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Creativity is one of the most crucial skills for success in the 2 1st-century workforce. Specifically, creativity is
an important skill to have in science, technology, engineering, and mathematics (STEM)-related fields, and
more empirical studies are needed to assess and improve creativity in STEM-related learning environments.
In this study, we designed and validated an automated, unobtrusive, formative assessment of creativity in
EarSketch, a computational music remixing platform where students learn to write Python or JavaScript
code to create pieces of music. Using an existing data set of EarSketch projects (n = 53), we addressed
two research questions: (Research Question 1) To what extent is the automated assessment of creativity
that we designed in EarSketch psychometrically sound (focusing on validity and reliability), and
(Research Question 2) what variables (i.e., divergent thinking, complexity, and self-report variables) predict
students’ creativity in EarSketch? Our main findings show that (a) the automated assessment of creativity has
reasonable convergent validity (r = .47) and discriminant validity; (b) the automated assessment of creativ-
ity has a reliability estimate of .70; and (c) divergent thinking and the students’ confidence in learning how to
code significantly predicted students’ creativity scores in an external, consensual assessment of creativity by
EarSketch experts. Providing learning environments that can assess and support essential skills such as cre-
ativity alongside other STEM-related skills such as programming and computational thinking holds great
promise for developing the next generation of the workforce who is not merely aware of STEM concepts
and principles, but is creative and innovative in pursuing STEM solutions.

Keywords: creativity, automated assessment, computer programming, EarSketch, music

Creativity is generally defined as the ability to transcend conven-
tional ideas and create products (e.g., ideas, solutions, rules, patterns,
and music) that are novel/original, appropriate/useful, and valuable
(Amabile, 1983; Kaufman & Beghetto, 2009; Piffer, 2012; Plucker
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et al., 2004). Throughout history and especially in the 21st century,
creativity has been one of the crucial drivers that move human civi-
lizations forward (Craft, 2010; Glaveanu et al., 2020; Hennessey &
Amabile, 2010; Henriksen et al., 2018; Runco & Jaeger, 2012).

Emphasizing the importance of creativity, many organizations
started to list creativity as one of the most important skills in the
21st century. For instance, the Partnership P21 (2019) included cre-
ativity as one of the essential skills for success in modern life. Also,
the World Economic Forum (Gray, 2016) listed creativity as the third
most important skill people need to succeed in the fourth industrial
revolution. Moreover, developing an educated and creative work-
force is necessary for any society to meet economic needs, rise to
new challenges, and continue to be a leader in the global community
(Florida, 2002; Hennessey & Amabile, 2010; Shaheen, 2010).

The importance of creativity from an individual’s point of view
(i.e., helping one increase their quality of life by solving their daily
problems and having more job opportunities) and a socioeconomic
perspective (i.e., enhancing the quality of life in societies through sci-
entific and life-changing discoveries and inventions) has attracted the
attention of researchers from multiple disciplines to study, assess, and
attempt to improve people’s creativity (e.g., Guilford, 1950;
Hennessey & Amabile, 2010; Kaufman & Beghetto, 2009; Rahimi
& Shute, 2021; Shute & Rahimi, 2021; Simonton, 1997; Sternberg,
1988). However, there are still many underinvestigated areas and
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open questions related to creativity. For instance, creativity is an
important skill to have in science, technology, engineering, and math-
ematics (STEM)-related fields (Henriksen et al., 2018; Lou et al.,
2017; Mayasari et al., 2016) and more empirical studies are needed
to assess and improve creativity in STEM-related learning environ-
ments that prepare individuals to perform well in STEM-related fields.
To foster creativity in such learning environments, one must first accu-
rately assess it. Also, when STEM-related learning environments
embrace creativity (i.e., allow learners to show their creativity), assess-
ing creativity in a formative manner makes the most sense rather than
assessing it using traditional tests of creativity or independent of the
learning environment.

As future jobs become more automated and replaced by artificial
intelligence (Al)-powered machines (e.g., replacement of a customer
service division with systems equipped with GPT-4, i.e., generative
pre-trained transformer), the future STEM workforce critically needs
competencies that include creativity and complex problem-solving
skills (or a mix of the two, i.e., creative problem-solving) above manual
skills or memorized content (Education & Human Resources, 2020).
In other words, we need a workforce that is not merely aware of
STEM concepts and principles but is creative and innovative in pursu-
ing STEM solutions. Some scholars have introduced a type of
co-creativity of humans with Al systems (Vinchon et al., 2023;
Wingstrom et al., 2023) that can enhance human creativity. Those
scholars also talked about some uses of Al that may not lead to
enhanced human creativity and can be considered unethical or even
plagiaristic (Vinchon et al., 2023). The type of use of Al that can
enhance human creativity is referred to as intelligence augmented
(Dede et al., 2021). Such positive uses of Al need to be investigated
further. Moreover, interdisciplinary efforts (e.g., between the fields
of psychological science and computer science) can enrich
Al-powered digital environments leading to unexpected, yet promising
human-Al co-creativity (Rafner, Beaty, et al., 2023). However, we first
need to create environments that can accurately assess humans’ creativ-
ity. Then, we can be more successful in augmenting humans’ creativity
using advanced, Al-based systems. The current study aims to design
and validate an automated, formative assessment of creativity using
an automated assessment method derived from the method of stealth
assessment (Shute, 2011) in a web-based, programming-learning envi-
ronment for music remixing called EarSketch (Magerko et al., 2016).

Background
Creativity in Music

Since the context of our study is related to music, we first start by
defining creativity in music. Hickey and Webster (2001) define
musical composition as the result of multiple stages of creative
decision-making and identify a variety of evaluation schemes as
appropriate for evaluating musical creativity. Hickey (2001) also
tested the reliability of Amabile’s Consensual Assessment
Technique using a student’s musical compositions as the evaluated
creative product. Employing music teachers, composers, theorists,
seventh-grade children, and second-grade children as judges,
Hickey reported inter-judge reliabilities for creativity ratings on 11
compositions: composers, .04; all music teachers, .64; music theo-
rists, .73; seventh-grade children, .61; and second-grade children,
.50. These results revealed evidence for the reliability of this assess-
ment technique across judge groups, with notably weak or negative
correlations between composers’ scores and those of other groups,

RAHIMI ET AL.

suggesting potential challenges in achieving consensus on assess-
ments of musical creativity.

When examining how people understand creativity in music, Truax
(1992) describes a shift from linear, sound-based models toward a
multidimensional model of structural and compositional elements.
According to Truax, this combination leads to an understanding in
which the context or intention behind a musical work is linked to
the musical elements within it. Structural aspects of music that can
be used to evaluate complexity include melody, harmony, and rhythm
(Streich, 2006). Thul (2008) notes entropy as a potential measure of a
musical sample’s rhythmic complexity.

In brief, we may consider a musical product creative if it contains
structural and compositional complexity, is expressive within a
given context, and may contain elements of unpredictability. Also,
we acknowledge that musical creativity is more complex than any
list of characteristics but that for the sake of assessment, we need
to operationalize it using the affordances in the given learning envi-
ronment at hand which we discuss later in this article. Next, we
briefly discuss creativity assessment.

Creativity Assessment

Creativity research studies fall on a spectrum from domain-
general to domain-specific (Baer & Kaufman, 2005; Kaufman &
Baer, 2005; Sternberg & Lubart, 1996). Domain-general studies
tend to focus on psychometric measurements of individual differ-
ences in creativity, as exemplified by the work of Torrance (1972).
Conversely, domain-specific studies involve a deeper examination
of creativity within a specific social and environmental domain.
The domain-general model of creativity that Guilford (1956) intro-
duced, for example, operationalized creativity as divergent thinking,
with four subfacets: fluency (the ability to produce a large number of
ideas, solutions, or products), flexibility (the ability to come up with
ideas and other products from different themes, genres, or catego-
ries), originality (the ability to produce products or come up with
statistically novel ideas), and elaboration (the ability to implement
an idea in detail and high quality). Multifaceted models like this
can assist researchers in developing precise creativity assessments
and identifying particular subfacets of creativity to enhance (e.g.,
Rahimi & Shute, 2021; Rahimi et al., 2023; Shute & Rahimi, 2021).

Assessments of creativity based on a product include aspects such
as aesthetics and being of high quality (Sternberg & Lubart, 1996),
though Cropley and Cropley (2011) and Runco (2003) also indicated
that creativity aims to go beyond aesthetic properties. For instance,
Richard Hewitt demonstrated creativity by ingeniously combining
a bicycle and a large container to invent the SpinCycle washing
machine (Hewitt, 2019) in a remote African village where electricity
and financial resources were scarce. The SpinCycle invention is
innovative and also practical and valuable for the community, that
is, creativity is not just about artistic work. Other aspects of a creative
product in the literature include complexity. According to Guilford
(1950), complexity is characterized as the degree to which a unified
entity is formed by incorporating diverse and separate components.
For example, when constructing a building with materials like glass,
metal, and wood, it leads to the formation of a complex structure.

Other than these traditional assessments of creativity that are usu-
ally about assessing divergent thinking, for example, the Torrance
Test of Creative Thinking (Torrance, 1974); the Alternative Uses
Test (Wallach & Kogan, 1965), one of the frequently used
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assessment techniques is called the Consensual Assessment
Technique (Amabile, 1996). In this technique, multiple experts (at
least two; see the Method section for a definition of the expert within
the context of this study) rate products of interest on their creativity
(with no training on how to rate creativity). If, collectively, those rat-
ers agree that a product is creative, we must accept that product as
creative. This assessment technique is one of the most accurate meth-
ods of creativity assessment; however, it is very resource intensive
(i.e., many raters who are experts in the domain at hand are needed,
and rating the products takes a lot of time and effort). New assess-
ment techniques that can objectively automate the assessment of a
creative product are needed. In this study, inspired by the traditional
definitions of creativity in terms of creative thinking and the aspects
of a creative product, we operationalized creativity (i.e., developed
the competency model [CM] of creativity in EarSketch—discussed
later in this article), designed an automated, formative assessment of
creativity based on that operationalization, and validated it using the
Consensual Assessment Technique. Next, we discuss some recent
efforts in the automation of traditional assessments of creativity.

Automated Scoring of Creativity Assessments

Advances in technology, computer sciences, and creativity
research have led to success in automatic scoring approaches in
domain-general creativity assessments. These automated scoring
approaches of creativity assessments are related to verbal creative
thinking (Acar et al., 2024; Beaty & Johnson, 2021; Beaty et al.,
2022, 2021; Patterson, Merseal, et al., 2023), figural creative think-
ing (Barbot, 2018; Patterson, Barbot, et al., 2023; Rafner, Wang, et
al., 2023), and some in domain-specific creativity assessments
(Marrone et al., 2023). While our examination of automated creativ-
ity assessment is not exhaustive, we delve into some of the endeavors
within this research area in this section.

As an example of verbal creative thinking assessment, Beaty et al.
(2022) used semantic distance analysis to automatically assess the
originality of responses for an Alternative Uses test. The core idea
of semantic distance analysis is how best to quantify the creativity
quality of responses to a creativity test. Specifically, semantic dis-
tance measures the originality or novelty of human responses to a cre-
ative thinking test by assessing conceptual dissimilarity, indicating
the degree to which concepts exhibit a considerable separation
from each other (Beaty et al., 2022). For instance, the words “fork”
and “eat” have a low semantic distance value compared to the
words “fork” and “laptop.” Beaty et al. (2021) created the SemDis
platform (https:/semdis.wlu.psu.edu), which includes five semantic
models trained on a large corpus of English text data, and can auto-
matically compute the semantic distance value of words within a
response and calculate the overall originality score of that response.
Similarly, a multi-lab, large study (n = 6,552; Patterson, Merseal,
et al., 2023) used an automatic semantic distance analysis approach
to create and validate an automatic, general, verbal assessment of cre-
ativity in 12 languages: Arabic, Chinese, Dutch, English, Farsi,
French, German, Hebrew, Italian, Polish, Russian, and Spanish.
The authors gathered 107,672 responses from the participants and
used two deep-learning, semantic-based models to compute the
semantic distance values for the responses. Results showed positive
evidence for the validity of the automated scores of verbal creativity.

With the advent of large language models, researchers started to
enhance the automated scoring of traditional verbal creativity tests
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(e.g., Alternative Uses Test). A recent study by Acar et al. (2024)
designed and validated an automated assessment of originality
called a measure of original thinking for elementary school
(MOTES). MOTES comprises 24 game-like items divided into
three types: uses (i.e., come up with alternative uses for an ordinary
object), examples (i.e., come up with surprising examples), and sen-
tences (i.e., complete incomplete sentences). This automated assess-
ment uses a large language models to score the originality of
students’ responses. MOTES was described to students as a game
(i.e., “The Game of Surprises”) alluding to what the students had
to do: generating surprising responses. Results of a validation
study showed a high level of agreement with independent subjective
human ratings across all three item types (rs = .79, .91, and .85 for
uses, examples, and sentences, respectively).

Automatic assessment of figural or drawing tasks (e.g., incomplete
shape tasks) can be challenging. However, with advances in Al systems,
we will see more progress in the automated assessment of figural crea-
tivity in the near future. Despite the challenges, some creative efforts
on this front have been made. For example, Barbot (2018) constructed
a structured figural assessment of creative thinking which allowed for
quantification of the drawing completed by participants. Then, dealing
with numbers, the structured figural creativity assessment could auto-
mate the scoring process as well as capture data related to the creative
process (i.e., exploration, production, and verification). Similarly,
using machine learning approaches, Patterson, Barbot, et al. (2023) cre-
ated an automated drawing assessment platform called AuDrA which
automatically scores drawing productions on their creativity. AuDrA
was trained using a large collection of line drawings and human creativ-
ity ratings. Results of a validation study (Patterson, Barbot, et al., 2023)
with 60 raters and over 13,000 drawings (e.g., from incomplete shape
tasks) showed medium to strong correlations between human ratings
and the automated scores by AuDrA (r = .65—.81).

Apart from the domain-general automated assessment of creativ-
ity discussed above, researchers have advanced in assessing creativ-
ity in specific domains in automated ways. For instance, in an
exploratory study, Marrone et al. (2023) examined an automated
assessment of mathematical creativity using natural language pro-
cessing (NLP). The authors used the creative production mathemat-
ics task (Tubb et al., 2020) given to 441 Australian secondary school
students. For example, the students were asked “What is the most
creative way you can write some math questions or equations
where the answer is 8 (e.g., 2 x 4,” or ‘18 — 10’ are not very creative
answers).” Students’ responses were scored for creativity and later
compared to an NLP model predicting responses’ creativity.
Results showed that the NLP model had an accuracy of close to
0.7 and a fair level of agreement (Cohen’s k = 0.41). These findings
indicate that NLP applied to the assessment of mathematical creativ-
ity achieved an accuracy level comparable to that of human judges.

The research on automated scoring of creativity assessments is
promising. However, what all of the discussed automated assessments
have in common is that they all look like traditional tests and the par-
ticipants are aware of the fact that they are being assessed (i.e., there is a
question to respond to). The current study aims to assess participants’
creativity unobtrusively, embedded within a computer programming
learning environment. Also, what the current study aims for is to create
a formative assessment of creativity that can later be used to enhance
the creativity in students’ products (i.e., pieces of music they create
using EarSketch). Such automated, unobtrusive, formative assess-
ments could entail a higher degree of ecological validity.
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Automated, Unobtrusive, Formative Assessment

The automated, unobtrusive assessment we discuss in this article
is based on a formative assessment technique (i.e., assessment for
learning; see Shute & Rahimi, 2017) called stealth assessment, intro-
duced by Shute (2011). Stealth assessment uses digital learning
environments (historically, digital games) as vehicles for assessing
and supporting various competencies such as basic knowledge and
skills including physics (Rahimi & Shute, 2023; Shute & Rahimi,
2021); and other hard-to-measure skills such as creativity (Rafner,
2021; Shute & Rahimi, 2021), persistence (DiCerbo, 2014;
Rahimi et al., 2021, 2022), and problem-solving (Akram et al.,
2018). This assessment method was originally called stealth because
it is woven into the learning process and is invisible to the learners.
Not all automated assessments use stealth assessment principles.
However, an automated assessment can be similar to a stealth assess-
ment when the participants do not feel they are being tested (e.g.,
they are deeply engaged in gameplay or computer programming).
Also, such stealth or automated, unobtrusive assessments are forma-
tive and less high-stakes. If a learning environment can move learn-
ers away from focusing on the fact that they are being tested, lower
the stakes of testing, and help learners focus on performance and
learning, the results of a formative assessment in such a learning
environment may be more accurate (without test anxiety), showing
learners weaknesses and strengths. Then, such ongoing assessment
results can be used to support learning in a personalized manner.
Stealth assessment (or as we call it automated, unobtrusive, forma-
tive assessment) is different than other automated assessments that
look like traditional assessments (i.e., there is an item to respond
to such as the Alternative Uses Test) but the scoring is automated
without human intervention as we discussed earlier.

Since there is a negative connotation with the word stealth, we refer
to this type of assessment as automated assessment in this article (not to
be confused with other automated assessments as we discussed above).
An automated assessment system, when implemented, collects various
user interaction data in the log files, through an evidence identification
process, identifies and scores those interactions, and finally through an
evidence accumulation process creates learner models that show the
level of competency (i.e., low, medium, or high) on a particular skill
at hand in a granular way. Automated assessment estimates, then,
can diagnostically be used to support learners in enhancing their skills,
or to adapt the learning environment challenges to the level of learners’
ability. This adaptation could lead to maximizing enjoyment, engage-
ment, and eventually learning (Shute et al., 2020). This research
primarily concerns the design and validation of the creativity assess-
ment in EarSketch. The use of the validated assessment to provide sup-
port to EarSketch users can be addressed in future work (see the
Limitations and Future Research section).

Automated assessment uses an evidence-centered design frame-
work of assessment (ECD; Almond et al., 2015; Mislevy et al.,
2004). ECD is designed to help assessment designers generate
assessments that are psychometrically sound (i.e., valid, reliable,
and fair). Validity refers to the extent of accuracy of the estimated
scores from an assessment. Reliability refers to the level of consis-
tency of those scores. Fairness refers to the extent to which an assess-
ment is fair for different groups of learners (e.g., groups by gender or
ethnicity). According to Messick (1994), “...validity, reliability,
comparability, and fairness need to be uniformly addressed for all
assessments because they are not just measurement principles,
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they are social values that have meaning and force outside of mea-
surement wherever evaluative judgments and decisions are made”
(p. 13). The quality of an assessment is important since assessment
results lead to some following consequences (e.g., selection or pro-
motion of people in high-stakes tests; adapting the challenges, and/
or providing learning support in low-stakes, formative assessments).
Such consequences would be unjust and inappropriate if based on
low-quality assessments.

ECD uses three main models: (a) the CM defines the “unobserv-
ables,” or what is being assessed (i.e., what are the subfacets and
their relationships defining a competency); (b) the evidence model
(EM) defines what indicators (i.e., observables) can provide evi-
dence for the competency of interest (Almond et al., 2020). EM
also includes rules of evidence (i.e., scoring rubrics that can be pro-
grammed and automatized) and statistical model (i.e., an aggregation
or accumulation method; as sophisticated as Bayesian Networks or
as simple as tallies of numbers). Finally, (c) the task model (TM)
defines what tasks (or learning environments) can elicit the evidence
for the EM. Once these three models are defined and embedded in a
digital learning environment, the more the users generate data (i.e.,
evidence) for what they know and can do, the more accurate the esti-
mates of an automated assessment will become. To read more about
the steps to create an automated assessment please see Shute et al.
(2020) and Rahimi, Almond, and Shute (2023).

Generally, there are two ways to design and develop an automated
assessment. First, one can design a digital learning environment
from scratch equipped with automated assessment machinery. This
way, the researchers and assessment designers have full control
over what can be done. For instance, they can plan for logging spe-
cific data that can help with the accuracy (validity) of the assessment.
Second, one can use an existing digital learning environment and
identify the best indicators for the competency of interest. The sec-
ond approach introduces some limitations: for example, sometimes
the researchers cannot find appropriate indicators for some aspects
of their CM and they need to adjust their CM accordingly (i.e.,
only assess the parts of the CM that they can collect log data for).
However, existing digital environments that have undergone multi-
ple tests could function properly with minimal glitches. Such well-
functioning, robust existing learning environments can improve
the accuracy of automated assessments in the end as they allow learn-
ers to show their best performance without interruptions because of
technical issues. Therefore, there is always a trade-off between the
two paths mentioned above. In this study, we used an existing learn-
ing environment called EarSketch to design and validate an auto-
mated assessment of creativity.

EarSketch Platform

EarSketch is an expressive computing learning environment
engaging high school students in computer science through music
sample remixing (Magerko et al., 2016). This computer program-
ming learning environment enables creative expression, targeting
various learning objectives, and emphasizes technology’s role in
fostering creativity and communication (Dede et al., 2021;
Wardrip-Fruin, 2009). Designed for beginners, EarSketch allows
users to code in Python or JavaScript, manipulating a library of
4,000 professionally produced sounds on a multitrack timeline.
This web-based learning environment also includes a curriculum
covering programming concepts in line with state and national
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standards (e.g., functions, loops, and debugging). Studies show pos-
itive effects on students’ attitudes and persistence in computing,
especially among underrepresented populations (Engelman et al.,
2017; Magerko et al., 2016; McKlin et al., 2018).

The version of EarSketch used in this study included a cocrea-
tive Al learning assistant called CAI. CAI contains an analysis
module, which represents the student’s current project based on
its abstract syntax tree as well as a Sound Profile object (explained
in more depth later) which represents a hierarchical musical struc-
ture. Based on that analysis module, CAI generates music and
code-related suggestions through a dialogue tree that users can
navigate through dialogue prompts (see Figure 1). Students initi-
ate conversation with CAI, and the frequency of their interaction
with CAI varies per student. CAI also outputs suggestions when
students run their code, and these suggestions vary per project in
part because all projects are slightly different and students run
their projects with different frequencies. Therefore, CAI is not
deterministic and its suggestions are not fixed; the creativity of stu-
dents and how their projects unfold determine how CAI interacts
with them.

Here are two example music suggestions: “Let’s put in some
effects with setEffect, like a filter or volume mixing.” “Our project
looks like ‘AB’ form. How about making it ‘ABA’ by adding a sec-
tion?” And, here are two example code suggestions: “adding a func-
tion can help us reuse our code multiple times”; “we could let the
user control something about our song by using console input.”
These suggestions include links (shown as italic) to curriculum
chapters about those concepts.

Figure 1

The Current Study

This study investigates the validity of an automated assessment
of creativity using a sample of projects created in EarSketch.
We also aim to investigate what variables can predict students’
creativity in EarSketch. Specifically, we will address the following
research questions:

Research Question 1 (RQI): To what extent is the automated
assessment of creativity that we designed in EarSketch psycho-
metrically sound (focusing on reliability and validity)?

Research Question 2 (RQ2): What variables (i.e., divergent
thinking, complexity, and self-report variables) predict students’
creativity in EarSketch?

We used the Consensual Assessment Technique (Amabile, 1996),
discussed in detail in the Creativity Assessment section, where
we asked a group of experts to rate the final product of the sample pro-
jects (i.e., the pieces of music only; not the code) for creativity.
Then, we used those ratings for validation purposes. The findings of
this study can provide evidence for a new automated assessment of
creativity. This assessment, if psychometrically sound, can be used
formatively and locally in the EarSketch environment, or it can be
used for assessing creativity in general. Moreover, this study shows
an example of how we can focus on two important areas in education,
that is, STEM knowledge and creativity, at the same time. Usually, the
focus of similar learning environments is on one or the other skill.
However, in EarSketch, students learn to write programming code

The EarSketch Application’s Sound Library (Left), Code Editor (Bottom), DAW (Top), and Experimental CAI Interface (Right)
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while also expressing their creativity through the pieces of music they
create in this learning environment.

Method
Participants and Data Set

The data were drawn from high school students’ projects created in
sessions held in five classrooms (each class had a different teacher) in
the southeastern United States from our earlier studies investigating
student use of CAlL a co-creative Al built for the EarSketch platform
(Truesdell et al., 2021). EarSketch was designed for high school stu-
dents to accommodate the level of knowledge needed in their com-
puter programming classes. Therefore, the inclusion of high-school
students in this study is justified. All projects in our data set were cre-
ated on an experimental version of EarSketch that contains the CAI
interface (see Figure 1) and allowed students to communicate with
either the CAI agent or a researcher acting as CAI in a Wizard of
Oz experiment (Dahlback et al., 1993). We used the data from 53 stu-
dents (females = 11; males = 39; not listed = 3). Students identified
as Asian (n = 8), Black/African American (n = 11), Hispanic/Latino
(n=29), and White (n = 21). More than half of the students (n = 27)
had not taken any other courses related to programming; while some
students had taken one other programming course (n = 20), and few
students had taken two or more other programming courses (n = 6).
Moreover, our sample included students from various grades (i.e.,
ninth =29, 10th = 10, 11th =8, and 12th = 6).

Procedure

Students were instructed to create a project (i.e., write code to pro-
duce a piece of music) in EarSketch, using the insertMedia,
makeBeat, or fitMedia EarSketch application programming interface
functions to add audio samples and setEffect for audio effects such
as Reverb. They were instructed to use loops to repeat the audio sam-
ples. The assignments also included items encouraging students to use
more complex coding structures such as loops if they have additional
time. Further instructions directed students to vary their projects based
on measure number or user input and create a percussion line for songs
of at least eight measures or 15s. Moreover, the students were
instructed to use custom functions to define musical sections and
use those functions for an A-B-A musical form (one with a section
that repeats after a second, different section). Students were not
instructed to be creative, as the goal of the assignment was more
related to writing computer code. However, the expressive, open-
ended nature of EarSketch allowed for creativity.

The study took place in five different existing computer science
classrooms, and students were given the full duration of a class
period (between 45 and 90 min) to complete their assignments.
Participation in this study acted as participation in class for that
day for consenting students, and no additional incentives were
given to the students. After an introduction to the assignment by
their teacher, they then used the remainder of the class period to
work on their projects individually.

During these sessions, students completed their projects with CAI’s
assistance. All students whose projects were included in the data set
had access to support in the form of the CAI agent or a Wizard of
Oz communicating through the CAl interface. The CAI agent and wiz-
ards acting as the CAI agent are not able to edit user code; all project
code included in the data set was written by the students themselves.

RAHIMI ET AL.

The current version of CAI does not provide suggestions that are
intended to improve students’ creativity. Additionally, since students
made an average of 2.4 sound sample requests per project and 1.1
code/musical structure requests per project, the effect of CAI on
the creativity of their projects was probably minimal. Therefore,
since this work is intended to evaluate the creativity evident in the
product (i.e., pieces of music) and it is not important in this valida-
tion study how that product was created (i.e., with or without the help
of CAl), the inclusion of the CAI agent in student interfaces poses no
risk to the validity of the results of the study. Assignments varied by
classroom and were selected based on students’ experience, teach-
ers’ curricular needs and the CAI features being tested during each
session. This variation in assignments does not introduce a threat
to the validity of our assessment because the external assessment
of creativity (i.e., ratings of the experts) was solely based on the
final piece of music, not the code written by the students.

Students’ EarSketch code was saved after every time they ran the
script, logged out of the page, or manually saved via keyboard com-
mands. To create the music data set with 53 pieces of music (used for
both the automated and external assessment of creativity in this
study), we used the output of the student’s last saved script version
with a length longer than 0 measures/0 s. In some cases, multiple
named scripts were saved for each student. All of these cases were
from students who had renamed a script while working on it, and
all saved names pertained to the same project; the most recently
named version of the project was kept in the data set and earlier ver-
sions were excluded. Specifically, we excluded 10 projects because
they were earlier versions of a project that we included in this study.

Research Design

We used a one-group, within-subject, correlational research design
where we used the data from 53 students and investigated the relation-
ships among multiple variables (indicators/observables) extracted
from log data in EarSketch, the self-report measures, and the external
assessment of creativity to address our research questions.

The Competency, Evidence, and TMs

As we discussed earlier, in this study we operationalize the crea-
tivity CM inspired by the divergent thinking construct (Guilford,
1950) which is a proxy for creativity or creativity potential through
individuals’ responses (Runco, 2014): fluency, flexibility, original-
ity, and elaboration. Moreover, we included complexity which is
supported by the literature as an aspect of a creative product
(Amabile, 2018; Guilford, 1950; Rahimi et al., 2023). After identi-
fying the CM for creativity (unobservables), we brainstormed
a list of potential indicators (observables; shown in gray boxes in
Figure 2) for each CM subfacet—that is, the EM.

Figure 2 shows the CM and EM of creativity in EarSketch.
Specifically, for the divergent thinking aspect of our CM, and for flu-
ency, we included the number of sounds, tracks, and instruments.
For flexibility, we only included the number of different genres in
each project. For originality, since we could not compare the stu-
dents’ projects for statistical rarity, we created a variable called
sound co-occurrence (i.e., the rareness of the occurrence of the
sounds in a project—discussed later). For elaboration, we included
the length of a project in seconds and measures. For complexity,
we included both music complexity which consisted of rhythmic
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Figure 2
The Creativity Competency and EMs in EarSketch
’— Number of sounds
— Fluency t Number of tracks
Number of instruments
. — Flexibility Number of genres
— Divergent Thinking
— Originality Sounds co-occurrence
-
.% IS Length (seconds)
@ % || — Elaboration
; é Length (measures)
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S —‘ Rhythmic complexity (Entropy) [
Music complexity —
—{ Beat complexity (Cohesion)
— Complexity
—{ Number of topics covered (Breadth) ‘
Code complexity —
—{ Code modularity (Avg. Depth) ‘
Note. EM = evidence model; Ave. = average.

and beat complexity (discussed later), and code complexity (breadth
and average depth) of a project. Also, this assessment can be seen as
a general creativity assessment. Therefore, the ability to show com-
plexity (both from a music and code perspective) can be seen as evi-
dence for creative thinking. We explain the rules of evidence for each
of these variables in the next section.

Since we used an existing learning environment rather than build-
ing one from scratch, we did not design or modify the TM (i.e., the
EarSketch environment). When one creates an automated assess-
ment using ECD in an existing learning environment, the TM is
already in place and the assessment designer may not have an oppor-
tunity to modify the TM; rather, they will look for the existing tasks
and their features for collecting evidence (i.e., data) needed.
EarSketch already provides numerous opportunities for students to
show evidence of the creativity CM. Next, we explain the rules of
evidence (i.e., scoring rules—a part of the EM) related to each indi-
cator we used from EarSketch log data.

Rules of Evidence for Scoring the Observables

Rules of evidence in ECD refer to a set of rules (i.e., a rubric) that
clearly define the observables and how they should be scored. Some
of the observables can simply be computed by counting the number
of times they occurred. However, some of the observables should be
computed using a complex algorithm or sometimes using complex
Al models (e.g., classification models). In the following, we define

and explain the rules of evidence for the automated assessment of
creativity in EarSketch.

Code Complexity Assessment

An updated version of EarSketch’s code complexity assessment
tool was used to analyze the complexity of each project in the data
set. The complexity analysis tool analyzes an abstract syntax tree gen-
erated from a user’s EarSketch code in order to identify the complex-
ity level at which the student utilizes programming concepts such as
functions, loops, console input, and conditionals. Topics covered in
the complexity rubric are drawn directly from the EarSketch curricu-
lum, which aligns with the learning objectives for the advanced place-
ment Computer Science Principles course (Magerko et al., 2016). The
complexity analysis tool analyzes a user’s project to estimate the
user’s knowledge of 17 concepts from the EarSketch curriculum.

In previous work on computer science assessment, general taxon-
omies of learning (such as the Bloom and Structure of Observed
Learning Outcomes, i.e., SOLO, taxonomies) have been adapted
to evaluate the level of complexity at which novice programmers
understand computing topics (Fuller et al., 2007; Ginat &
Menashe, 2015; Sheard et al., 2008; Starr et al., 2008; Thompson
et al., 2008). Similarly, the complexity assessment tool assigns com-
plexity scores between O and a value of 1-3 for each concept. Zero
indicates that the concept does not appear in the user’s code. Higher
values indicate increasing levels of complexity of use. For example,
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aconditional statement that only includes an if statement will receive
ascore of 1; a conditional that adds an else component will receive a
score of 2; and a conditional that includes else if components to fol-
low three or more code paths receive a score of 3. Some components
have a maximum score of 1 or 2, such as the EarSketch function
makeBeat(), which includes simple and advanced overrides (scored
as 1 and 2, respectively. A sample of score levels for the
“Functions—Repeat Execution” code concept appears in Table 1,
and scripts demonstrating these score levels are shown in Figure 3.

The complexity analysis tool walks recursively through the nodes
of the abstract syntax tree generated by student code, which enables
analysis to run in the background of the EarSketch webpage without
interrupting the user. This tool has been used to support a number of
code analysis activities in EarSketch, including providing information
about students’ code to a co-creative Al (J. B. Smith et al., 2020;
Truesdell et al., 2021) and for bulk offline analysis of student scripts.

The complexity analysis system was originally designed to repre-
sent students’ use of code topics to provide information to an Al agent
that allows it to target opportunities for code-related suggestions. We
use summary metrics based on this analysis to provide a holistic view
of students’ code sophistication as represented by the number of top-
ics covered (breadth) and code modularity (average depth).

The complexity calculator includes measures of code breadth and
depth, which can be understood as proxy values to cover the number
of concepts used in a project and the modularity of the code in the
project, respectively. The breadth score represents the number of
concepts evaluated that are given a score of at least 1 (i.e., that are
present in the project at all). The breadth score can thus be viewed
as a representation of how many code concepts the student has uti-
lized in their project.

The average depth value acts as a representation of code modular-
ity. This value is calculated by assigning each nonblank, noncom-
mented line of code a depth score. A depth score can be likened to
the number of indentations present in a script line. A score of 1 indi-
cates that the student is not using any modular constructs. This is most
frequently seen when students make their music using a large number
of calls to built-in EarSketch functions but do not engage with loops,
conditionals, or custom functions. A depth score of 2 indicates that the
student has used a modular construct (such as a loop or function) in
their code, and the current line is part of that construct. A score of 3
or more indicates that the student has nested at least one modular con-
struct inside another (e.g., a custom function that contains a for loop).
The average depth is computed using the depth scores for an entire
script. An increase in average depth indicates that the student has uti-
lized a large number of modular structures, such as loops and func-
tions, and/or that the student has minimized the number of top-level
lines of code, both of which indicate an increase in code modularity.
An example of code with the same musical output at different levels of
modularity is shown in Figure 4.

Table 1
Knowledge Levels for the “Functions—Repeat Execution” Concept

Score Description

0 Does not use a custom function

1 Uses a custom function to execute code once

2 Uses a custom function to execute code multiple times

3 Uses a custom function to execute code multiple times with
parameters to alter output

RAHIMI ET AL.

A high level of breadth and average depth signifies code optimi-
zation (i.e., refining the code to enhance its efficiency and quality)
which is valued in computer programming. The creation of an opti-
mized and valuable product, such as code, inherently involves crea-
tivity. Code complexity, when contributing to optimization and
efficiency, can be viewed positively. However, it is crucial to balance
complexity with readability and manageability, ensuring that intro-
duced intricacies align with optimization goals without compromis-
ing clarity. Code that is overly complex and difficult to understand
can lead to maintenance challenges, debugging issues, and reduced
collaboration among team members. In our study, code complexity
serves as a measure reflecting the level of code optimization and effi-
ciency, providing evidence for creativity.

Sound Profile Generation

In addition to the complexity calculator, EarSketch contains tools
to model the musical contents of a project as a series of
measure-by-measure musical and transitional elements that deter-
mine a song’s structure (J. B. Smith et al., 2020). By adjusting a dis-
tance threshold, a project can be divided into varying amounts of
musical sections and subsections. These are used to create a
Sound Profile (Truesdell et al., 2021), a nested dictionary compris-
ing section-based representations of musical content. The Sound
Profile data structure is designed to allow CAI to refer to a project’s
musical structure when discussing it with a student. Each musical
section is represented as an object with a list of sounds, effects,
the measures and lines of code with which they appear, and the sub-
sections contained within that section.

The complexity calculator and Sound Profile analysis tools were
used to generate a series of values reflecting the code and music prop-
erties of the student projects in the data set. The values generated for
each project included scores for each creativity subfacet (see
Figure 2), breadth and average depth scores, number of unique
sound samples used in the project (e.g., DUBSTEP BASS
WOBBLE 001, a dubstep bass sample, and Y24 DRUMPAD 1, a
short series of cymbal hits), the number of the unique genre (e.g.,
pop. rock, and hip-hop) and instrument (e.g., drums, bass, and guitar)
tags present among the sounds in the project, the maximum number
of sounds overlapping by being used simultaneously in separate
tracks (each track could have multiple sounds and genres included,
but a track cannot contain temporally overlapping sounds), the length
of a project’s output song in both seconds and measures, and average
co-occurrence scores of sound samples in the project. Some of these
variables could be computed simply by counting the number of times
they occurred (e.g., the number of sounds, tracks, genres, and instru-
ments), other variables needed more computation (e.g., length in sec-
onds and measures), and some other variables needed more complex
computations such as the variables described in the Sound
Co-Occurrence to Time on Task (Effort) sections.

Sound Co-Occurrence

We investigate unique sound selections as a proxy for originality.
Each pair of sounds is given a co-occurrence score, based on the
number of times the two sounds have been used at the same time
in a large collection of previous EarSketch projects by various
users (J. B. Smith et al., 2019). Using these scores, we analyze the
data set of student projects to determine if they contain a lower
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Figure 3

Four EarSketch Scripts of Increasing “Functions—Repeat Execution” Ratings With Identical Musical Output

from earsketch import *

fitMedia(TECHNO_LOOP_PART 006 », 1, 1, 13)
fitMedia(ELECTRO_STARLEAD 003 », 2, 1, 5)
fitMedia(ELECTRO_STARLEAD_003 », 2, 9, 13)

Knowledge level score of 0: No custom functions used.

from earsketch import =
start = 1

def starLead():
global startMeasure
fitMedia(ELECTRO STARLEAD 003 », 2, start, start+d)
start = start + 8

fitMedia(TECHNO_LOOP_PART 006 *, 1,
starLead()
starLead()

i, 13

Knowledge level score of 2: a custom function

used multiple times.

Note. See the online article for the color version of this figure.

average co-occurrence score, which means that they contain statisti-
cally rarer combinations of sounds.

Rhythmic Complexity and Beat Cohesion

We followed the example set by Thul (2008) and used entropy as a
measure of rhythmic complexity. Entropy measures the uncertainty
in a given distribution, which in our case was a beat track, and is
found to correlate with human perception of rhythm (de Fleurian
et al., 2017). We computed entropy for each clip in a measure (a
unit of musical time, divided into beats) and then averaged it to
get an entropy score per measure. The higher the score, the higher
the uncertainty in that distribution. This entropy score is listed as
“rhythmic complexity” in Table 3.

For every sound clip in EarSketch, we computed a “click track”
representation, that is, a binary vector where 1 indicates the presence
of a beat at the timestamp and 0O indicates the absence of such a beat.
Details on how this is computed are in J. B. Smith et al. (2023).

We define cohesion as the similarity between two given click
tracks. To compute beat cohesion, we computed the hamming dis-
tance between every possible pair of successive sounds in a measure,
as suggested by Toussaint (2004). The higher the hamming distance,
the lower the similarity. Therefore, the lower the distance, the better
the two tracks might be rhythmically cohesive. This rhythmic cohe-
sion score is listed as “beat complexity” in Table 3.

Time on Task (Effort)

As an indicator of mental effort, the time-on-task percentage has
been used in a variety of psychological user evaluations in human—
computer interaction research and evaluations of students (Karweit,
1984). It can be calculated as the ratio of time intervals (in an even

from earsketch import *

def starLead():
fitMedia(ELECTRO STARLEAD 003 », 2, 1, 5)
fitMedia(ELECTRO_STARLEAD 003 », 2, 9, 13)

fitMedia(TECHNO LOOP PART 006 », 1, 1, 13)
starLead()

Knowledge level score of 1: a custom function

called once.

from earsketch import *

def starLead(track, start):

fitMedia(ELECTRO_STARLEAD_003 *, track, start, start+d)

fitMedia(TECHNO_LOOP_PART 006 », 1, 1, 13)
starLead(2, 1)
starLead(2, 9)

Knowledge level score of 3: a custom function

with editable parameters.

division from the start to the end of a task) that contain actions or
attention by a user related to the task at hand. In EarSketch, users
demonstrate on-task behavior by editing a project or searching for
content in the browsers or curriculum. Time-on-task percentage has
been measured alongside the assessment of creativity (Benedek et
al., 2013). We did not include effort (i.e., time on task) as an indicator
of creativity in EarSketch. However, the effort can be seen as an indi-
rect indicator of creativity and an indicator of motivation which
research shows can affect creativity (Amabile et al., 2005).

The version of EarSketch used for studies also logs keystroke-level
interactions between the user, the agent interface (either CAI or a
human agent in the back), and the EarSketch interface. Between
the initial start of a project and its submission, actions for each project
are grouped into 10-s windows. If any actions, such as changes in the
Code Editor, playing the project, or sending a message to CAIL are
found between any two timestamps, then that corresponding point
in the vector is assigned a “true” value. Each project is given a
time-on-task percentage, determined by the ratio of points that con-
tain actions by the user and the points that do not contain any actions
logged. As time on task was calculated using these server logs, other
actions taken by subjects outside of the EarSketch application, such
as brainstorming with pen and article or conversations with their
teacher, were not factored into time-on-task calculation.

Among the 53 projects in our data set, the average time-on-task
percentage was 47.3%, with a SD of 18.5.

External Assessment of Creativity in Music Created in
EarSketch

We used the Consensual Assessment Technique (Amabile, 1982) to
externally assess the pieces of music (n = 53) and use the results from
this assessment for validation purposes. Amabile (1982) asserts that if
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Figure 4

Three EarSketch Scripts of Increasing Average Depth With Identical Musical Output

from earsketch import *

#Section A
fitMedia(KHALID MNORM_KEYS STACK, 1, 1, 5)
fitMedia(Y2@_PERCUSSION 5, 2, 1, 5)

#Section B
fitMedia(COMMON_LOVE_THEME_JUNO 1, 1, 5, 9)
fitMedia(YG_POP_TAMBOURINE_1, 2, 5, 9)
fitMedia(TECHNO MAINLOOP @05, 3, 5, 9)

#Section A’

fitMedia(KHALID _MNORM_KEYS_STACK, 1, 2, 13)
fitMedia(Y2@_PERCUSSION_5, 2, 9, 13)

makeBeat (0S_KICK@3, 3, 2, "0-800-006---0+--")
makeBeat (0S_KICK®3, 3, 11, "@-000-888---8+--")

#Section B

fitMedia(CIARA_SET_THEME_PIANO, 1, 13, 17)
fitMedia(YG_POP_TAMBOURINE_1, 2, 13, 17)
fitMedia(TECHNO MAINLOOP @@5, 3, 13, 17)

Average Depth: 1.00

from earsketch import *

from earsketch import *

def sectionB(start, end):
fitMedia(COMMON_LOVE_THEME_JUNC_1, 1, start, end)
fitMedia(YG_POP_TAMBOURINE_1, 2, start, end)
fitMedia(TECHNO_MAINLOOP_0@5, 2, start, end)

#Section A
fitMedia(KHALID_NORM_KEYS_STACK, 1, 1, 5)
fitMedia(Y20_PERCUSSION_5, 2, 1, 5)

#Section B
sectionB(5,9)

#Section A"
fitMedia(KHALID NORM_KEYS STACK, 1, 2, 13)
fitMedia(Y2@_PERCUSSION_ S5, 2, 9, 13)
for measure in range(9, 12, 2):
makeBeat (0S_KICK@3, 3, measure, "0-000-800---8+--")

#Section B
sectionB(13,17)

Average Depth: 1.31

def sectionA(start, end, addDrums)
fitMedia(KHALID_NORM_KEYS_STACK, 1, 9, 13)
fitMedia(Y2@_PERCUSSION 5, 2, 9, 13)

if(addDrums):

for measure in range(9, 12, 2):
makeBeat (0S_KICK@3, 3, measure, "@-860-808---8+--")

def sectionB(start, end):

fitMedia(COMMON_LOVE_THEME_JUNO_1, 1, start, end)
fitMedia(YG_POP_TAMBOURINE_1, 2, start, end)
fitMedia(TECHNO_MAINLOOP_8@5, 3, start, end)

sectionA(l, 5, False) #Section A

sectionB(5,9) #Section B

sectionA(9, 13, True) #Section A’

sectionB(13,17) #Section B

Average Depth: 1.73

Note. See the online article for the color version of this figure.

a group of experts in the domain at hand believes a product (e.g., a
piece of music) is creative, we should accept that product as creative.
We asked 10 EarSketch experts who were very familiar with the
music created using the platform to independently rate the 53 pieces
of music on a 1-6 scale (1 = very uncreative, 2 = uncreative, 3 =
somewhat uncreative, 4 = somewhat creative, 5 = creative, 6 = very
creative) in random order. These experts have been judging the com-
plexity of projects created in EarSketch in the past several years. Also,

they have been involved in research projects conducted using
EarSketch. Thus, they were very well qualified as experts on what is
possible with high school students creating music using EarSketch.
We provided the raters with specific instructions:

Thank you for accepting to be one of our music-creativity raters. There is
only one criterion in rating these pieces of music: creativity. We realize
that creativity does not exist in a vacuum, and to some extent, creativity
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probably overlaps other criteria one might apply—aesthetic appeal, organi-
zation, the richness of the music, the sophistication of expression, novelty of
choice, appropriateness of notes and genres, for example—but we ask you
to rate the pieces of music solely based on your thoughtful-but-subjective
opinions of their creativity. The point is, you are the expert, and you do
not need to defend your choices or articulate a definition of creativity.
What creativity means to you can remain a mystery—what we want you
to do is use that mysterious expert sense to rate the music for creativity.
Note that you should judge these pieces of music based on what students
can create using the EarSketch platform and not a radio-level, professional
creativity. In the following pages, you will see 53 pieces of music with a
Likert-scale rating question.

For our analyses, we averaged the 10 ratings for each piece of
music and used that single score (range = 1-6) as our external mea-
sure of creativity. The reliability of the ratings was reasonable
(Cronbach’s o= .82) indicating that the raters were consistent in
their judgment for the 53 pieces of music (i.e., each rater rated all
the 53 pieces of music for creativity) as an external assessment of
creativity in EarSketch.

Demographic and Background Questionnaire

After working with EarSketch, the students responded to a demo-
graphic and background questionnaire which included questions
about students’ gender, ethnicity, grade level, and age. Moreover,
the background questions asked students about the number of
courses they took which included computing (possible choices:
“no other course,” “one other course,” “two other courses,” and
“more than two other courses”), the number of hours students usu-
ally listen to music (possible choices: “almost never,” “less than
1 hr per day,” “1-2 hr per day,” “3—4 hr per day,” and “5 hr per
day”), and four Likert-scale items (from 1 = strongly disagree to
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5 = strongly agree) about music enjoyment (Item: “I enjoy listening
to music”), coding enjoyment (Item: “I enjoy coding”), making-
music confidence (Item: “I have a lot of confidence when it comes
to making music”), and learning-to-code confidence (Item: “I have
a lot of confidence when it comes to learning to code”). We used
the data from these variables in our analyses—discussed next.

Data Preparation

We used Python to identify and score the variables (observables)
from the log data and prepare the final data set (i.e., merging the data
set with the observables and the data set with the demographic and
background data) for analysis. We then used SPSS software (IBM,
2017) to conduct our analyses.

To aggregate the automated assessment overall creativity estimates
per student (i.e., shown as creativity [automated] in Tables 3 and 4),
we first standardized the low-level indicators—shown in gray boxes
in Figure 2—(computing the z-scores for each indicator). Then, we
averaged those standardized estimates to compute the subfacet vari-
ables: fluency, flexibility, originality, elaboration, and music and code
complexities. Next, we computed the divergent thinking and complex-
ity scores by averaging the scores of their relevant subfacets (e.g., aver-
aged fluency, flexibility, originality, and elaboration for computing each
student’s divergent thinking skill; and averaged music and code com-
plexity indicators to compute each student’s complexity score).
Finally, we averaged the divergent thinking and complexity scores to
obtain the overall automated creativity score per student. Table 2 defines
all the variables we used to compute the subfacets of creativity. We used
the accumulated subfacet variables (e.g., fluency, flexibility, complex-
ity, etc.) and the overall automated assessment of creativity scores to
address our research questions.

Variable name

Description

Creativity (external)
Number of sounds
Number of tracks
Number of instruments
Number of genres

Avg. sounds co-occurrence
Length (s)

Length (measures)
Rhythmic complexity
Beat complexity

Breadth

Avg. depth

Time on task (effort)
Creativity (automated)
Age

Music making enjoyment

Age of student

Average ratings from the human raters

Number of unique sound samples per project

Number of sample tracks per project

Number of unique instrument tags on sound samples per project
Number of unique genre tags on sound samples per project
Average co-occurrence score between all sample pairs per project
Music length in seconds

Music length in measures

The uncertainty in a beat track (i.e., entropy)

Similarity between two given click tracks (i.e., cohesion)
Number of topics covered. The complexity of the topics per project
Average depth of a node in a project (i.e., code Modularity)

The ratio of time intervals that contain actions by a user

Overall creativity in EarSketch

Students’ self-report on “I enjoy making music”*

Coding enjoyment
Hours listening to music

Music making confidence

Coding learning confidence

Students’ self-report on “I enjoy coding”™

Students’ self-report on the hours per day they listen to music on average
(i.e., almost lever, <1, 1-2, 34, and >5 hr)

Students’ self-report on “I have a lot of self-confidence when it comes
to making music™®

Students’ self-report on “I have a lot of self-confidence when it comes
to learning to code™

Note. Avg.= average.

#1-5 scale with 1 = strongly disagree to 5 = strongly agree.
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Table 3
Descriptive Statistics (n=53)

Variable name Min Max M SD Skewness Kurtosis
Creativity (external) 2.50 5.30 3.86 0.70 —0.30 —0.88
From EarSketch log data
Number of sounds 1.00 14.00 5.79 2.71 0.33 0.52
Number of tracks 1.00 101.00 6.72 13.47 6.84 48.59
Number of instruments 1.00 7.00 2.98 1.34 0.54 0.39
Number of genres 1.00 7.00 2.60 1.56 1.08 0.85
Avg. sound co-occurrence 0.00 0.10 0.01 0.02 3.17 9.33
Length (s) 2.00 118.00 32.48 21.04 1.69 4.25
Length (measures) 1.00 59.00 16.10 11.18 1.94 4.74
Breadth 0.00 8.00 1.62 1.99 1.50 1.86
Avg. depth 0.00 2.03 1.19 0.35 0.10 1.78
Rhythmic complexity 0.00 2.63 1.78 0.70 —1.24 0.85
Beat complexity 0.00 0.03 0.02 0.01 —0.60 —0.09
Effort (percentage time on task) 12.96 78.90 48.32 15.21 -0.37 —0.25
Divergent thinking —-0.72 1.49 0.05 0.56 0.69 —0.14
Complexity —1.06 1.64 0.01 0.60 0.41 —0.01
Creativity (automated) 0.00 1.71 0.89 0.45 —0.08 —-0.97
From self-report data
Age 14.00 18.00 15.40 1.28 0.76 —-0.49
Music making enjoyment 1.00 5.00 3.68 1.19 —0.41 —0.84
Coding enjoyment 1.00 5.00 3.81 0.96 —-0.95 1.25
Hours listening to music 1.00 5.00 3.68 1.03 —0.50 —0.41
Music making confidence 1.00 5.00 3.08 1.17 0.07 —0.64
Coding learning confidence 1.00 5.00 3.53 0.87 -0.73 1.33

Note.

Results

Preliminaries

The descriptive statistics related to the main variables we used for
our analyses are shown in Table 3. Generally, students created pieces
of music that were considered somewhat creative on average (M =
3.86, SD = 0.70). The time on task (effort) was about 48% on average
(8D = 15.21) across the 53 students (see the Time on Task [Effort] sec-
tion). That is, on average, the students spent 48% of their time produc-
ing code, testing their code by listening to their projects or reading the

Min = minimum; Max = maximum; Avg. = average.

EarSketch curriculum. While some of the low-level variables (i.e.,
shown in gray boxes in the CM; Figure 2) are somewhat skewed,
the computed, main variables (i.e., divergent thinking, complexity, cre-
ativity [external], and creativity [automated]) that we used for our main
analyses are normally distributed with Skewness and Kurtosis between
—2 and 2.

To examine the reliability of the automated assessment of creativ-
ity in EarSketch we computed the Cronbach’s o coefficient using
nine variables: number of sounds, number of tracks, number of
instruments, number of genres, sound co-occurrence, length

Table 4
Correlation Matrix as Evidence for Convergent and Discriminant Validity of the Automated Assessment of Creativity in EarSketch (n=153)
Variable name 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1. Creativity (external) —
2. Fluency 37 —
3. Flexibility 30 48 —
4. Originality .07 .08 A5 —
5. Elaboration 21 43 —-08 —-20 —
6. Music complexity 23 .23 18 .05 23 —
7. Code complexity 26 A3 —06 —.17 .19 08 —
8. Divergent thinking .39 79 .67 .50 42 28 .01 —
9. Complexity 33 24 .07 —.09 28 .68 .79 18 —
10. Creativity (automated) 47 .66 47 25 45 .63 .53 75 .78 —
11. Effort 25 19 —-04 —-10 32 —04 .03 13 —.01 08 —
12. Age .03 —-.06 03 —-06 -—.13 15 .28 —.09 .30 14 .03 —
13. Music making enjoyment —-.01 07 —-12 -6 A8 —17 11 —-.04 -—-02 -—.04 .09 .06 —
14. Coding enjoyment 08 -—-23 —-10 —-.03 -—-.28 07 32 -26 .28 .03 .01 09 20 —
15. Hours listening to music .05 12 —-05 —-.03 .04 —-05 .07 .03 .02 .03 21 —-02 24 —-04 —
16. Music making confidence .06 .00 —-.05 09 —-18 —-01 .09 -.05 .06 01 —.15 21 .61 25 —-01 —
17. Coding learning confidence 30 —.19 .00 01 -13 A8 31 —.11 34 16 .10 31 .17 67 —.07 22

Note.

The correlations related to convergent validity are boldfaced; those related to discriminant validity are boldfaced and italicized.
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(second), length (measures), music complexity, and code complex-
ity. Results showed a Cronbach’s o of .70. It is worth noting that the
nature of this assessment is formative and needs more longitudinal
data per student for higher reliability (DiCerbo et al., 2016).

We investigated the construct validity of our automated assess-
ment of creativity by looking into its convergent validity and dis-
criminant validity (Cronbach & Meehl, 1955; G. T. Smith, 2005).
To investigate the convergent validity of the automated assessment
of creativity in EarSketch, we correlated the observables computed
from the log data in EarSketch with the external assessment of cre-
ativity (the expert ratings).

Results (see Table 4) show that all but the originality subfacet of
creativity positively correlated with the external assessment of crea-
tivity (the average human ratings). Specifically, fluency (r=.37),
flexibility (r=.30), elaboration (r=.21), music complexity
(r=.23), and code complexity (r = .26) have reasonable, small to
medium correlations with the external assessment of creativity. On
a higher level, the divergent thinking score (r =.39) and the com-
plexity score (r =.33) showed positive, medium correlations with
the external creativity assessment. Moreover, effort (r=.25) also
showed a small to medium correlation with the external creativity
assessment indicating the effect of students’ engagement and the
creativity of their project. Finally, the overall automated assessment
of creativity (the average score of the divergent thinking skills and
complexity) correlated positively (r = .47) with the external assess-
ment of creativity (the average of expert ratings). All these positive
correlations provide good evidence for the convergent validity of our
automated assessment of creativity in EarSketch. We then turned our
attention to examining the discriminant validity evaluation of our
automated assessment of creativity in EarSketch (see Table 4). We
correlated the external assessment of creativity, the automated
assessment of creativity, and its subfacets (i.e., fluency, flexibility,
originality, elaboration, complexity, and effort) with students’ age
and the other self-report measures (i.e., music-making enjoyment,
coding enjoyment, hours listening to music, music-making confi-
dence, and coding confidence). Results show that there is no rela-
tionship between the self-report measures and the automated
assessment of creativity EarSketch and its subfacets. This finding
provides evidence that the automated assessment of creativity in
EarSketch may be independent of those variables. For instance, stu-
dents’ confidence in making music did not correlate with the auto-
mated assessment of creativity. In short, these results indicate that
the automated assessment of creativity has an acceptable level of dis-
criminant validity (i.e., constructs that theoretically should not be
correlated are not, actually, related).

Since we used an existing data set and could not compute a power
analysis beforehand, we conducted a post hoc power analysis using
G*Power 3 (Faul et al., 2007). After selecting the correlation, point

Table 5

biserial model from the statistical test drop-down, and selecting the
“Post hoc: Compute achieved power given o, sample size, and effect
size” in G*Power, we calculated the effect size for the smallest
(r=.21) and the largest (r=.47), significant correlations we
found and computed the achieved power for both separately. We
selected o to be .05 and our sample size to be 53. The computed
effect sizes for our small and large correlations were .46 and .69,
respectively. Results showed that we achieved acceptable powers
of .96 and .99, respectively, which indicate our sample size was suf-
ficient to detect the effect we were looking for.

Finally, we ran a step-wise multiple regression analysis with the
external assessment of creativity (i.e., experts’ rating) as the depen-
dent variable and the self-report measures (i.e., music-making enjoy-
ment, coding enjoyment, hours listening to music, music-making
confidence, coding learning confidence, and age) along with the
two subfacets of our automated assessment of creativity (divergent
thinking and complexity sub facets) as predictors. As shown in
Table 4, the predictors are not highly correlated. Moreover, the tol-
erance and variance inflation factor shown in Table 5, raise no con-
cerns related to multicollinearity of the predictors.

After removing the nonsignificant predictors (i.e., complexity,
music-making enjoyment, coding enjoyment, hours listening to
music, music-making confidence, and age), the best model (see
Table 5) with an adjusted R” of .24 (i.e., 24% of the variability in the
external assessment of creativity is explained by the model),
F(2,50)=9.23, p < .001, showed that the divergent thinking subfacet
(B=043, p<.001) and learning coding confidence (B=0.35,
p = .006) significantly predicted students’ creativity. That is, with one
unit change in students’ divergent thinking, their score on the external
assessment of creativity changes by 0.43 SDs controlling for learning
coding confidence. Also, with one unit change in students’ learning
coding confidence, their score on the external assessment of creativity
changes by 0.35 SDs controlling for their divergent thinking.
Therefore, divergent thinking has a higher predictive power predicting
students’ creativity in EarSketch than students’ confidence in learning
coding. However, their confidence in learning coding (a proxy for
their coding skills) is essential for their creativity in EarSketch. Next,
we discuss these findings in detail.

Discussion

In this study, we used an existing digital learning environment called
EarSketch (an expressive computing platform designed to engage high
school students in computer science through the computational remix-
ing of music samples from popular artists and genres) to design and
validate an automated assessment of creativity. The data from 53 stu-
dents were used to address our two research questions regarding the
psychometric qualities of the automated assessment of creativity

Regression Model Predicting Students’ Creativity Rated by the Experts (n=153)

95% CI for B Collinearity statistics

Predictors B SE B t P LB UB Tolerance VIF
Constant 2.84 0.36 7.90 <.001 2.12 3.56

DT 0.53 0.15 0.43 3.50 <.001 0.23 0.84 0.99 1.01
CLC 0.28 0.10 0.35 2.86 .006 0.08 0.48 0.99 1.01
Note.  CI = confidence interval; LB = lower bound; UB = upper bound; VIF = variance inflation factor; DT =

divergent thinking; CLC = coding learning confidence.
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(RQ1), and the predictive power of the assessment and other self-report
variables we included in this study (RQ2). This section discusses our
findings, the limitations, and promising future directions.

RQ1: Psychometric Qualities of the Automated
Assessment of Creativity

Regarding RQ1, the reliability and validity of our automated assess-
ment of creativity should be examined from various standpoints. First,
since the nature of this automated assessment of creativity is meant to
be formative, more data across several student projects are needed to
establish a robust reliability estimate of the assessment. Second, this
type of assessment of creativity has more ecological validity (i.e., the
extent to which the estimates of an assessment are generalizable to
the real world, such as situations or settings typical of everyday life
(Runco, 2014) compared to traditional assessments of creativity (e.g.,
list as many alternative uses for a pen). In this study, we used an actual,
real-world situation or environment (e.g., EarSketch) to embed a
performance-based assessment of creativity, and thought about what
behaviors or products could be seen as creative in this situation.
Therefore, the automated assessment of creativity has good ecological
validity. Second, using ECD, consulting the literature on creativity, and
consulting with music experts in EarSketch, we were able to establish
the face validity and content validity of our CM for creativity in
EarSketch. That is, we included relevant subfacets of creativity in our
CM, and we included sufficient indicators per subfacet from the
EarSketch environment per subfacet (i.e., the coverage of our assess-
ment was reasonable).

Moreover, using empirical investigation, we found evidence for
the construct validity of our automated assessment of creativity
(i.e., convergent and discriminant validity; Cronbach & Meehl,
1955; G. T. Smith, 2005). In terms of convergent validity, our results
showed that the automated assessment of creativity in EarSketch cor-
related very well with our external assessment of creativity both on
an overall and subfacet level (ranging from r = .21 to r = .47). These
results are promising as we only had one project per student, and this
was our first pass at designing and examining this assessment. If we
could include multiple projects’ data per student, the accuracy of our
automated assessment could improve. In terms of discriminant
validity, our results suggest that there are no relationships between
the automated assessment estimates and the self-report data (e.g.,
students did not produce creative pieces of music because they
enjoyed listening to music or coding). Overall, we can conclude
that our automated assessment of creativity in EarSketch has a rea-
sonable, promising level of validity based on the current data.

In this study, we provided evidence for our automated assessment
accuracy (i.e., convergent validity and discriminant) or what Kane
(2001) refers to as criterion validity. We also provided evidence for
the modern view on validity which is evidence-based for each step
of the assessment—from every step of designing the assessment to
checking the accuracy of the assessment after the fact (Kane, 2001,
2013). It is worth noting that this automated assessment of creativity
is meant for formative rather than summative purposes. Moreover, the
nature of the complex learning environment EarSketch may have pro-
vided evidence that includes multiple factors with differentially cor-
related errors. Such evidence can negatively influence the
computation of a reliability coefficient. Therefore, we need to
approach the reliability estimation using more longitudinal data
which can help minimize error (DiCerbo et al., 2016). For instance,

RAHIMI ET AL.

if we could include multiple projects per student for several attempts,
the reliability estimates could be improved. Additionally, collecting
more data from students’ projects can enhance both the validity
and reliability of the automated assessment of creativity in the future.

RQ2: Predictors of Students’ Creativity

We addressed our second research question (What variables can
predict students’ creativity?) by conducting a regression analysis.
Results showed that our automated assessment of creativity together
with students’ confidence in learning coding could significantly
predict students’ creativity in EarSketch. This finding aligns well
with the amusing park theoretical model of creativity (Baer &
Kaufman, 2005). Amusing park theoretical includes general factors
(i.e., initial requirements) that affect creativity in all domains and sev-
eral levels of domain-specific factors that affect creative performance
in specific activities (i.e., general thematic areas, domains, and micro-
domains). In other words, to be creative in a domain one must know
the knowledge and skills required to a reasonable level. We did not
have an external measure of students’ programming knowledge and
skills. However, the code complexity analyses along with the coding
confidence self-report measure may serve as suitable proxies for stu-
dents’ programming skills. Thus, our findings provide evidence for
creativity being both domain-general and domain-specific (Baer &
Kaufman, 2005, 2019; Hong & Milgram, 2010; Kaufman & Baer,
2004; Meusburger et al., 2009; Plucker et al., 2004).

Despite years of research on the topic of creativity domains and
contexts, there is still an ongoing debate about whether creativity is
truly domain-general, domain-specific, or a mixture, and how creativ-
ity manifests itself in various contexts (Kaufman & Baer, 2004, 2005;
Plucker et al., 2004; Qian et al., 2019). For many years, some studies
identified creativity as more domain-general than specific (Plucker et
al., 2004; Qian et al., 2019), while other studies showed that creativity
is domain-specific (Baer, 1994, 1998; Julmi & Scherm, 2015;
Palmiero et al., 2015). For instance, Palmiero et al. (2015) found
that visual creativity is domain- and even task-specific. However,
most creativity scholars think that creativity is neither
domain-specific nor domain-general, but rather has elements of
both (Baer & Kaufman, 2005, 2019; Hong & Milgram, 2010;
Kaufman & Baer, 2004; Meusburger et al., 2009; Plucker et al.,
2004). Since our CM of creativity includes general creative thinking
aspects (i.e., divergent thinking facets) and domain-specific, product-
based aspects, and the regression analysis showed both divergent
thinking (i.e., general creative thinking skills) and confidence in
learning how to code (i.e., a proxy for domain-specific knowledge
and interest) as good predictors of creative performance, our study’s
findings support the point of view of creativity being both domain-
general and domain-specific. Next, we discuss the possible implica-
tions of this study.

Implications

Overall, this study can be used as a model for other researchers who
want to design and develop STEM learning environments that syner-
gically assess and improve learners’ creativity and STEM knowledge
and skills. Moreover, STEM learning environment designers who
focus on music and programming can take various pieces of the auto-
mated creativity assessment we designed (e.g., the CM) and embed
them into their learning environments. In the following, we elaborate
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on the implications of our study from educational and creativity assess-
ment perspectives.

Educational Implication

Creativity holds a paramount position in the revised Bloom’s tax-
onomy of learning objectives (Krathwohl, 2002), indicating its sig-
nificance as the highest level of learning in education. Despite this
importance, creativity is often overlooked or even discouraged in for-
mal education (Kaufman & Sternberg, 2007). The development of
expressive learning environments, such as EarSketch, which seam-
lessly integrates a challenging subject such as computer program-
ming with creativity, stands as a successful example of blending
creativity and learning in education. This integration brings creativity
to the forefront of the learning process, prompting creativity research-
ers, learning scientists, and educational technologists to consider how
to assess and nurture creativity. Moreover, creativity acts as a catalyst
for enhancing students’ intrinsic motivation, leading to increased
engagement and improved learning outcomes, particularly in chal-
lenging subjects. This study serves as an exemplary illustration of
synergistically including creativity in formal education. The incorpo-
ration of creativity within EarSketch has the potential to reshape edu-
cators’ perceptions, encouraging a paradigm shift that views
creativity as a valuable skill complementing technical expertise rather
than a disruptive element—especially in STEM-related learning
environments. Fostering creativity in STEM education is essential
for developing a workforce capable of addressing complex and
novel problems and driving innovation in STEM fields.

Creativity Assessment Implication

As discussed earlier, unlike traditional assessments of creativity,
the automated, formative creativity assessment in EarSketch entails
higher ecological validity. The process we employed, particularly
the use of ECD, can be adapted for similar learning environments,
paving the way for the creation of comparable assessments of creativ-
ity. For example, the globally renowned block-based programming
platform, Scratch (Resnick, 2018; Resnick et al., 2005), offers numer-
ous affordances for students worldwide to express their creativity. It
serves as an excellent candidate for designing and implementing an
automated, formative assessment of creativity. These ecologically
valid assessments of creativity can inspire other researchers in the
field to develop new tools, pushing the boundaries of creativity
assessment (Rahimi, 2023). We contend that capturing students’ cre-
ativity across multiple learning environments and using ecologically
valid assessments longitudinal, provides a more comprehensive rep-
resentation of their creativity—both domain-specific and domain-
general—compared to isolated, lab-based, one-time assessments.
Advances in technologies and the intersection of psychometrics, cre-
ativity, and learning sciences enable us to create, evaluate, and imple-
ment such assessments of creativity at scale (Shute et al., 2016). Next,
we discuss the limitations and future research directions.

Limitations and Future Research

We faced several limitations during this study. First, since we used
an existing learning environment for creating the automated assess-
ment of creativity, we were bound by the log data that existed in
EarSketch. Second, since the data were collected before in another
study for other purposes, we did not have the option to include other

91

external measures of creativity or creativity in general. Therefore, we
used a Consensual Assessment Technique for assessing students’ cre-
ativity in producing music in EarSketch. Still, the Consensual
Assessment Technique was useful and reasonable since the raters
rated the pieces of music based on their definition of creativity and
not based on a rubric that included similar aspects of the music gener-
ated by the students (e.g., the number of sounds, the number of genres).
Future studies could benefit from the inclusion of external measures
such as traditional tests of creativity for validation purposes. Another
future direction could be the use of statistical models such as
Bayesian Networks to improve the accuracy of the accumulation pro-
cess. In those models, we could use the correlations we found in this
study as the weights for each subfacet of our CM rather than consider-
ing equal weights for all the subfacets. These considerations can help
with the accuracy of our assessment. Finally, finding 10 EarSketch
experts for the consensual assessment was challenging. Ideally, we
were looking for 15 raters, however, our efforts to increase the number
of experts, to more than 10 raters, were not successful. Future studies,
depending on the domain at hand, could overcome this challenge.

We also were not able to conduct appropriate analyses related to
fairness (e.g., Differential Item Functioning analyses such as the
Mantel-Haenszel test) because of our small sample size for each cat-
egorical variable (e.g., gender, race, and ethnicity). Future studies
can help us improve the validity and reliability and further investi-
gate the other psychometric parameters such as the fairness of our
automated assessment using a larger sample size.

Moreover, in the future, we can enhance the accuracy of our creativ-
ity automated assessment by including other indicators in our EM. For
instance, we can incorporate creativity indicators within students’ pro-
ject code. This might entail assessing student-generated code for signs
of originality or departure from the instructed norms. Although we
made progress in automatically evaluating students’ code using a com-
plexity measure, there is potential to identify additional indicators of
divergent thinking within their code. Additionally, we can improve
the accuracy of our originality indicator (i.e., sound co-occurrence) as
more data gets collected by EarSketch and more sounds get used in
the projects. Moreover, future studies can examine the effect of CAI
on students’ learning and the creativity of their products.

One other important promising use of automated assessment is to
leverage the automated assessment estimates in real time to inform
personalized support. For example, in real time the automated assess-
ment can guide the suggestions made by CAI (e.g., suggesting to the
students to increase the variety of their sounds); and holds the poten-
tial to inform some form of adaptation to maximize learning (e.g.,
Shute et al., 2020). One natural next step could be putting this auto-
mated assessment of creativity to use in EarSketch. Moreover, this
automated assessment could be replicated in other similar learning
environments. When the automated assessment functions in real
time, we will have a complete cycle of automated assessment in
place as this assessment method is meant to be mostly used for for-
mative rather than summative purposes (Rahimi & Shute, 2023).

Conclusion

In conclusion, the automated, formative assessment of creativity
presents a promising approach to measuring creativity objectively
and accurately in a variety of settings. By improving our ability to
assess creativity, we can better understand how it can be developed
and enhanced in individuals across different domains and
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environments. The results of this research have the potential to
inform the design of innovative STEM-rated educational programs
and interventions that foster learners’ creativity and innovation.
Moreover, the method we used in this study can be used by other
researchers to design and validate automated assessments of other
competencies in other digital learning environments. As we continue
to explore new ways of assessing creativity, we can pave the way for
a more creative and innovative society, where individuals are
equipped with the skills they need to tackle the challenges of the
future.
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