved the counts for each project using Hairball [13]. We
consider how those nine categories of Scratch blocks were
used across projects at large, as well as how they were used
across different game genres in student-designed games. We
analyze only the main block categories and do not consider
their sub-categories (i.e., hat, stack, reporter, Boolean, and cap
blocks). As Dr.Scratch scores CT when a particular block is
used, but only on its first instance, a block-usage analysis will
allow us to capture iterative programming and design practices
that may not be captured by the Dr.Scratch metrics analysis.

Labeling the Game Genre of Student-Designed Games

We labeled the student-designed games through emergent cod-
ing [11]. We initially used the TGD model [37] as frame of
reference for our coding, as the model provides a comprehen-
sive description of the most basic and common game genres
(i.e., action, puzzle). Furthermore, we considered the work
of Heintz and Law [40] on game genre classification in HCI.

Table 2: Scratch blocks (version 2.0)

Blocks Explanation Example
Motion Control a sprite’s movement  Go to X: ()
Looks Control a sprite’s look Say ()
Sound Control sound and MIDI Play Sound ()
Pen Control the pen Stamp
Data Hold values and strings Set () to ()
Event Control events Broadcast ()
Control Control scripts Wait Until ()
Sensing Detect things Reset Timer
Operators Perform math functions 0<0
More Blocks Custom blocks Define ()
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Based on both the TGD and the work of Heintz and Law, we
started discussing potential labels for student-designed games
based on their game content and dynamics (e.g., providing
fast-paced action, simulating real-life situations, containing
riddles), and considered the following genres: (1) action, (2)
simulation, (3) puzzle, (3) strategy, (4) quiz, (5) adventure,
and (6) storytelling.

We coded the game genres for student-designed games as fol-
lows. Two coders independently coded an initial set of games
and cross-validated their coding to achieve consensus on la-
bels for game genres. We coded the genre in student-designed
games using a main-genre and an optional sub-genre label. For
instance, pong or shooter are sub-genres of action. The pro-
cess was iterated over the entire data set until a mature coding
scheme was established; coding saturation and consolidation
of labels for game genres happened after approximately 100
games were coded in pair by both coders. While we could eas-
ily identify a main- and sub-genre for the majority of games,
there were few games that clearly encompass two or more
genres in the same game; we coded those as multiple-genre
games (e.g., action-adventure). In the scope of our work, we
focused on the identified genres with a sufficient number of
games (see 3), and thus excluded these multiple-genre games.
Furthermore, we removed game genres which labeled games
in clusters of five or fewer (e.g., adventure), as this would have
led to unfair comparison with other much bigger clusters. This
exclusion reduced the number of analyzable games for CT
proficiency from 404 to 391.

RESULTS

First, we provide an overview of the game genres that we
identified in student-designed games, which give context for
the CT assessment and Scratch block-usage results. Then,
grouped by game genre, we show results from the Dr.Scratch
assessment for the CT proficiency of 391 games, and for the
CT development of 325 games (i.e., the score progression
from Dy to D1p). We then present the results for block-usage.
Finally, we combine the results on genres, CT proficiency, and
block-usage to get an overview of the role of genres from both
CT and programming perspective.

Game Genres of Student-Designed Games

We initially identified five main game genres, namely (1) ac-
tion, (2) puzzle, (3) quiz, (4) simulation, and (5) storytelling.
However, as action games resulted in a considerably bigger
cluster (n = 285) compared to others (e.g., storytelling, n = 25),
we broke down action games into further sub-genres, to have a
more fair comparison among different game genre groups. As
such, we performed an additional round of coding on action
games, to identify and label fitting sub-genres. From the emer-
gent coding, it became evident—and surprisingly so—that a
large number of games could be labeled after specific types
of video games, for instance like the popular Atari™ Pong
game, or after games that recently gained popularity through
mobile gaming like incremental (or idle) games [3], whose
game-play simply consists of repeatedly clicking on virtual ob-
jects that appear on screen; as such, we refer to those games as
clicker. Pong and clicker games make together almost half of
the student-designed games (n = 190, 47.0%). Table 3 shows
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Danger Level

Oh ne! | have been hit by
a large boulder! Now | am
slipping into a persistant
vegetative state of a
coma! Please, press 'y' to
use my life support and
keep me from dying!

(a) Carbon Clicker.
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Ocean Temperature

Score = e

(b) Albedo Pong.

Figure 1: Examples of the two dominant game genres: (a) a clicker game; (b) a pong game.

the identified 10 game genres and their descriptive statistics.
Below, we explain each game genre as understood in our
emergent coding. Note that all student-designed games in our
analysis were gamified versions of climate science topics (e.g.,
CO; emission). As such, we exemplify game genres based on
their climate science content and game-play challenges.

Clicker Games: The players’ task is to click on the screen for
various purposes, including advancing between game scenes,
or "pop" virtual objects. An example of a student-designed
clicker game is Carbon Clicker (see Figure 1), a video game
that has the player clicking through scenes of a story, which
ends with planet Earth destroyed by the increasing pollution
generated by human technology.

Maze Games: Players are tasked to find a way out of maze by
navigating a space constrained by walls and obstacles; often,
the student-designed games would reset players’ position to
default if they collide with virtual obstacles (e.g., walls). The
Duck Game is one example of a maze game from our data
set, where the player (a duck with an axe) must avoid trees on
their way out of the maze, to not pollute the atmosphere by
producing CO5.

Platform Games: They have similar game-play to popular
games like Nintendo®’s Mario Bros (i.e., avoid enemies, jump
on platforms, grab objects). An example of a platform game
designed by students is Jump Into Climate Change!, a game
where the scope is to ride a bike and jump to avoid objects that
can be harmful for the environment (e.g., plastic products).

Pong Games: They are inspired by the classic Atari™ video
game, where players control a paddle to deflect a ball, in a
player vs player (PvP), or player vs environment (PvE) con-
figurations. An example of pong game from our data set is
Albedo Pong (see Figure 1), where the paddle is made of ice
and it will shrink more and more every time sun rays hit the
ocean surface.
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Puzzle Games: They contain riddles (e.g., matching objects
in the right configuration) that must be solved by players to
complete the game. An example of a puzzle game designed by
students is Comfortable Climate, where the player is tasked to
move between different rooms of an apartment, find appliances
that increase CO; emission, and turn them off.

Quiz Games: They are based on question-and-answer game-
play, much like Trivial Pursuit® [22]. An example of a student-
designed quiz game is Yum Project, a game where the player
has to respond correctly to what food is eco-friendly compared
to other food options (e.g., oatmeal vs steak and cheese).

Shooter Games: They are based on spatial awareness and
reflexes, and task players with shooting at moving targets (e.g.,
TAITO® Space Invaders). An example of a shooter game in
our data set is Hit The Target, a game where the player has to
shoot at targets through a sight; the score will increase if the
player shoots at eco-friendly objects only (e.g., bikes).

Simulation Games: They aim to simulate real-life situations
for players to experience in virtual settings, for instance like
driving an airplane (see [37], p.75-76). One of the most inter-
esting examples of simulation games designed by students is
Government Simulator, a game where players are asked to act
like politicians, and balance their decision-making between
producing wealth in the economy and sustainability.

Storytelling Games: They are primarily based on a plot or a
narrative, through which the player progresses to learn about a
particular topic or story; such games may not be interactive or
include little interactivity, essentially tasking players to click
through a story. Extreme Climate is an example of student-
designed storytelling game, where players learn about CO;
emission and pollution through an interactive story.

Swipe Elimination (or Swipe Action) Games: They task
players to swipe on the screen to delete digital objects (e.g.,
Halfbrick Fruit Ninja). An example of such a game from our
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Table 3: The identified game genres and descriptive statis-
tics.

Genre Count CT Score Block Count
n (%) M (SD) M (SD)
Clicker 94 (23.3) 15.1(1.78) 314 (238)
Maze 32(7.9) 14.7 (1.81) 349 (260)
Platform 23(5.7) 15.7(2.16) 359 (321)
Pong 96 (23.8) 14.3 (2.25) 239 (224)
Puzzle 17 (4.2) 15.5(3.08) 374 (308)
Quiz 50 (12.4) 13.4(.74) 315 (382)
Shooter 11(27) 16.3(2.28) 482 (454)
Simulation 22 (5.5) 15.8(2.48) 408 (278)
Storytelling 25(6.2) 13.8(2.18) 242 (122)
Swipe Elimination 21 (5.2) 14.8 (2.19) 372 (233)

data set is Extreme Weather, a game where players swipe-away
pollution from the atmosphere to keep the sky “clean”.

Total CT Proficiency Across Game Genres

Table 3 shows the final CT score across the 10 game genres
as assessed by Dr.Scratch. On a quick observation, we see
that quiz produced the lowest CT score (M = 13.4, SD = 2.74),
while shooter produced the highest (respectively M = 16.3,
SD = 2.48). Puzzle and quiz show large variations in CT
score (respectively SD = 3.08; SD = 2.74), while clicker and
maze show low variations (respectively SD = 1.78; SD = 1.81).
We further investigated the data set by conducting a one-way
ANOVA to compare the effect of game genre on the final
CT score. We found a significant difference between game
genres, F'(9, 381) =4.90, p < .001. Post hoc tests using Tukey
HSD revealed that the significance can be mainly attributed to
the quiz games (compared to in particularly clicker, platform,
and simulation game genres), with shooter games close to
significance, and storytelling games close to significance too
compared to platform, simulation, and shooter games. These
results suggest that designing quiz games may not be beneficial
to students from a CT learning perspective.

CT Dimensions Proficiency Across Game Genres

Table 4 shows the score for each CT dimension defined by
Dr.Scratch across game genres. We see how abstraction scored
low in most genres, with the exception of shooter games (M
= 2.18, SD = 0.98); these results are consistent with previ-
ous work [118, 71]. Synchronization and parallelism instead
scored higher than other CT dimensions, with storytelling scor-
ing highest in parallelism (M = 3.00, SD = 0.00), and maze
scoring highest in synchronization (M = 2.97, SD = 0.18);
these results are also consistent with previous work [118, 71].

To compare the effect of game genre on the score of individ-
ual CT dimensions we conducted multivariate ANOVAs (i.e.,
MANOVA). We found that designing different game genres
had a significant effect on the scoring of individual CT dimen-
sions, F(9, 381) =2.60, p < .001; Pillai’s Trace = 0.40. Post
hoc tests using Tukey HSD (based on one-way ANOVAs for
each CT dimension) reveal here why quiz and storytelling dif-
fer from other genres. First, quiz and storytelling score lower
on flow control (respectively M = 1.82, SD = 0.66; M = 1.72,
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SD = 0.61) compared to other game genres. Second, we see
that quiz and storytelling also score the lowest on logic among
game genres (respectively M = 1.36, SD = 1.10; M = 1.00,
SD = 0.96). Among action-based games (i.e., clicker, maze,
pong), we see that platform scored higher in logic, and highest
overall (M =2.52, SD = 0.95). We also see that maze scored
lowest on data representation (M = 1.72, SD = 0.52). For user
interactivity, we notice again differences among action-based
games, where clicker (M = 2.03, SD = 0.18) scored higher
compared to pong, which also scored lowest overall (M =1.91,
SD =0.33). All genres, however, score (on average) ~2 in user
interactivity, which is consistent with previous work [118, 71].

CT Development Across Game Genres

Figure 2 shows the results from the CT development analysis
on two-dimensional radar charts, for each game genre, based
on deciles (i.e., from Dy to Djg). A conclusion we can quickly
draw upon a first observation of the radar charts is that, re-
markably, most CT development happened within Dy to Ds.
This suggests that this learning phase may be a time-critical
period for CT development. After this period, CT skills incre-
mentally improve over time, but by and large the CT “profile”
has been established. The time between Dy and Dy is approx-
imately two weeks, which is about the time students spent
on programming and designing their games within the STEM
curriculum. The time between Dy and D3 is ~3.8 days, which
means that the time-critical period for CT development took
place within the first week. As students were mostly develop-
ing their games in the classroom, and most curricula offered
four classes per week of ~50-60 minutes each, we approximate
the time-critical period of actual development to be ~4 hours.

However, there are discernible differences on how scores
progress in each CT dimension based on game genre. For
instance, pong has a CT score of ~1 in all CT dimensions
already at D, while puzzle shows a score of ~0.5 on the same
decile. This trend extends in general to all action-based versus
other genres, with the exception of puzzle, which has a CT
score of ~1 in all CT dimensions aside from abstraction and
parallelism. Additionally, we can see how, although simula-
tion and storytelling score around ~0.5 in D; in almost all
dimensions, they increase rapidly in D, towards a CT score
of ~1.5, except for logic in quiz which does not reach ~1 until
D1p. These results suggest that CT development progresses
differently in the first learning phases for different game gen-
res. However, regardless of game genre, user interactivity and
data representation are never going beyond a CT score of ~2
on Djg. Again, this is consistent with results from previous
work [118, 71], suggesting that the score progression of these
two particular CT dimensions is not affected by what games
genre students design.

Scratch Block-Usage Across Game Genres

The last step in our analysis involves the consideration of
block-usage in Scratch across genres. Table 3 shows the de-
scriptive statistics, indicating that shooter used by far most
blocks (n = 482), followed by simulation (n = 408), and puzzle
(n = 374). The least amount of blocks is used by pong (n =
239). While a one-way ANOVA did not reveal a significant
difference in block-usage among game genres, we did find a
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Figure 2: Dr.Scratch scores per dimension, decile, and per genre. The innermost decile is Dy and the outermost is D.
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Table 4: Descriptive statistics for each of the CT dimensions across game genres, in M (SD).

Genre Abstraction Parallelism  Logic = Synchronization Flow User Data
Control Interactivity Representation

Clicker 1.66 (0.90) 2.72 (0.65) 1.68 (1.00) 2.81(0.45) 2.23(0.50) 2.03 (0.18) 2.00 (0.21)
Maze 1.25(0.62) 2.75(0.62) 1.53(1.06) 2.97 (0.18) 2.22(0.49) 2.03(0.18) 1.72 (0.52)
Platform 1.70 (0.93) 2.57 (0.84) 2.52(0.95) 2.65 (0.78) 2.30(0.47) 2.00 (0.00) 1.96 (0.21)
Pong 1.48 (0.85) 2.39(0.90) 1.63(0.87) 2.73 (0.53) 2.21(0.45) 1.91(0.33) 2.00 (0.41)
Puzzle 1.53(0.80) 2.76 (0.66) 2.00 (1.12) 2.82 (0.73) 2.35(0.61) 2.00 (0.00) 2.00 (0.61)
Quiz 1.16 (0.55) 2.54(0.95) 1.36(1.10) 2.68 (0.79) 1.82 (0.66) 2.00 (0.20) 1.88 (0.56)
Shooter 2.18 (0.98) 2.18(0.98) 2.36(1.03) 2.82 (0.40) 2.54 (0.52) 2.09 (0.30) 2.09 (0.30)
Simulation 1.64 (0.90) 2.91(0.29) 2.00 (1.07) 2.82 (0.66) 2.32(0.57) 2.00 (0.30) 2.09 (0.43)
Storytelling 1.32 (0.69) 3.00 (0.00) 1.00 (0.96) 2.92 (0.28) 1.72 (0.61) 2.00 (0.00) 1.80 (0.50)
Swipe elimination 1.38 (0.80) 2.42 (0.87) 1.86 (1.15) 2.90 (0.30) 2.24 (0.44) 2.04 (0.00) 1.90 (0.30)

significant, albeit small correlation between the final CT score
and the number of blocks used in Scratch, r, = .22, p < .001.

Figure 3 shows a comparison of Scratch of the percentages of
block-usage across game genres. We see, for instance, how
quiz and storytelling did not use control blocks frequently (i.e.,
less than 15%), which explains their low CT scores on flow
control. For storytelling, the use of logic blocks is almost
0%, evidencing how choosing to design this type of game
prevents students from learning the use of Scratch blocks that
contain logical statements (i.e., if, if-else, AND, OR), and thus
developing in logic. It is noteworthy that quiz and storytelling
used more than 25% of their total blocks in looks blocks,
showing that such genres lead students to develop proficiently
in synchronization, but limit the learning of abstraction and
logic. Furthermore, we see that simulation and shooter use
more data blocks than other genres, and thus lead to higher CT
proficiency in data representation. Regarding the use of other
blocks, they seem to be less reflective of the CT dimensions,
and do not seem to differ so much among genres.

As with the Dr.Scratch scores, we also looked at how the block

usage (both count and type) develop over time (using deciles).

Here, we found three patterns that deserve further inquiry (see
Figure 4). When we observed the block usage development
for all games, most genres seem to develop linearly over time
(i.e., the growth in count steadily increases along the same

Scratch Block

o
3
a

control
data
events
looks
Customize
motion
operators
pen
sensing
sound

Percentage
o
o
3

o
N
o

0.00

Genre

Figure 3: Percentages of block usage across game genres.
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curve and with the same proportions of types of blocks used).
Therefore, what students build in the beginning of their project
is a “microcosm” of what they end up making; they just iterate
and increase the use of same blocks until the end. Pong games,
for instance, are a clear example of such linear patterns (see
Figure 4a). Then, there are genres like platform, which show
a more exponential growth in block usage, especially between
Dg and Dy (see Figure 4b). Finally, in storytelling games we
see that, compared to pong and platform, the type of block-
usage is already dominated by looks and event blocks between
Dy and D1, and continues developing in that "focused growth"
fashion until the end (i.e., D), with just little increase observ-
able in the use of control blocks (see Figure 4c). In sum, the
three patterns exemplified above show that game genres may
impact the development of block-usage in Scratch.

Genres, CT Proficiency and Block-Usage

As shown before, the CT final score given by Dr.Scratch and
the number of blocks used among game genres is small (r,
=.2). Figure 5 offers a different point of view relating block-
usage and CT development scores. For each genre, the average
final Dr.Scratch score is given in the horizontal and the average
number of blocks in the vertical axis, respectively (see also
Table 1). This allows to identify characteristics of the different
genres. Specifically, we can observe from Figure 5 that quiz
uses as many blocks as clicker; however, its mean CT score
is almost two points lower. Then, storytelling and pong make
use of fewer blocks while the CT development score is below
average. We see some genres (puzzle, platform and simulation)
that outperform in CT score with similar number of blocks
(maze, swipe and clicker). Finally, shooter shows to be the one
for which more blocks are used and a higher CT development
is achieved. In Figure 5 we grouped genres based on these
combined results (through the rectangles).

DISCUSSION

We examined 404 student-designed games for constructionist
STEM curricula focused on climate science, systems think-
ing, and CT. We analyzed 391 student-designed games for
CT proficiency and 325 for CT development, and explored
how programming and CT were influenced by game genres.
Results showed that designing different game genres impact
CT proficiency and development, as well as block-usage in
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(c) Storytelling, example of focused growth.

Figure 4: Evolution of the block counts for three genres.

Scratch. Next, we discuss how our results have implications
for CT and constructionist learning, and conclude by outlining
limitations.

Impact of Game Genre on Programming and CT

We explored the impact of game genre on programming and
CT practices, and yielded results that integrate earlier work,
which asked for further exploring CT proficiency and devel-
opment in contextualized design practices [118]. Considering
the CT proficiency (i.e., the final CT score as assessed by
Dr.Scratch), we can draw the following conclusions. First,
quiz games (but potentially also storytelling) result in less CT
proficiency overall, at least compared to platform, simulation,
and shooter games. Second, puzzle seems to vary greatly in
CT (5D = 3.08), which explains why, despite its relatively high
score (M = 15.5), it does not contrast sharply with any of the
other game genres. Third, regarding the individual CT dimen-
sions, there are noticeable differences among game genres. For
instance, platform and simulation are most proficient in logic,
while maze games show basic (i.e., 1) in data representation.

Results on CT development (i.e., Dr.Scratch score across the
deciles) show game genre impacts CT score progression, es-
pecially in the early phases. For instance, action games lead
to higher CT development within Dy and D;. These results
also confirm that quiz and storytelling prevent students from
developing in logic, and that along with simulation, those
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genres show the least progress observable between Dy and
D, . Hence, our work shows that game genres may play a key
role in shaping programming practices and CT development.
Hence, our results should be considered by researchers and
educators who work with constructionist curricula that incor-
porate the learning of programming and CT via game design
[46].

CT Develops First and Consolidates

Our results suggest that CT develops fast. There is a time
critical period in which CT is developed. After that, CT skills
only increase marginally (i.e., the gain in CT development in
the last deciles decreases steadily). The exception to this “rule”
can be found in some of those genres that achieve higher levels
of CT development scores, such as shooter, platform or simu-
lation, where some dimensions show a steady improvement
(e.g., parallelism in simulation or platform games). Besides
the aforementioned exception, we observe this CT-develops-
first-and-consolidates “behavior” for all other game genres,
independently of initial CT development (i.e., their CT “pro-
file”). In other words, no matter how CT develops within
the first three deciles, we discover the same patterns for all
genres. These results show that students acquire the "basic"
CT skills needed to design their games in the early phases of
learning. Once these skills have been consolidated (i.e., by
D3), students can focus on those aspects that are more related
to “actual” game design practices, and be more refined in their
programming practices (e.g., deploying finesse [43, 104]).

Influence of Game Familiarity and Preferences

We observed that students designed their games prominently
as action-based. Specifically, clicker and pong games domi-
nated, comprising 47% of all games. Although, students were
not asked to consider particular game genres by the curriculum,
this choice may have stemmed from popularity and familiarity
with existing games. As such, we notice that clicker games
are currently very popular, and may have influenced students
in their design; the same could apply to the great popularity
of pong games. Furthermore, both games are based on simple
game mechanics, which might have been a further reason for
students to choose those genres. Kafai [47] already showed
how popular games impact students’ game design. Our results

© Shooter

© Simulation

 Swipe Elimination  puzzle
© Platform
* Maze

© Quiz © Clicker

* Storytelling o Pong

Figure 5: Mapping of game genres on the average fi-
nal Dr.Scratch score (x-axis) and the average number of
blocks used (y-axis). Genres are grouped in rectangles.
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confirm such trend, and we encourage future research to fur-
ther investigate those trends and what the implications might
be to CT learning.

As indicated earlier, storytelling games limit the development
of logic. Such results are especially relevant to differences
in gender for game design. Previous work showed how girls
enjoy storytelling games and generally the story aspects of
games [38]. As such, some efforts sought to broaden CS
education and attract female students through the use of sto-
rytelling (games) [28, 129, 122]. However, while increasing
motivation to learn CS is important, our findings suggest that
focusing on such genre has a clear trade-off between game de-
sign and the likelihood of becoming proficient in specific CT
dimensions (e.g., logic, abstraction). Future research should
carefully consider the impact of demographics (see also [33])
on game design, and explore alternatives for resolving such
trade-offs.

Implications for Constructionist Learning

Our results challenge the notion that a free-form construction-
ist curriculum leads to a wide variety of artifacts. Although
students were given the freedom to design any game (pro-
vided it tackled climate science), they chose to design games
mostly after modern mobile-gaming (i.e., clicker), or after
classical video games (e.g., pong), and action-based games
predominated (e.g., maze, platform). As such, we observed
how programming routines and CT learning were in turn in-
fluenced by students’ game design, and possibly the framing
of educational content too. This raises questions to whether
constructionist approaches should consider better calibrating
learning outcomes against students’ personal interests. In that
respect, we outline a series of pedagogical recommendations:

e As proposed by Han and Bhattacharya [36], we suggest that
students interests and skills be balanced through guided
tasks, to mitigate the effect of “openness” in constructionist
learning observed in our results.

e Educators and designers of constructionist curricula may be
inspired by the work of Tangworakitthaworn et al. [114],
by creating a mix and match of constructionist/ instruction-
ist approaches, to provide learners with guided tasks that
maximize the learning of both game design and CT.

We have also noticed implications to the learning of CT
transversal to the learning of other skills in constructionist
curricula (e.g., [12]). The lack of scientific evidence on the
development of CT through school-age programming, and its
transfer possibilities for the acquisition of other competencies,
was discussed by previous reviews [34, 44]. Here, we offer
insight into the possibilities of using CT to leverage science
concepts by means of a constructionist approach. We note that
a fear that is commonly reported by educators and researchers
[51, 56] is that game design and CT would “jeopardize” stu-
dents’ learning of content. However, our results show that
the CT skills needed are mainly developed in the first phases
of learning (i.e., from Dy to D3), and thus students can de-
vote their efforts to game design and content learning in the
remaining time of their learning activities.
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Limitations

Compared to [118], we included contextual game design infor-
mation (i.e., game genre) to CT proficiency and development
analyses. There is, however, other contextual information
that may be of influence, which we did not consider in this
work. For instance, the different teaching styles, students’
prior knowledge of programming in Scratch, and teamwork
dynamics of student pairs, may have influenced the results.
Future work should determine the extent to which these factors
also impact programming routines and CT development. In
terms of validity, our results might be limited to our data col-
lection, the use of Dr.Scratch, and curriculum implementation.
For data collection, some students may have uploaded their
Scratch projects when almost completed, and thus showing
high CT scores already within the first deciles. We should
compensate for that shortcoming by better monitoring stu-
dents’ upload of their Scratch projects. Our results are based
on Dr.Scratch assessment of CT. Whilst a validated tool for
measuring CT [70, 72] and successfully applied in several con-
texts [97], there is room for improvement in how it measures
CT in its current form. The results showing how CT develops
fast may be a reflection that key CT competencies do indeed
develop in the beginning of CT learning, but may also be lim-
ited to Dr.Scratch not being able to capture iterative and more
complex CT practices. In that respect, we included an analysis
of block-usage to provide more insights. However, future work
should be geared towards exploring how (and if) the Dr.Scratch
metrics need to be expanded or re-calibrated [118] for better
capturing CT development beyond basic skills. Finally, the
curriculum structure and the topic of climate change may have
influenced the game design of students. We did not consider
such implications, as we focused primarily on the influence of
game genre on programming and CT learning. Future work
should assess the CT development of student-designed games
produced in diverse contexts. This would reveal if the trends in
our results are consistent (or differ) across different disciplines
and learning goals, and hopefully produce a broader overview
of CT development via game design.

CONCLUSION

We explored the impact of game genre on CT development
and programming in Scratch video games designed by 8®-
grade students. We showed how different game genres (e.g.,
clicker, puzzle) may lead to developing CT differently and
has impact on programming routines (here block-usage in
Scratch). Furthermore, we observed how CT develops fast in
the first phases of game design, and that more refined design
practices seem to engage later on to consolidate CT profiles.
Finally, we discussed how our results have implications to
the design of future constructionist curricula that foster the
development of CT via game design. We wish future work to
extend our results and further explore the role of game design
in constructionist learning for CT and programming.
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