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Abstract
Computational Thinking (CT) and creativity are considered two vital skills for the
21st century that should be incorporated into future curricula around the world. We
studied the relationship between these two constructs while focusing on learners’
personal characteristics. Two types of creativity were examined: creative thinking
and computational creativity. The research was conducted among 174 middle school
students from Spain. Data collected using a standardized creativity test (Torrance’s
TTCT) were triangulated with data drawn from students’ log files that documented
their activity in a game-based learning environment for CT (Kodetu). We found some
interesting associations between CT and the two constructs of creativity. These
associations shed light on positive associations between each of the two creativity
constructs and CT acquisition, as well as between the two creativity constructs
themselves. Additionally, we highlight differences between boys and girls, as girls
were found to be more creative on both creativity measures. Other differences
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associated with school affiliation, prior coding knowledge, and technology affinity are
also discussed.
Keywords
computational thinking, creativity, game-based learning, learning analytics, log analysis

The accelerated development of science and technology and the exponential
growth of data underscore the need to encourage innovative thinking and to
impart skills to address challenges we have not yet envisioned. Computational
thinking and creativity are two skills that have been recognized as essential for
digital age citizens (Deschryver & Yadav, 2015; Kalelioglu et al., 2016).
Furthermore, it is generally acknowledged that these skills must be instilled
from an early age and should be incorporated into the school curriculum
(Anthony & Frazier, 2009), as they are of crucial importance for any field of
expertise (Hambrusch et al., 2009).
Computational Thinking (CT) is defined as the conceptual foundation
required to define and solve real-world problems using algorithmic methods
to reach solutions that are transferable and necessary to various contexts and
disciplines (Shute et al., 2017). CT is understood to assist in developing problemsolving skills (Grover & Pea, 2013; Wing, 2006) and improving thinking abilities
and techniques to extract knowledge hidden in data (Buitrago Fl
orez et al.,
2017). The global recognition of CT’s significance has led to the establishment
of national K-12 curricula, standards, and computer-based and unplugged activities worldwide (ISTE, 2017; World Economic Forum, 2015). Many computerbased learning platforms support the development of CT skills (Kim & Ko,
2017), but despite the contribution of these platforms, research has so far
focused mainly on qualitative approaches and limited data volumes (Brennan
& Resnick,2012; Tang et al., 2020).
Creativity is a thinking ability that enables people to solve problems in an
innovative manner and to produce original and valuable products (Torrance,
1974). For many years, creativity was taught mainly in the context of art and
design, but today its contribution to various spheres of life has also been recognized (Donovan et al., 2014; Navarrete, 2013). Moreover, the importance of
exploring the relationship between creativity and technology is emphasized,
especially in the educational context (Mishra, 2012).
Because of the great importance of these two constructs, and due to lack of
sufficient research about their interconnections, we are motivated to look deeper
into the association between creativity and computational thinking. Having
such an understanding may benefit various education stakeholders and enable
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them to design better teaching and learning experiences to promote either CT or
creativity, and hopefully both. This paper expands the knowledge base on the
relationship between these two constructs (Hershkovitz et al., 2019) and focuses
on differences stemming from personal characteristics.

Computational Thinking
Computational Thinking (CT), once considered to be related primarily to the
STEM field (Science, Technology, Engineering, and Mathematics), is now seen
as a vital skill that applies to a wide range of areas, including social studies,
humanities and the arts (Kalelioglu et al., 2016; Tang et al., 2020). Seymour
Papert, who was the first to coin the concept of CT, predicted that computational ideas can change the way children think in any domain (Papert, 1980).
Indeed, his prediction has materialized, and today it is clear that CT is a universal competence that every child should acquire (Barr & Stephenson, 2011;
Voogt et al., 2015).
CT has been acknowledged both for its importance in developing knowledge
and understanding of concepts in computer science and for its potential for
developing more general-purpose problem-solving skills (Ruan et al., 2017).
CT has been proven to influence all three skills—mathematics, literacy, and
computational problem-solving (Barr & Stephenson, 2011)—which the
Organisation for Economic Co-operation and Development (OECD) has identified as crucial for workforce development (OECD, 2015). Moreover, major
organizations such as the World Economic Forum and the United Nations
Educational, Scientific, and Cultural Organization (UNESCO) consider CT to
be part of the new literacies necessary for tomorrow’s citizens (Scott, 2015;
World Economic Forum, 2015). The National Research Council (NRC) defined
CT as one of eight practices that should be incorporated into science education
(NRC, 2012). To achieve these goals, educational institutions and organizations
worldwide have begun to establish national K-12 curricula, academic standards,
and instructional activities to instill CT skills (Guenaga et al., 2017; Kafai &
Burke, 2013; Seow et al., 2019).
In line with these trends, various learning platforms have been developed to
facilitate and foster the acquisition of CT concepts, as proposed by Brennan and
Resnick (2012). Among these platforms are many computer-based, user-friendly, game-based platforms designed for children and teens (Kim & Ko, 2017).
These platforms are usually built around linearly progressing challenges that
facilitate knowledge construction by breaking down the concepts into incremental learning components. They also support trial and error behavior for improving knowledge acquisition (Wang & Chen, 2010). Such platforms allow a
targeted, automatic, big-data analysis of the processes involved in the acquisition of CT concepts (Israel-Fishelson & Hershkovitz, 2019).
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We do not yet have a satisfactory understanding of how CT is acquired. It is
thus necessary to understand and promote CT acquisition already from an early
age while taking personal characteristics into consideration.

Creativity
In recent years, creativity has been recognized as a necessary skill for the 21st
century (Said-Metwaly et al., 2017) that can be nurtured and that needs to be
embedded in the curriculum from an early age (Beghetto, 2010; Vygotsky, 2004).
Multiple studies have highlighted that creative experience within classroom
activities not only can promote academic achievements but also can encourage
innovative thinking, motivate students and increase their engagement in learning (Anthony & Frazier, 2009; Davies et al., 2013). Creativity has been studied
extensively over the years from various perspectives (Kaufman & Beghetto,
2009; Runco & Jaeger, 2012). Some have treated creativity as a process (e.g.,
Guilford, 1950; Torrance, 1965), others have explored creativity as a personal
trait (e.g., Parsons, 1971), and still others have examined the creative product
itself (e.g., Martindale, 1989).
Despite the many conceptualizations of the term “creativity”, the consensus is
that creativity is a multi-dimensional variable comprised of four characteristics:
(1) Fluency – the ability to generate a large number of ideas and directions of
thought for a particular problem; (2) Flexibility – the ability to think about as
many uses and classifications as possible for a particular item or subject;
(3) Originality – the ability to think of ideas that are not self-evident or banal
or statistically ordinary, but rather those that are unusual and even refuted, and
(4) Elaboration – the ability to expand an existing idea and to develop and
improve it by integrating existing schemes with new ideas (Guilford, 1950;
Torrance, 1965).
Creativity has been examined from various perspectives, among them the
thinking processes involved, the qualities of the creative person, and the creative
product itself. Many scholars have concluded that creativity is not a fixed trait
but rather a skill that can be imparted, practiced, and enhanced (Amabile &
Pillemer,2012; Hsiao et al., 2014). Furthermore, creativity may also be dependent on the context of the learning and on the measuring tool (Reiter-Palmon
et al., 2009). The question of whether creativity is transferable, i.e., whether it is
domain-general or domain-specific, has been the topic of extensive discussion
(Plucker & Beghetto, 2002). The answer to this question is still open and unresolved, with some scholars suggesting that creativity is both domain-general and
domain-specific (J. Baer, 2010; Hong & Milgram, 2010).
These questions encourage us to explore the ways in which creativity is
expressed throughout the learning process, to investigate the associations
between the various measures of creativity, and to examine relationships
between different types of creativity and knowledge acquisition.
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Creativity and Computational Thinking
Already 40 years ago, Papert (1980) claimed that creativity could be developed
using computers, but only in recent years has creativity been recognized as
directly related to computer science, and its importance and contribution to
inspiring motivation in every field of study have been acknowledged
(Romeike, 2007). Various researchers have demonstrated the bi-directional connection between creativity—and CT in particular—and computer science. On
the one hand, computerized platforms and programming activities have been
shown to inspire creativity in the production of artifacts in areas such as art,
graphic design, and music (Clements, 1995; Lau & Lee, 2015; Mishra & Yadav,
2013; Seo & Kim, 2016). On the other hand, creativity was found to serve as a
catalyst to solving algorithmic problems, creating computational artifacts, and
developing new knowledge (S. Kong, 2019; Perez Poch et al., 2016). As was
previously shown, results of standardized creativity tests predicted creativity in
problem-solving on computerized programming platforms (Liu & Lu, 2002).
Digital learning platforms that promote programming or CT often offer opportunities to expand creative expression and support the development of creative
thinking. This is because creativity involves a set of thinking tools that overlap
with the fundamentals of CT, among them observation, imagination and visualization, abstraction, and creation and identification of patterns (Yadav &
Cooper, 2017).
Research on CT and creativity has been conducted from different perspectives: examining the mutual impact of these two constructs (Miller et al., 2013;
Seo & Kim, 2016) as well as examining creativity within the scope of CT. For
example, Doleck et al. (2017) studied the associations between creativity as an
inherent element of CT and academic achievement. Other studies used automatic methods to explore the expression of creativity within programming activities,
which are perceived to be a representation of CT (Bennett et al., 2010; Manske
& Hoppe, 2014). Yet only a few studies, including our study (Hershkovitz et al.,
2019), focused on the association between these two perspectives.
Early results highlighted an interesting association between creativity and CT
either within or outside the scope of CT (Hershkovitz et al., 2019). The current
study builds on and expands our previous study in order to enhance our understanding of the role of creativity in CT acquisition. Hence, this study aims to
shed light on the associations between creativity and CT, while further examining the role that personal characteristics play as reflected in an online gamebased learning platform. The study refers to two types of creativity: creative
thinking, defined as creativity as reflected by traditional measures of creativity,
and computational creativity, a measure of how creativity is manifested in solutions within the learning platform.
Both CT and creativity have been found to be associated with some personal
characteristics. Some studies have already suggested gender differences in
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CT acquisition. While there is no evidence for a gender bias in knowledge
acquisition through CT-related activities, gender-related differences have been
found in the ways this goal is achieved. Girls feel less confident than boys prior
to learning, need more training time, benefit from different types of scaffolding,
and feel more confident about their achievements (Angeli & Valanides, 2020;
Atmatzidou & Demetriadis, 2016; Hutchins et al., 2017; Jenson & Black, 2017).
Moreover, a great deal of research has explored the associations between creativity and gender. A recent meta-analysis of 271 empirical studies—with 480
independent effect sizes for over 137,000 participants—revealed that females
exhibited slightly higher creativity than males across all studies. As gender is
linked with both creativity and CT, it is important to explore how it may be
associated with the interconnections between these two constructs. This is a gap
this research seeks to bridge. Additionally, we also examine the impact of prior
programming knowledge and technological affinity on these interconnections.

Research Questions
To meet our research goal, we formulated the following research questions:
• What are the associations between CT acquisition and creative thinking, and
how do personal characteristics affect these associations?
• What are the associations between CT acquisition and computational creativity, and how do personal characteristics affect these associations?
• What are the associations between computational creativity and creative
thinking, and how do personal characteristics affect these associations?

Methodology
Learning Analytics
Learning analytics (LA) is “the measurement, collection, analysis and reporting
of data about learners and their contexts, for purposes of understanding and
optimizing learning and the environments in which it occurs” (Ferguson,2012, p.
2). LA usually uses visualization and statistical and machine learning techniques
to assess and improve understanding of the learning processes and learning
platforms involved (Krumm et al., 2018). Such methods are useful for predicting
students’ success (Emerson et al., 2019), detecting difficulties while acquiring CT
concepts (Román-González et al., 2019), and evaluating the acquisition of CT
concepts by aggregating students’ achievements in the learning tasks (Kong,
2019).
In the context of computer science education, LA approaches have been used
to study students’ programming activity (Berland et al., 2013; Blikstein, 2011;
Boutnaru & Hershkovitz, 2015; Eguıluz et al., 2018; Gal et al., 2017; Grover
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et al., 2017; Hershkovitz et al., 2019; Lu et al., 2017; Nutbrown & Higgins,
2016). The current study follows this line of research by applying LA methods
to measure computational thinking and computational creativity.

The Learning Environment: Kodetu
Kodetu is an online learning environment built using Google’s Blockly.1 It is
used to teach basic concepts related to CT and is aimed primarily at children in
elementary and middle school (Eguıluz et al., 2018). The environment has three
pre-designed games, and it also allows users to create their own games. Each
game entails several levels. At each level, the user is presented with the challenge
of moving an astronaut from its initial position to a marked destination. The
user has to define the astronaut’s movements using coding blocks available in
the workspace. Moving to the next level is possible only upon successful completion of the current level. Note that the user can reset the level and solve it
again. The system is available in three languages: English, Spanish, and Basque.
During use, the system logs the users’ actions within it. These actions, primarily
code building (i.e., dragging blocks from the blocks area to the editing area) and
solution submission, are documented along with the learner id, the relevant code
(both in Java code and in terms of the blocks used), solution correctness, and the
action timestamp.
The Kodetu platform has already been used in several CT-related studies
(Eguıluz et al., 2018, 2020; Saavedra-Sánchez et al., 2019). It offers three
main advantages that make it suitable for our purposes. First, it is based on
block-based programming and is therefore suitable for younger students with no
prior experience in programming. Moreover, because the software leads learners
on a path along which they are gradually introduced to new concepts, it serves
as a good platform for assessing CT while learning it. Second, it can be easily
customized to fit various research goals and questions. For example, we can
control the number of challenges given to students, the nature of the challenges
and their order, as well as the feedback messages they receive. Indeed, we did so,
as we describe subsequently. Finally, this platform offers easy access to the
system log files, as the software was developed for research purposes by some
of the authors (third, fourth, and fifth). Platforms such as Kodetu allow for a
portfolio-driven approach to assess CT that allows for measuring its acquisition
at multiple points in time throughout the learning process (Tang et al., 2020).
For the current study, a dedicated game was created in the Kodetu platform.
The game comprises ten levels that were built in increasing order of difficulty
and that covered several CT concepts (e.g., sequences, loops). In this paper, we
only analyze data from levels 1-9. The first four levels are designed to enable
users to practice the concept of sequences. Level 1 is a trivial level to show how
the system works. Levels 2 and 3 involve turns and perspective. Level 4 presents
a large maze in which a long sequence of actions, including more than one
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rotation, is needed to reach the goal. Level 5 limits the number of blocks that
can be used (i.e., code length) to prevent participants from using long sequences
and to encourage them to take advantage of new code structures of loops. Level
6 presents a trivial challenge that deals with sequences and loops. Level 7 (shown
in Figure 1) also works on sequences and loops with limitation on block usage.
Level 8 limits the number of blocks that can be used (i.e., code length) to prevent
participants from using long sequences and to encourage them to take advantage of new code structures for conditionals. Level 9 introduces if-else conditionals and requires nested structures and a limited number of blocks. Solving
the entire set of levels is intended to take 30 to 60 minutes.

Population
The data we analyzed were collected in June 2019 from 174 Spanish students
attending middle school and ranging in age from 11-12 years old. Of them, 55%
are boys (95 of 174) and 45% are girls (78 of 174).

Procedure
The participating students came to an outreach activity organized by the
Faculty of Engineering at the University of Deusto and participated in a workshop on technology, programming, and robotics. During this workshop, the
students played the designated Kodetu game for about 60 minutes. For the
vast majority of the students, this was their first encounter with programming
(78%, 136 of 174). In addition, 60% of the students (105 of 174) reported having
a high affinity for technology.

Figure 1. A Sample Level of the Kodetu Game Used in This Study (Level 7).
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Prior to the Kodetu session, all participants completed a pen-and-paper creativity task (Torrance’s TTCT – Figural Test) and a short questionnaire that
included some background information. Data from the Kodetu log files were
triangulated with the data obtained via the creativity task by means of a unique
ID assigned to each participant. The participants wrote down their Kodetugenerated ID on the creativity test form. In addition, participants were asked
to answer a short background questionnaire that was implemented within the
Kodetu platform and that provided demographic data (age, gender), previous
programming experience [yes/no], and affinity for technology [1-10 Likert scale].

Dataset and Preprocessing
The full log file contained 163,137 rows, each representing an action taken by a
user, including the action’s timestamp, the level at which it was taken, its result
[Success, Failure, Timeout, Error], and the code associated with this action.
Note that this log file extends the scope of the log file used in our previous
analysis (Hershkovitz et al., 2019), in which only correct solutions were
logged. The extended log file facilitates more valid computation of the
CT-related research variables.

Creative Thinking Test
We used the Torrance Test for Creative Thinking (TTCT) – Figural Test
(Torrance, 1974) to assess creative thinking along four dimensions: fluency,
flexibility, originality, and elaboration. Note that compared with our similar
prior research (Hershkovitz et al., 2019), we now add the measure of elaboration
to provide a more multi-dimensional assessment of creativity. The TTCT, which
has repeatedly been shown to be reliable and valid (Cramond et al., 2005; K. H.
Kim, 2011), offers both verbal and figural tests. Because thinking about programming may involve both graphic and literal processes, the figural test was
deemed more suitable for this study. First, the tasks involved in the studied
system were mostly visual, both in terms of the puzzle presented to students
and in terms of the blocks they used to build their code. Second, conceptual
problem-solving of this type involves more graphic thinking than literal thinking
(Liu & Lu, 2002). Furthermore, a recent analysis of both figural and verbal
versions of the TTCT showed that while the scores on the two versions are
highly associated, the figural version is a more comprehensive, reliable, and
valid measure of creativity (K. H. Kim, 2017). The TTCT – Figural Test has
been previously used successfully for studying associations with creativity in the
context of programming or CT (Liu & Lu, 2002; Seo & Kim, 2016).
In this pen-and-paper test, each participant was shown a sheet of paper on
which 12 identical, empty circles were printed. Participants were asked to make
as many drawings as possible using the circles as part of the drawings. Hence,
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drawings that did not use a circle as an integral part of the drawing were
not considered eligible and were omitted from our analyses. See examples in
Figure 2.

Research Variables
Personal Characteristics. The participants self-reported their personal characteristics at the beginning of the session, using a short online questionnaire that
includes the following variables:
• Gender [M/F]
• Previous Programming Background [Yes/No]
• Affinity for Technology [1-10 Likert scale, with 1 being “Low”, and 10 being
“High”]
Creative Thinking. To score the creativity task, we used eligible drawings only,
that is, only drawings in which a circle was considered an integral part of the
drawing. In order to ensure the reliability of the eligibility determination, each
of the first two authors separately coded 20 sheets for eligibility. We then ran an
inter-rater reliability assessment using Cronbach’s alpha, which yielded a

Figure 2. Example of Eligible (top row) and Non-eligible (bottom row) Drawings from
TTCT – Figural Test.
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satisfactory coefficient of 0.81. The authors then discussed borderline cases and
agreed on guidelines for the rest of the coding, which was done by the first
author. After ineligible and blank drawings were filtered out, 54% of the drawings (1199 out of 2088) remained eligible.
Originality and flexibility were based on drawing categories. To this end, we
needed to classify the full pool of drawings into categories. Each of the first two
authors separately coded 20 sheets for categories and then discussed their coding
until they achieved full agreement. The rest of the coding was done by the first
author, with frequent discussions throughout about the definitions and about
splitting and merging categories. At the end of this iterative process, the final list
consisted of 59 categories (e.g., Emoji, Sun, Flower, Signpost, Animal). Figure 3
shows an example of various eligible drawings in the categories of Animals
(top), Planet (middle), and Signpost (bottom).
Using a process similar to the one used in determining the categories, the
researchers rated each of the eligible drawings for its elaboration on a scale of
1–6, with 1 representing low elaboration and 6 representing high elaboration,
depending on the level of detail in the drawing. The example above (Figure 4)

Figure 3. Examples for Drawings in Categories of Animals (top), Planet (middle), and
Signpost (bottom).
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Figure 4. Examples of Six Levels of Elaboration as Evident in the Sun Category, from Low
(Left) to High (Right).

shows an example of coding elaboration in six different drawings from the Sun
category, with the drawing on the left rated as 1, i.e., low elaboration, and the
drawing on the right rated as 6, i.e., high elaboration.
Finally, we computed the following four variables for each student:
• Fluency: number of eligible drawings;
• Flexibility: number of different drawing categories;
• Originality: average frequency of drawing categories, averaged across all
drawings;
• Elaboration: number of ideas/details used in each eligible drawing.
Computational Creativity. In our analysis of creative solutions, we only referred to
correct solutions, omitting all other logged solution attempts. This left us with
1591 rows.
Our analysis of computational creativity focuses on the originality of a correct solution as a proxy for creativity. This is because the Kodetu platform, like
many other platforms, does not explicitly encourage multiple solutions, such
that once a level is solved participants are immediately encouraged to move to
the next level. Therefore, fluency, flexibility, and elaboration are not applicable
in this analysis.
Originality is represented as the frequency of a particular solution among all
the correct solutions, assessed on a scale of 0-1. When there were multiple correct solutions for an individual participant, we calculated the average across the
correct solutions. Originality was calculated for each level separately and also
aggregated for all levels.
We demonstrate this process for level 3 (see Figure 5). The path through
which the astronaut should be led (by the student’s code) involves two turns,
first a left turn and then a right turn, with additional parts in which the astronaut walks straight ahead. Denoting “F” for going forward, “L” for turning left,
and “R” for turning right, the simplest solution would be: FLFRF. Indeed, this
was the most common solution, submitted in 164 of 174 cases (94%). Yet other
correct solutions were also submitted, for example, FLFRFL (given in only one
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Figure 5. Initial setting in Level 3.

case) or FLFRFF (given in 8 of 174 cases, 4.6%), where despite the correct
solution, the astronaut falls into outer space right after arriving at its
destination.
Computational Thinking. We focused on three variables to measure the acquisition
of computational thinking, each computed for all levels as well as for each level
separately:
• Solution Attempts.
• Correct Solution Attempts.
• Time spent on the level [min].

Findings
Exploring the Research Variables
In order to better understand the associations among computational thinking,
creative thinking and computational creativity, we first report on the descriptive
statistics for each of the variables. We then report on the associations among
the different variables. All statistical analyses were conducted using IBM SPSS
version 25.
Computational Thinking. We found that among all participants and across all
levels, the average number of solution attempts was 6.16 (SD ¼ 3.08), and the
average number of correct solution attempts was 1.06 (SD ¼ 0.19). The average
time it took to solve each level was 5.13 minutes (SD ¼ 11.99).
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Figure 6. Solution Attempts and Average Time by Level.

Overall, there was an increasing trend in solution attempts per level (see
Figure 6), indicating the growing difficulty of the game. A similar trend was
found for the average time per level, with the exception of a decrease from
Level 1 to Level 3, which may be related to the participants’ adaptation to
the interface at these initial levels. In addition, there was a decrease from
Level 8 to Level 9 that may be associated with the introduction of the concept
of conditionals in Level 8.
An examination of performance by gender indicates no significant differences
between girls and boys. Moreover, no significant differences were found when
comparing performance according to previous programming background or
affinity for technology. The results are summarized in Table 1.
Creative Thinking. As indicated above, creative thinking consisted of four dimensions (fluency, flexibility, originality, and elaboration). Based on normality tests
(H.-Y. Kim, 2013), we assumed normality (Skewness < 0.5 in absolute value) for
all dimensions of creative thinking, except for originality. Table 2 summarizes
the statistics.
Note that the mean value of originality was relatively high (M ¼ 0.89,
SD ¼ 0.16, N ¼ 174). Recall that we defined 59 categories of drawings from
the TCTT – Figural Test. The distribution of the categories took the shape of a
“long tail”; that is, many categories had a very low frequency (i.e., were highly
original), and only a few had a relatively high frequency (i.e., were not original).
The most common (i.e., least original) category (Emoji) had a frequency of
75%. As for the other dimensions of creativity, the results show that the students were able to submit about seven eligible drawings on average (i.e., more
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Table 1. Computational Thinking by Personal Characteristics (SD).
Solution attempts
Average (SD)
Gender
Girls 6.48 (3.5)
Boys 5.94 (2.79)

Correct solution attempt

T-Test
t(163) ¼ 1.11

T-Test

Average (SD)

T-Test

1.03 (0.15)
1.06 (0.21)

t(163) ¼ 1.54 3.17 (0.92)
2.87 (1.4)

t(163) ¼ 1.6

1.02 (0.06)
1.01 (0.04)

t(164) ¼ 0.92 3.01 (1.16)
2.95 (1.4)

t(164) ¼ 0.253

t(164) ¼ 1.52 1.02 (0.06)
1.02 (0.06)

t(164) ¼ 0.54 2.91 (1.00)
3.06 (1.35)

t(164) ¼ 0.79

Previous Coding Knowledge
No
6.11 (3.2)
t(164) ¼ 0.5
Yes
6.41 (2.92)
Affinity for Technology
Low 5.73 (3.14)
High 6.48 (3.11)

Average (SD)

Average time

Table 2. Descriptive Statistics for Creative Thinking.
Variable

Average (SD)

Median

Skewness (SE)

Fluency
Flexibility
Originality
Elaboration

6.96
4.25
0.89
2.88

7
4
0.94
2.83

20.23
0.48
24.43
20.12

(3.65)
(2.94)
(0.16)
(0.89)

(0.18)
(0.18)
(0.18)
(0.18)

than half of the drawings required in the test), with an average of four different
categories per student.
When comparing performance by gender, we found that the girls’ originality
was significantly higher than that of the boys, with t(163) ¼ 2.15, p < 0.05. When
comparing performance according to previous programming background, we
found that flexibility was significantly higher for students with no previous programming knowledge than among students with a prior background in programming, with t(164) ¼ 2.02, p < 0.05. Additionally, for students with a low
affinity for technology, the score for elaboration was significantly higher than
for those with a high affinity for technology, with t(164) ¼ 2.4, p < 0.05. The
results are summarized in Table 3.
Computational Creativity. Among all the participants, the computational creativity
score was low (on a scale of 0-1), as indicated by an average value of 0.24
(SD ¼ 0.24). No clear trend was observed throughout the game (see Table 4).
In more than half the cases, we could not assume normality (H.-Y. Kim, 2013),
as can be seen from the high levels of the skewness coefficients (that is, higher
than 1). At most levels, one dominant solution was observed despite the existence of several others, as solved by a minority of students. Exceptions were

16

(SD)

t(163) ¼ 1.46

T-Test

*p < 0.05.

Affinity for Technology
Low
6.9 (3.69)
High 7.01 (3.66)

4.47 (2.93)
3.36 (2.86)

4.61 (2.65)
3.84 (3.09)

Average (SD)

T-Test

t(164) ¼ 0.72

t(164) ¼ 2.02*

t(163) ¼ 1.68

Flexibility

t(164) ¼ 0. 2 4.43 (3.05)
4.09 (2.87)

Previous Coding Knowledge
No
7.03 (3.49)
t(164) ¼ 0.45
Yes
6.72 (4.27)

Gender
Girls 7.38 (3.33)
Boys 6.55 (3.86)

Average

Fluency

Table 3. Creative Thinking by Personal Characteristics (SD).

0.91 (0.13)
0.88 (0.18)

0.9 (0.16)
0.87 (0.17)

0.92 (0.07)
0.87 (0.21)

Average (SD)

t(164) ¼ 1.03

t(164) ¼ 0.7

t(163) ¼ 2.15*

T-Test

Originality

3.11 (0.88)
2.77 (0.89)

2.91 (0.89)
2.89 (0.94)

2.9 (0.65)
2.9 (1.07)

Average (SD)

t(164) ¼ 2.4*

t(164) ¼ 0.09

t(163) ¼ 0.04

T-Test

Elaboration
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Table 4. Descriptive Statistics for Computational Creativity.
Level

Average (SD)

Median

Skewness (SE)

1
2
3
4
5
6
7
8
9

0.17
0.21
0.1
0.67
0.03
0.63
0.02
0.02
0.45

0.9
0.11
0.05
0.7
0.02
0.67
–
–
0.42

2.91 (0.18)
2.35 (0.19)
3.96 (0.18)
0.49 (0.19)
7.48 (0.18)
0.67 (0.19)
–
–
21.78 (0.2)

(0.25)
(0.27)
(0.2)
(0.19)
(0.13)
(0.17)
(0.72)
(0.09)
(0.15)

Levels 7 and 8, in each of which a single solution was submitted by the entire
population, probably because of the design of these levels and their block limits.
Levels 4 and 6 exhibited the highest variability among participants.
A comparison of the computational creativity scores by personal characteristics revealed significant differences between girls and boys. The average computational creativity was greater for girls than for boys, with t(163) ¼ 2.25,
p < 0.05. No other differences were found. The results are summarized in
Table 5.
In order to examine computational creativity across different levels of the
game, we ran 36 pair-wise between-level correlations. We used the post-hoc
False Discovery Rate (FDR) method for correcting the multiple comparisons;
this method produces a q-value, which is interpreted as a p-value (Storey et al.,
2004). We did not find any significant positive correlations between pairs of
levels, with the exception of Levels 2 and 3, implying that each level promotes
creativity differently on a varying scale. Table 6 summarizes the findings. Note
that Levels 7 and 8 were removed from the table as only one solution was
possible, and therefore creativity could not be coded at these levels.
Creative Thinking and Acquisition of Computational Thinking. We tested for correlations
between the computational thinking variables and the creative thinking variables. The findings indicate that flexibility and originality were significantly and
negatively correlated with average time, with Spearman’s q taking values of
0.16 and 0.18, respectively, at p < 0.05. Likewise, we found a significant
negative correlation between flexibility and solution attempts, with q ¼ 0.17,
at p < 0.05. When we examined the correlation between the two variables by
level, we found five cases—Levels 1, 3, 5, 6, and 7—that demonstrated significant correlations. Note that except for one case (Level 1), all correlations were
negative (findings are summarized in Table 7). These significant correlations by
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Table 5. Computational Creativity by Personal Characteristics (SD).
Average (SD)
Gender
Girls
Boys
Previous Coding Knowledge
No
Yes
Affinity for Technology
Low
High

T-Test

0.26 (0.08)
0.24 (0.06)

t(163) ¼ 2.25*

0.26 (0.08)
0.24 (0.06)

t(164) ¼ 1.24

0.26 (0.07)
0.24 (0.07)

t(164) ¼ 1.61

*p < 0.05.

Table 6. Correlations of Computational Creativity Between Pairs of Levels.
Level
1
2
3
4
5
6

2

3

4

5

6

7†

8†

9

0.13
q ¼ 0.23

0.18
q ¼ 0.09
0.28***
q ¼ 0.00

0.09
q ¼ 0.54
0.18
q ¼ 0.09
0.16*
q ¼ 0.16

0.02
q ¼ 0.86
0.05
q ¼ 0.8
0.13
q ¼ 0.23
0.05
q ¼ 0.8

0.08
q ¼ 0.63
0.06
q ¼ 0.8
0.02
q ¼ 0.86
0.01
q ¼ 0.93
0.14
q ¼ 0.23

























0.011
q ¼ 0.93
0.22
q ¼ 0.07
0.04
q ¼ 0.86
0.03
q ¼ 0.86
0.02
q ¼ 0.86
0.09
q ¼ 0.63

*q < 0.05, **q < 0.01, ***q < 0.001.
†
In this case, there was no variance in Computational Creativity in at least one variable.

level, which differ from those emerging on the game level, indicate that different
levels promote varying degrees of the four constructs of creative thinking.
When examining the correlations by personal characteristics (see Table 8), we
found some interesting results. A significant negative correlation emerged
between flexibility and average time for boys, with q ¼ 0.29, at p < 0.01. No
correlations were found among the girls. Furthermore, among students with low
affinity for technology, we found a negative correlation between flexibility and
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Table 7 Correlations between Computational Thinking and Creative Thinking by Levels; only
significant correlations are shown (N¼174)
Solution Attempts

Correct Solution Attempts

Average Time

q¼0.04
p¼0.62

q¼0.04
p¼0.65

q520.16*

q¼0.01
p¼0.94
q¼0.00
p¼0.96

q50.15*

Level 7

q¼0.04
p¼0.58
q520.18*

Originality
Level 5

q520.15*

q¼0.06
p¼0.42

q¼0.04
p¼0.62

q¼0.1
p¼0.19
q¼0.11
p¼0.14
q520.2**

q¼0.15
p¼0.05
q¼0.15
p¼0.05
q520.16*

q520.27**

Fluency
Level 1
Flexibility
Level 1

Elaboration
Level 1
Level 3
Level 6
*

q¼0.14
p¼0.07

q520.19**
q520.21**

p<0.05, **p<0.01

Table 8 Correlations between Computational Thinking and Creative Thinking by Personal
Characteristics; only significant correlations are shown

Flexibility
Boys (N595)
Low Affinity for
Technology (N569)
*

Solution Attempts

Correct Solution Attempts

Average Time

q¼-0.11
p¼0.26
q5-0.24*

q¼-0.09
p¼0.41
q¼-0.04
p¼0.72

q5-0.29**
q¼-0.23
p¼0.06

p<0.05, **p<0.01

total attempts, with q ¼ 0.24 at p < 0.05, while no correlations were found for
students with high affinity for technology.
The above results indicate that the more creative the students were (as measured by a standardized creativity test), the less time and effort it took them to
solve the levels in the game. These findings were expressed on the game level, in
the analysis of each level separately, and in the analysis according to personal
characteristics.
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Table 9 Correlations between Computational Thinking and Computational Creativity by
Levels; only significant correlations are shown (N¼174)
Solution Attempts

Correct Solution Attempts

Average Time

Level 9

q50.18*

q¼0.05
p¼0.53
q¼-0.02
p¼0.78
q-0.08
p¼0.28
q¼0.1
p¼0.27

q50.27**

Level 6

q¼0.14
p¼0.08
q¼0.14
p¼0.06
q50.17*

Level 3
Level 4

*

p<0.05,

**

q50.25**
q¼0.11
p¼0.16
q50.33**

p<0.01

Computational Creativity and Acquisition of Computational Thinking
Next, we tested the associations between computational thinking and computational creativity, with computational creativity reflected by the originality of a
correct solution at a given level compared with all other correct solutions. We
did so for the aggregated measures as well as for each level of the game separately. We found that on the whole, computational creativity exhibited a negative correlation with solution attempts, with q ¼ 0.17, at p < 0.05, and with
average time, with q ¼ 0.2, at p < 0.01. We also found four cases—Levels 3, 4, 6,
and 9—which demonstrated significant positive correlations, as reported in
Table 9. These results indicate that the more creative the students were in producing a solution, the more time and effort it took them to solve certain levels in
the game.
When examining the correlations by personal characteristics (see Table 10),
we found that for girls, computational creativity is negatively correlated with
solution attempts and average time, with q ¼ 0.23 and q ¼ 0.25, respectively,
both at p < 0.05. For boys, a negative correlation emerged between computational creativity and average time, with q ¼ 0.22, at p < 0.05. Moreover, for
students with no previous coding knowledge, computational creativity was negatively correlated with solution attempts and average time, with q ¼ 0.27 and
q ¼ 0.25, at p < 0.01, respectively. For students with previous coding knowledge, a negative correlation emerged between computational creativity and correct solution attempts, with q ¼ 0.33, at p < 0.05. Moreover, we found that for
students with low affinity for technology, computational creativity showed a
negative correlation with solution attempts and average time, with q ¼ 0.3
and q ¼ 0.26, at p < 0.05, respectively.
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*

p<0.05, **p<0.01

Affinity for
Technology

High (N5105)

Low (N569)
q¼-0.08
p¼0.44

q¼-0.06
p¼0.72
q5-0.3*

Yes (N538)

No (N5136)

q¼-0.13
p¼0.22
q5-0.27**

Boys (N595)

Previous Coding
Knowledge

q5-0.23

Girls (N578)

Gender

*

Solution
Attempts

Personal Characteristics

q¼-0.14
p¼0.25
q¼-0.08
p¼0.4

q¼-0.18
p¼0.12
q¼-0.07
p¼0.52
q¼-0.05
p¼0.53
q5-0.33*

Correct Solution
Attempts

q¼-0.17
p¼0.09

q¼-0.06
p¼0.7
q5-0.26*

q5-0.25**

q5-0.22*

*

Average
Time
q5-0.25

Computational Thinking

q¼0.07
p¼0.49

q¼-0.08
p¼0.51
q¼-0.12
p¼0.25
q¼-0.01
p¼0.85
q¼-0.29
p¼0.08
q5-0.29*

Fluency
q¼-0.01
p¼0.91
q¼0.1
p¼0.33
q¼0.07
p¼0.41
q¼0.08
p¼0.65
q¼0.1
p¼0.43
q¼0.04
p¼0.68

Flexibility

q¼0.13
p¼0.19

q50.25*

q¼0.17
p¼0.05
q50.32*

q¼0.15
p¼0.18
q50.23*

Originality

Creative Thinking

q¼-0.08
p¼0.49
q¼-0.06
p¼0.6
q¼-0.01
p¼0.95
q¼0.08
p¼0.65
q¼-0.01
p¼0.97
q¼-0.03
p¼0.74

Elaboration

Table 10 Correlations between Computational Thinking and Computational Creativity and correlations between Creative Thinking and
Computational Creativity by Personal Characteristics
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Creative Thinking and Computational Creativity
Finally, we examined the associations between the measures related to creativity: computational creativity and creative thinking. We found a significant positive correlation between originality and the aggregated variable of computational
creativity, with q ¼ 0.2, at p < 0.01. These results indicate that students who
created more original drawings in the TTCT task were more creative in the game.
The following results emerged from examining the correlations by demographic variables (see Table 10). For boys, we found a significant positive correlation between originality and computational creativity, with q ¼ 0.23, at
p < 0.05. No correlations emerged between these variables among the girls.
When examining students with previous coding knowledge (N ¼ 136), we
found that their originality was positively correlated with computational creativity, with q ¼ 0.32, at p < 0.05. No correlations emerged for students with no
previous coding knowledge. In contrast, for students with low affinity for technology, fluency exhibited a negative correlation with computational creativity,
while originality exhibited a positive correlation with computational creativity.
These results indicate that among this group, students who produced a
higher number of drawings in the TTCT task were less creative in the game, but
those who created more original drawings in the TTCT task were more creative in
the game.

Discussion
In this study, we explored the associations between computational thinking (CT)
and two types of creativity—computational creativity and creative thinking—as
reflected in the solutions generated by middle school students within a gamebased learning platform and on a standardized creativity test. In addition, we
examined the role played by personal characteristics in these associations.
In the analysis of CT among all the participants, our findings indicate that, in
general and as expected, the level of difficulty increased throughout the game, as
reflected by the number of solution attempts and the average time. Creative
thinking was relatively high, mainly because of the multitude of categories.
Computational creativity, on the other hand, did not exhibit a clear trend. At
some of the levels, one solution was dominant, and at others, only a single
solution was possible. One interesting finding is that no significant differences
emerged between the CT variables based on personal characteristics.
Nevertheless, previous studies have found gender differences (Eguıluz et al.,
2018). In-depth investigation and understanding of these differences are crucial
to promoting the acquisition of CT. We indeed intend to continue exploring
these aspects. In the context of gender differences, we found significant differences between boys and girls for both creativity constructs. Girls were significantly more creative than boys in terms of both creative thinking and
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computational creativity. While the literature on gender-based differences in
relation to creativity has been inconclusive (Abraham, 2016), the current
study is in line with previous studies demonstrating that girls score higher
than boys when tested for creativity (J. Baer & Kaufman, 2008; Cheung &
Lau, 2010; Kousoulas & Mega, 2009; Lee et al., 2017; Matud et al., 2007).
A recent comprehensive meta-analysis of the associations between gender and
creativity analyzed 271 studies, 480 independent effect sizes, and a total of
N ¼ 137,247 participants. The analysis found a significant relationship between
gender and creativity, with females showing slightly higher levels of creativity
than males (Thompson, 2016).
In our study, associations emerged between CT, creative thinking, and computational creativity. CT exhibited significant negative correlations with two of
the dimensions of creative thinking—flexibility, and originality. The more creative students were on the standardized creativity test, the less time and effort
they required to solve the levels in the game. This finding corresponds to that of
an earlier study indicating a positive association between standardized creativity
tests and secondary school students’ academic achievements (Anwar et al.,
2012). A more recent study found similar associations among students in computer science education (Whalley & Ogier, 2020). Moreover, these findings support the notion that creativity may contribute to computer science and to
computational thinking in particular (S. Kong, 2019; Miller et al., 2013).
When examining these associations by personal characteristics, we found that
similar relationships—i.e., higher levels of creativity yield less efforts in acquiring CT—held for some sub-populations but not for others (in particular, for
boys but not for girls, and for students with low but not with high affinity for
technology). In our future research we will continue studying these
relationships.
Computational creativity—a manifestation of original solutions within the
learning environment—for the most part exhibited negative correlations with
solution attempts and average time, which constitute measures of CT. That is,
the more efforts students invested in achieving a correct solution, the less creative their solutions were. These associations were evident for both genders, as
well as among those students with no previous coding experience and among
those with low affinity for technology. Additionally, we found that among
students with previous coding experience, the higher their success rate, the less
creative their solutions were. Various studies have indicated a relationship
between prior programming experience and performance (Berland et al., 2013;
Soares et al., 2015). Hence, we may be observing a negative impact on creativity
at both ends of content-related competency: While novice students did not have
the knowledge structures required to provide creative solutions, experienced
students were focused on completing the tasks properly and did not attempt
to be creative. To examine these differences thoroughly, students must be
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explicitly encouraged to submit as many different solutions as possible, which
we intend to do in our future research.
It is also worth noting that at some levels of the game, a positive correlation
emerged between computational creativity and measures of CT acquisition.
That is, students who provided more original and unique solutions needed
more time and attempts to solve these levels. This is not surprising, as producing
a creative solution may take more time than producing a “standard” solution
(Akinboye, 1982; M. Baer & Oldham, 2006), and indeed was observed in our
previous study (Hershkovitz et al., 2019). A possible explanation may also be
related to the characteristics of the levels themselves as stimulating or suppressing creativity. This highlights the importance of the learning environment design
in supporting and even promoting creativity. Indeed, different studies emphasize
the influence of the learning environment design on the expression of creativity
(Doering & Henrickson, 2015; Roque et al., 2016).
We also found some intriguing associations between the two types of creativity. Computational creativity exhibited a positive correlation with the originality dimensions of creative thinking. These results may imply a “transfer of
creativity” from one domain to another. Yet taken together with the finding
that such associations were observed only for a few levels of the game, they
may also imply that creativity is context-dependent. This supports the
hierarchical model of creativity, integrating both domain-general and domainspecific types of creativity (Baer, 2010; Hong & Milgram, 2010). It also reflects
earlier findings linking standardized creativity scores to creativity in problemsolving on programming platforms, also supporting the hierarchical model
(Liu & Lu, 2002).
This study contributes to the growing body of literature on CT and creativity,
and more importantly, to the still very limited knowledge base on computational
creativity. Our findings show that creativity can contribute to the acquisition of
computational thinking and also can be transferable across domains, underscoring the importance of nurturing creativity while promoting CT. Many learning environments seek efficiency and penalize original solutions as they are often
considered longer than the desired solution. This feature can impair learners’
motivation and hinder learning. Indeed, in the context of task completion,
longer solutions are not necessarily less effective than shorter solutions (Chao
et al., 2014). Therefore, instructional designers should adapt their perception
and incorporate creative tasks as an inherent part of learning environments.
Educators who want to better promote the acquisition of computational thinking should encourage student creativity, whether by using dedicated learning
environments or by fostering this skill in classroom activities.
While our results and insights contribute to understanding the associations
among CT, creative thinking, and computational creativity, some limitations are
worth noting. First, because we analyzed data from a single learning platform
(Kodetu), it is possible that our findings were a result of some unique
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characteristics of this platform (Saito et al., 2017). Specifically, the studied platform does not encourage multiple correct solutions and in some cases limits the
free use of coding blocks, which may affect and limit creative solutions.
Furthermore, the analysis is based on students from a single country (Spain).
Personal and cultural characteristics may affect how creativity is exhibited
(Deng et al., 2016; Runco & Johnson, 2002; Zhou et al., 2013). Therefore, we
recommend replicating this study in other countries to offer a more international and multicultural view. Indeed, this is our plan. In addition, we plan to
broaden our perspective by examining similar platforms under different conditions and using a more multicultural approach.
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