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Abstract
Creativity is a vital skill in science, technology, engineering, and mathematics (STEM)–related education, fostering
innovation and problem-solving. Traditionally, creativity assessments relied on human evaluations, such as the con-
sensual assessment technique (CAT), which are resource-intensive, time-consuming, and often subjective. Recent
advances in computational methods, particularly large language models (LLMs), have enabled automated creativity
assessments. In this study, we extend research on automated creativity scoring to a flow-based music programming
environment, a context that integrates computational and creative thinking. We collected 383 programming artifacts
from 194 primary school students (2022–2024) and employed two automated approaches: an evidence-centred
design (ECD) framework–based approach and an LLM-based approach using ChatGPT-4 with few-shot learning.
The ECD-based approach integrates divergent thinking, complexity, efficiency, and emotional expressiveness,
while the LLM-based approach uses CAT ratings and ECD examples to learn creativity scoring. Results revealed
moderate to strong correlations with human evaluations (ECD-based: r = 0.48; LLM-based: r = 0.68), with the
LLM-based approach demonstrating greater consistency across varying learning examples (r = 0.82). These
findings highlight the potential of automated tools for scalable, objective, and efficient creativity assessment, paving
the way for their application in creativity-focused learning environments.

Notes for Practice

• Evidence-centred design (ECD)–based frameworks and large language models (LLMs) can provide scalable
and efficient solutions for evaluating creativity, but it is recommended to involve humans in the loop to reduce
reliance on resource-intensive and subjective human assessments.

• The LLM-based approach demonstrated consistency across different learning examples, likely because its
assessments reflect inherent patterns of judgment or are limited by a focus on structural and text-based
aspects of creativity.

• Applying automated assessment methods to contexts like flow-based music programming can help educators
better evaluate and support creativity in computational learning environments. These approaches enable
real-time feedback and personalized support to foster student creativity.
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1. Introduction
Creativity is widely recognized as the cognitive ability to generate innovative solutions and produce original, valuable outcomes,
serving as a cornerstone of human innovation across disciplines and influencing many facets of life (Amabile, 1983; Loveless,
2002). While this definition emphasizes novelty and usefulness, it is important to acknowledge that creativity is a multifaceted
construct with no single, universally agreed-upon definition (Runco & Acar, 2012; Sternberg, 1999; Kaufman & Beghetto,
2009). For example, Amabile’s componential theory highlights domain-relevant skills, creativity-relevant cognitive processes,
and intrinsic motivation as essential components of creative performance (Amabile, 1996). Sternberg (1999) defines creativity
as the ability to produce work that is both novel and appropriate. Kaufman and Beghetto (2009) further propose the four C
model, recognizing creativity at different levels, from everyday problem-solving to historically eminent contributions. Although
creativity manifests differently depending on the discipline and context, it shares universal attributes that transcend fields
(L. D. Newton & Newton, 2014). On a personal level, creativity empowers individuals, fostering self-fulfillment and enabling
them to lead more meaningful lives (Kind & Kind, 2007; L. D. Newton & Newton, 2014). On a broader scale, creativity is
recognized as a critical 21st-century skill that is essential for addressing complex contemporary challenges (National Advisory
Committee on Creative and Cultural Education (NACCCE), 1999; Celik et al., 2024) and has been a driving force behind the
advancement of human civilizations (Henriksen et al., 2018). Despite its significance, measuring creativity has long been a
widely debated topic, particularly in education, as it serves as a crucial first step toward fostering creativity effectively.

1.1 Creativity Assessment: From Traditional Methods to Automated and AI-Supported Approaches
Several well-established methods have been used to assess creativity (shown in Table 1), each with distinct strengths and
limitations. Divergent thinking (DT) tests, such as the Torrance tests of creative thinking (TTCT), are widely used to evaluate
fluency, originality, flexibility, and elaboration (Plucker & Makel, 2010; Runco & Acar, 2012). However, these dimensions are
often intercorrelated, and scoring can be time-consuming.

Table 1. Existing creativity assessment methods.
Literature Method Advantages Disadvantages

Plucker and Makel (2010);
Runco (2011);
Runco and Acar (2012)

DT tests
Easy to administer; widely used;
measures fluency, originality,
flexibility, elaboration

High intercorrelation among dimensions;
labour-intensive scoring;
subjectivity in evaluation

S. Mednick (1962);
S. A. Mednick (1968) RAT

Emphasizes remote associative ability;
helps distinguish truly creative ideas

Measures only one aspect of creativity;
language-dependent

Amabile (1982);
Kaufman et al. (2008);
Turkman (2016)

CAT
Assesses actual creative products;
theory-independent;
considered the “gold standard”

Requires expert judges;
resource-intensive;
lacks predictive validity

Dumas et al. (2020);
Beaty and Johnson (2021);
Acar et al. (2024);
Rahimi et al. (2024)

Automated scoring approaches
Scalable; reduces subjectivity;
efficient across domains

Depends on model quality;
potential bias; limited transparency

Kenett and Faust (2019);
Heinen and Johnson (2018) Semantic distance analysis (e.g., LSA)

Based on associative theory;
objective measure of originality

Sensitive to vocabulary and dataset;
overlooks structural creativity

Barbot (2018) MTCI
Tracks creativity over time;
captures development dynamics

Complex to implement;
may not generalize across contexts

Doshi and Hauser (2024);
Henriksen et al. (2018) LLMs for co-creation

Real-time support for ideation;
fosters human-AI collaboration

May reduce diversity of ideas;
reflects training data bias

Beaty and Johnson (2021) SemDis platform
Calculates semantic distance;
automates feedback May miss structural elements of creativity

Acar et al. (2024) MOTES
Game-like format;
strong correlation with human ratings;
education-friendly

High technical dependency;
low explainability;
potential algorithmic bias

DiStefano et al. (2024) LLMs predicting human ratings
High accuracy;
outperforms traditional metrics

Computationally expensive;
concerns over fairness, bias, and ethics

To better identify truly creative responses, Mednick’s remote associates test (RAT) emphasizes the ability to form connections
between distantly related concepts (S. Mednick, 1962). Another influential approach, the consensual assessment technique
(CAT), relies on expert judges to evaluate creative products and is often considered the “gold standard” (Amabile, 1982;
Turkman, 2016). While CAT focuses on real-world creative output and avoids theory dependence, it faces challenges such as
the need for qualified raters and limited predictive validity (Kaufman et al., 2008).

To address subjectivity and scalability issues, researchers have developed automated scoring methods using computational
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tools (Dumas et al., 2020; Beaty & Johnson, 2021). Techniques like latent semantic analysis (LSA) help measure semantic
distance as a proxy for originality (Kenett & Faust, 2019; Heinen & Johnson, 2018), while the multi-trial creative ideation
(MTCI) framework tracks creativity development over time (Barbot, 2018).

More recently, large language models (LLMs) such as ChatGPT have reshaped creativity assessment and support. LLMs
act as co-creators, aiding idea generation and providing real-time support in educational settings (Doshi & Hauser, 2024;
Henriksen et al., 2018). However, their reliance on training data may reduce diversity in outputs. LLMs are also used in
automated creativity assessment platforms. For example, the SemDis platform applies natural language processing (NLP) to
evaluate semantic distance and provide objective feedback on creativity (Beaty & Johnson, 2021). The MOTES tool, designed
for elementary students, uses fine-tuned LLMs to assess creativity in a game-like format, showing strong alignment with human
ratings (Acar et al., 2024). Furthermore, LLMs like RoBERTa and GPT-2 have achieved high accuracy in predicting human
judgments in metaphor generation tasks (DiStefano et al., 2024).

Despite their promise, LLM-based methods raise concerns about computational costs, algorithmic bias, limited transparency,
and ethical implications in high-stakes educational contexts (Beaty & Johnson, 2021; Barbot, 2018).

1.2 Creativity for Teaching and Learning
From an educational perspective, fostering creativity has been consistently emphasized by researchers (National Advisory
Committee on Creative and Cultural Education (NACCCE), 1999; L. D. Newton & Newton, 2014). Boden (2004) underscores
the pervasive nature of creativity across all disciplines, while the National Advisory Committee on Creative and Cultural
Education (NACCCE) (1999) report and Robinson, chair of the UK government’s National Advisory Committee on Creative and
Cultural Education (as cited in Azzam (2009)), advocate for a holistic integration of science, technology, arts, and humanities
within the curriculum to nurture creativity comprehensively. Since the early 2000s, research on creativity in education has
expanded significantly, encompassing diverse areas such as teaching creativity (Bowkett, 2007), its relationship with learning
variables (Runco, 2014; Colton & Wiggins, 2012), factors influencing creativity (D. P. Newton, 2013), and the design of
creativity-supporting learning environments (Rahimi, 2023; Rahimi et al., 2024). However, existing research varies widely in
how creativity is defined, what units of analysis are used, and which methods are applied for data collection and analysis. This
diversity reflects the complexity of studying creativity in educational contexts (L. D. Newton & Newton, 2014; Turkman, 2016;
Rahimi et al., 2024).

Researchers widely acknowledge that creativity is an essential skill in science, technology, engineering, and mathematics
(STEM) fields (Henriksen et al., 2018; Lou et al., 2017). However, some scholars argue that insufficient attention has been given
to the supportive environments necessary for nurturing creativity, which may hinder efforts to foster it effectively (Lin, 2011).
Increasingly, empirical research is needed to assess and enhance creativity within STEM learning environments, particularly
those designed to prepare individuals for success in STEM-related careers (Rahimi et al., 2024). For example, in computer
science education (CSE), creativity is defined as the ability to recognize or produce something “different, new, or innovative.” It
involves generating adaptive, useful solutions that are novel within the relevant context (Kaufman & Sternberg, 2010; Sharmin,
2021). The role of creativity in CSE is an emerging area with significant potential for exploration, and educators across various
subjects generally acknowledge its importance (Noh & Lee, 2020; Sharmin, 2021).

1.3 The Present Research
While a few studies have demonstrated novel approaches to measuring creativity in CSE, such as assessing student originality
in programming (Chou et al., 2024; Noh & Lee, 2020; Sharmin, 2021), significant gaps remain in understanding and addressing
creativity in this field (Rahimi et al., 2024). The complexity of creativity as a construct, coupled with the relatively nascent
nature of CSE research compared to other fields, presents unique challenges in understanding and evaluating creativity
effectively (Sharmin, 2021). Prior research highlights the need to assess and foster creativity in STEM learning environments.
It also underscores the importance of objective, automated tools for creativity assessment. Building on this foundation, this
study seeks to expand existing work by exploring innovative methods to evaluate students’ creativity within a flow-based
music programming environment. Flow-based music programming is a novel approach for engaging young students in early
programming learning and has been found to improve their learning attitudes (Song et al., 2023; Liu et al., 2025). Creativity
is particularly important in CSE because it fosters problem-solving, innovation, and the ability to approach challenges from
multiple perspectives—skills that are essential for success in the rapidly evolving technological landscape (Henriksen et al.,
2021; Hershkovitz et al., 2019; Israel-Fishelson & Hershkovitz, 2022). Moreover, creativity in programming supports students
in generating novel and effective solutions that are critical not only for academic achievement but also for real-world applications
(Li et al., 2022; Venckutė et al., 2020; Rubenstein et al., 2022).

The central research question driving this investigation is: How can students’ creativity be automatically assessed within
a flow-based music programming environment? To explore this, we utilized an open, web-based flow-based programming
environment called M-Flow (V. H. Minces et al., 2023). From 2022 to 2024, we collected programming artifacts from 194
primary school students to analyze their creativity within these programs. To address the research question, we propose and
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develop two automated approaches: (1) an evidence-centred design (ECD) framework–based approach, drawing on prior
work (R. G. Almond et al., 2015; Rahimi et al., 2024), and (2) an LLM-based approach utilizing few-shot learning (Parnami
& Lee, 2022). To validate and benchmark these methods, CAT was also employed. The ECD approach integrates four key
dimensions—divergent thinking, complexity, efficiency, and emotional expressiveness—to provide a structured, multifaceted
assessment model. Meanwhile, the LLM approach uses ChatGPT-4o, incorporating ECD assessment examples and CAT results
as learning examples for creativity scoring. This dual-method strategy offers both a theoretically grounded framework and an
AI-driven solution to advance creativity evaluation in programming education. An overview of the assessment methods used in
this study is shown in Figure 1. Details can be found in Section 2.

Figure 1. Overview of the assessment methods.

2. Method
2.1 M-Flow: A Flow-Based Music Programming Platform
M-Flow is an open, web-based, flow-based programming tool designed and developed to support the creation of music and
sound compositions while providing early, accessible, and authentic computer science (CS) learning experiences for students
from low-income and underrepresented backgrounds. Most programming languages, including Scratch (Zhang & Nouri, 2019)
and Python-based EarSketch (Engelman et al., 2017), use an imperative programming paradigm, where commands are executed
sequentially along the script. In contrast to imperative programming, flow-based programming is a programming paradigm
in that the code is a direct visualization of the program’s structure, with boxes representing processes connected by arrows
representing the program’s flow. This approach is particularly beneficial for learners with minimal CS experience, enabling
them to quickly develop functional applications and focus more on creative exploration (Szydlo et al., 2017; V. H. Minces
et al., 2023). Because of its intuitiveness, a music-oriented flow-based programming platform is well suited to be adopted in
primary school general education classrooms, where students who might never have been interested in CS or exposed to it
can engage in an authentic CS learning experience. Music makes programming activities more engaging, enhancing students’
motivation and participation (V. Minces et al., 2021; Siva et al., 2018), and programming can help students better understand
musical compositions (Repenning et al., 2020). Furthermore, making music is inherently a creative activity that can inspire
creative thinking during programming (Bănut, et al., 2022; V. H. Minces & Akshay, 2023). Figure 2 shows M-Flow’s interface;
detailed descriptions of the platform’s functions and example artifacts created by students are provided in Appendix A of
the supplementary material. More information can be found on the M-Flow website1 and other papers describing the tool
(V. H. Minces et al., 2023; Song et al., 2023).

2.2 Participants and Data Description
To investigate the automated assessment of primary students’ creativity within a flow-based music programming environment,
data were gathered from the M-Flow platform. Participants included 208 upper-primary students in fourth grade, attending a
school that predominantly serves Latinx students (88%). This school also supports a large proportion of underrepresented and

1https://mflow.sciencemusic.org/
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Figure 2. The M-Flow interface.

low-income students, with 48% identified as English language learners (ELLs) and 74% qualifying for free or reduced-price
meals. The study was approved by the Institutional Review Board (IRB) of the University of Florida.

The classroom implementation was integrated into a science class, where teachers introduced the course background and
instructed students on using the M-Flow platform to create music compositions. In these classroom settings, students engaged
with the M-Flow platform and were tasked with creating sound compositions designed to convey specific emotions. Data
collection spanned three years, from 2022 to 2024, with one or two rounds of classroom implementation conducted annually.
This process resulted in programs created by 194 unique students (excluding 14 students who did not create any programs). The
dataset includes a total of 383 programs (flows) and 6,002 blocks used within these compositions. The distribution of programs
across the three years is as follows: 66 in 2022, 158 in 2023, and 159 in 2024.

All programs were stored as JSON files that show the nodes and connections that form a program. The JSON includes
all the student IDs, the flows with IDs created by the students, and the elements (blocks and arrows) in each program (see
supplementary material, Appendix B). Appendix Figure 1 showcases examples of student-created artifacts that can be retrieved
through unique identifiers (UIDs) and flow IDs recorded in the M-Flow platform for manual inspection and further analysis.
Through the JSON files and retrieved visual programs on M-Flow, this study seeks to explore automated methods for analyzing
students’ creativity within a flow-based music programming environment. A simplified JSON data sample is included in the
supplementary material, Appendix B.

2.3 Theoretical Foundation for ECD-Based Assessment
To measure students’ creativity in a flow-based music programming environment, we used the ECD framework (R. G. Almond et
al., 2015). The ECD framework is composed of three interrelated models. The competency model outlines the “unobservables,”
or competencies that are being assessed, as well as their sub-facets and interrelationships. The evidence model (EM) defines
observable indicators that demonstrate competency (R. Almond et al., 2020). It also incorporates evidence criteria, such as
automated grading rubrics, and statistical models for data aggregation. The task model (TM) identifies the tasks or learning
contexts that are intended to elicit the evidence specified by the EM. By incorporating these models into a digital learning
environment, users are constantly producing evidence that reflects their knowledge and skills (Shute et al., 2020; Rahimi et al.,
2023). The ECD framework can facilitate the development of psychometrically sound assessments while assuring validity,
reliability, and fairness (R. G. Almond et al., 2015; Rahimi et al., 2024).

Based on the ECD framework, we developed the creativity competency and EMs within the M-Flow platform (shown in
Figure 3). Our approach operationalizes the creativity competency model, drawing inspiration from the construct of divergent
thinking (Guilford, 1956), which serves as a proxy for creativity or creative potential through individuals’ responses (Runco,
2014). This model evaluates creativity along the dimensions of fluency, flexibility, originality, and elaboration. Additionally,
we integrated complexity, supported in the literature as a critical component of creative products (Amabile, 1982; Rahimi,
2023). Furthermore, we incorporated an analysis of efficiency—encompassing time, code, and music efficiency—alongside
students’ emotional expressiveness, particularly in the context of tasks requiring music creation to convey emotion. Creativity
and efficiency are inherently intertwined, as creative solutions often involve the discovery of more efficient methods for
problem-solving or achieving desired outcomes (Williamon et al., 2006; Runco, 2014; Colton & Wiggins, 2012). Emotion,
as an influential factor in creativity (Baas et al., 2008; D. P. Newton, 2013), is also included in the model as students’ given
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task is using the M-Flow tool to create compositions to express emotion. To quantify students’ emotion expression and their
relationship with creative expression during programming tasks, we employed the dimensional emotion model (Russell, 1980),
which offers a continuous framework for quantifying emotions based on valence and arousal. Valence refers to the intrinsic
positivity or negativity of an emotion, ranging from unpleasant (e.g., sadness, anger) to pleasant (e.g., happiness, excitement).
Arousal represents the level of physiological and psychological activation associated with an emotion, ranging from low arousal
(e.g., calmness, relaxation) to high arousal (e.g., excitement, agitation). The emotional expressiveness aspect helps capture the
nuanced interplay between emotion and creative outputs (Amabile, 1983).

Figure 3. The creativity competency and EMs in M-Flow.

Note: This creativity competency model and its associated EMs consist of four aspects and 11 variables. Divergent thinking is represented by four variables,
complexity by two variables, efficiency by three variables, and emotional expressiveness by two variables. The TM is based on the flow-based learning
environment M-Flow, where students use the platform to create compositions aimed at expressing emotions.

2.4 ECD-Based Automated Assessments
This section introduced how we implement the automated creativity assessment based on the creativity and EMs in M-Flow
(shown in Figure 3). Based on the theoretical foundation above, we identified observable indicators for each construct mentioned.
Figure 3 illustrates the four constructs with 11 indicators used to analyze creativity in a flow-based programming environment.

2.4.1 Divergent Thinking
Inspired by the work of Rahimi and colleagues (2024), divergent thinking was operationalized through computational measures
of fluency, flexibility, originality, and elaboration in this study. Grounded in Guilford (1956)’s conception of fluency as idea
generation, fluency was quantified by counting the number of sound blocks (i.e., audioNode, drumNode) and tracks used in
each program. Each distinct block or track is treated as a discrete “musical idea,” providing an automatable proxy for idea
generation within a flow-based programming context. For instance, the programs in Appendix Figure 1 contain 4, 5, 9, and 5
sound blocks, and 2, 1, 6, and 1 tracks, respectively.

Originality was assessed by comparing each program to others using a directed graph representation. Each flow is
represented as a directed graph, with nodes characterized by their types (e.g., audioNode, drumNode). The algorithm first
calculates the distribution of node types within each flow and measures their similarity to other flows using cosine similarity,
capturing component-level resemblances. To assess structural similarities, it identifies all simple paths in the directed graph for
each flow and determines the longest path shared between any two flows, normalized by the number of nodes in the compared
graphs. An overall similarity score is then calculated for each pair of flows by averaging the node type distribution similarity
and the normalized longest common path. The originality of a flow is inversely proportional to its average similarity with all
other flows, computed as (1−Average Similarity), where lower similarity to other flows implies higher originality.

Elaboration was evaluated by calculating the length of each program, including audio length and program length. The
audio length considers the durations of audioNode and drumNode audio elements and applies loop multipliers from loopNode
and intervalNode metadata to account for structural repetitions. For audio nodes (audioNode), the duration is computed by
subtracting the startTime from the stopTime (both provided in milliseconds), shown in the script in Section 2.5, and
converting the result into seconds. For drum nodes (drumNode), a default duration of 1 second is assigned because the drum
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audio clips last approximately 1 second. For the program length, the number of blocks in the program was calculated; for
example, in Appendix Figure 1, the program lengths are 7, 7, 11, and 7, respectively. Similarly, in the work of Rahimi and
colleagues (2024), the elaboration was also quantified by the length of a project in seconds and measures.

Finally, the final flexibility score is computed as the total count of unique block types in the flow, providing a measure
of the diversity in the student’s programming artifacts. Each flow is represented in a JSON structure (see Appendix B in the
supplementary material), where “elements” describe the individual nodes and their attributes. To determine flexibility, the
algorithm processes the elements of the flow, extracting the “type” attribute from each node. This attribute specifies the block’s
functionality (e.g., audioNode, drumNode, loopNode, etc.). Only unique block types are considered. Connections between
nodes, which are characterized by “source” and “target” attributes, are excluded from the computation as they do not constitute
distinct block types. A higher score indicates greater flexibility, showcasing the student’s ability to employ a broader range of
elements within the programming environment.

2.4.2 Complexity
For complexity, we included both musical complexity and code complexity. Musical complexity consists of rhythmic and beat
complexity, and code complexity is measured by the project’s breadth and average depth. To calculate musical complexity,
we generated audio files corresponding to each program by constructing and exporting composite audio based on the logical
structure and attributes of elements within a flow. This process involved representing the flow data as a directed graph,
where nodes correspond to elements such as audioNode, drumNode, loopNode, and intervalNode, while edges represent the
connections between these elements. Audio content associated with recordNode and drumNode was sourced either from
external URLs or from local audio files. The flow traversal began at root nodes, defined as nodes without incoming edges.
In cases where no explicit root node was identified, a default node was randomly selected. The traversal method recursively
constructed composite audio by summing and concatenating audio segments from downstream nodes. For nodes involving
looping operations, a multiplier was applied to extend the duration of audio segments proportionally. If a node lacked valid
audio content, a silent audio segment of equivalent duration was substituted to maintain the logical flow. The resulting composite
audio for each flow was then exported as an MP3 file, enabling the subsequent analysis of rhythmic and beat complexity.

The rhythmic complexity is calculated using entropy. Thul (2008) noted entropy as a potential measure of a musical
sample’s rhythmic complexity, and Rahimi and colleagues (2024) also implemented entropy to measure rhythmic complexity in
a music programming environment. We followed the example set by Thul (2008) and Rahimi and colleagues (2024) and used
entropy as a measure of rhythmic complexity. Entropy measures the uncertainty in a given distribution and has been found to
correlate with human perception of rhythm (de Fleurian et al., 2017; Pearce, 2018). Nagaraj and Balasubramanian (2017) also
demonstrated that entropy captures a key dimension of complexity across various sequences and correlates with distinctions
between ordered and chaotic patterns. We computed entropy for each clip within a measure (a unit of musical time divided into
beats) and then averaged the results to obtain an entropy score per measure. A higher score indicates greater uncertainty in that
distribution.

Cohesion in this context is calculated as a measure of the rhythmic regularity within an audio composition, specifically
through the variability of intervals between detected beats. The process begins by loading the audio file and converting it
into a numerical waveform representation using librosa, a Python library for analyzing and processing audio signals. The
algorithm then detects beats through librosa.beat.beat track, which identifies the temporal positions of beats based
on the tempo and specified tracking parameters. These beat positions, initially represented as frame indices, are converted
into time values to calculate the intervals between consecutive beats. Cohesion is then determined as the standard deviation of
these intervals, with lower values indicating greater rhythmic consistency and higher values reflecting irregularity in the beat
structure.

The code complexity is calculated using breadth and average depth. The calculation of breadth and average depth aims to
quantify the structural complexity of a flow within the given programs. The process begins by extracting elements from the
flow and constructing a directed graph. Nodes represent distinct components of the flow, while edges represent connections
between these components. To calculate breadth, the algorithm identifies the starting nodes and performs a breadth-first search
(BFS) traversal. The breadth at each level of the graph is defined as the number of nodes being processed at that level. The
maximum breadth observed during the traversal is recorded as the breadth of the flow. Average depth measures the typical path
length from the starting nodes to the terminal nodes (nodes without successors). During the BFS traversal, the depth of each
terminal node is accumulated, and the number of terminal nodes is counted. The average depth is computed by dividing the
total depth by the number of terminal nodes.

2.4.3 Efficiency
Efficiency was assessed by calculating students’ time efficiency, as well as the music and code efficiency within their programs.
Time efficiency evaluates the rate at which users construct flows within the programming environment, serving as a measure of
productivity and engagement. This metric is derived by calculating the number of blocks created per class during the flow’s
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development. Specifically, the total time spent on constructing each flow is calculated as the difference between its creation
timestamp (createdAt) and its last modification timestamp (updatedAt), shown in the JSON example script in Section
2.5. If this difference exceeds 45 minutes, 45 minutes is used as the total time spent on the program. This approach accounts for
the possibility that students may modify their programs at any point after their initial creation, leading to time gaps that could
span months or even years. Standardizing the time to a single class period effectively reduces such discrepancies. The number
of blocks is determined by counting the entries in the elements field of the flow. Efficiency is then calculated as the ratio
of the number of blocks to the total time, yielding a value that reflects the pace of block creation. It is important to note that
students can freely add, delete, and modify blocks throughout the programming process. Due to data limitations, we do not
have access to the full edit history or detailed logs of these intermediate steps. Therefore, our efficiency analysis should be
interpreted as an outcome-based proxy.

Music efficiency integrates multiple dimensions of musical and temporal characteristics, including cohesion, entropy, and
audio duration, to assess the efficiency of music flows. Cohesion and entropy data were calculated previously when computing
the music complexity. For each music flow, the audio file corresponding to its identifier was loaded and its duration was
extracted using the librosa library in Python. Then the music efficiency metric was defined as

music efficiency =
cohesion+ 1

entropy

audio duration
, (1)

where inverse entropy (1/entropy) captures rhythmic variation and cohesion reflects the consistency of beat intervals. The
resulting metric was normalized and aggregated across flows to provide a scalable and comprehensive measure of how
cohesively and efficiently a flow utilizes musical and temporal resources. The proposed formula for music efficiency aims
to capture the balance between structural unity (cohesion), creative complexity (inverse entropy), and temporal efficiency
(audio duration) to provide a holistic metric to evaluate the effectiveness of music compositions in flow-based programming
environments.

Code efficiency is determined through four key components. First, isolated blocks are identified via graph traversal, with
penalties applied for any nodes disconnected from the overall structure. Second, the position and connectivity of playNodes
are evaluated to ensure that they appear early in the flow and maintain appropriate downstream connections to audioNodes
or drumNodes. Third, link complexity is calculated as the ratio of the total number of edges to the total number of blocks,
providing a measure of structural compactness. Lastly, specific node properties, such as the presence of valid blobURLs for
audioNodes or loop settings for loopNodes, are validated to ensure functional integrity. Any violation of these criteria results in
a one-point deduction from the overall efficiency score.

2.4.4 Emotional Expressiveness
The emotional expressiveness of music flows was assessed using an open-source deep learning–based speech emotion
recognition model built on the Wav2Vec2 framework (Wagner et al., 2023). Each audio file generated from the music flows was
processed to extract the key emotional dimensions: arousal and valence. The model expects a raw audio signal as input and
outputs predictions for arousal and valence in a range of approximately 0 to 1.

The predictions for arousal (reflecting energy or intensity) and valence (positivity or negativity) were recorded for each
flow. The two dimensions collectively represent the emotional expressiveness of the music, capturing subtle nuances in how
emotions are conveyed through sound. Emotional expressiveness is quantified using the arousal and valence dimensions from
the dimensional emotion model (Russell, 1980). The calculation combines these two dimensions into a single scalar value by
computing the Euclidean distance from the origin in a two-dimensional emotional space, as follows:

emotional expressiveness =
√

arousal2 +valence2. (2)

In conclusion, this study employed Python to extract and compute variables (observables) from the JSON data, which
were subsequently used to facilitate our analyses. The aggregation of ECD-based overall creativity estimates for each program
followed a multi-step process. Initially, low-level indicators, illustrated as the blue area in Figure 3, were standardized.
These standardized indicators were then averaged to calculate the sub-facet variables, including fluency, flexibility, originality,
elaboration, music complexity, code complexity, time, musical efficiency, code efficiency, valence, and arousal. Next, divergent
thinking and complexity scores were computed by averaging their respective sub-facet variables. For instance, fluency, flexibility,
originality, and elaboration were averaged to derive each student’s divergent thinking score, while music and code complexity
indicators were combined to calculate the complexity score. Subsequently, the overall ECD-based automated creativity score
for each program was obtained by averaging the divergent thinking score, complexity score, efficiency metrics, and emotional
expressiveness. Table 2 provides detailed definitions for all the variables used to compute the creativity sub-facets. Both the
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sub-facet variables (e.g., fluency, flexibility, complexity) and the overall automated creativity scores were employed to address
the research questions posed in this study.

Table 2. The variables calculated for analysis.
Category Variable name Description

Fluency Number of sounds Number of sound blocks per program
Number of tracks Number of tracks per program

Originality Avg. similarity Average similarity between a program and other programs

Elaboration Length (audio) Audio duration in a program
Length (block) Total number of blocks in a program

Flexibility Unique block Number of unique blocks per program

Music complexity Entropy The uncertainty in a beat track
Cohesion Similarity between two given click tracks

Code complexity Breadth Max number of nodes at each level of the program
Avg. depth Average path length from start nodes to end nodes

Time efficiency Time score Number of blocks created per unit time
Music efficiency Music score Defined by cohesion, entropy, and audio duration
Code efficiency Code score Calculated through graph structure analysis
Valence Valence Measures the pleasantness or positive/negative emotion expressed
Arousal Arousal Indicates the intensity or energy level of the emotional expression

2.5 LLM-Based Automated Assessment
The LLM-based automated assessment uses an LLM to evaluate students’ music-programming flows based on predefined
creativity dimensions and illustrative examples. In this study, ChatGPT-4o was selected as the LLM because it is the most
advanced GPT model and has demonstrated exceptional performance in analyzing textual data and programming tasks (OpenAI
et al., 2024). The assessment process begins by extracting and simplifying each student’s programming flow into a standardized
JSON format. This simplification isolates nodes and their connections while excluding irrelevant metadata (e.g., timestamps) to
address the token limit of the ChatGPT API (application programming interface)2. Each flow is represented only by its key
components—such as node types (audioNode, playNode) and their interconnections—ensuring that the essential structural
and functional details are retained.

The ChatGPT-based assessment evaluates creativity along four predefined dimensions: divergent thinking, complexity,
efficiency, and expressiveness. A structured prompt guides the evaluation by providing operational definitions for each dimension
together with a 1 to 6 rating scale. Additionally, the prompt incorporates two selected few-shot examples, one representing high
creativity and one representing low creativity (chosen so that their scores lie within one standard deviation above or below the
dataset mean; see Table 3). The GPT model outputs both a creativity score and a detailed rationale. The exact prompt used for
generating the creativity score is given below (placeholders indicate where the target JSON and example flows are inserted):

‘‘I want to evaluate the creativity of music programming flows. Each flow consists of multiple nodes
and their connections (arrows), representing a student’s creation.
The evaluation is based on four dimensions:
1. Divergent Thinking: Measures the diversity of the creation.
2. Complexity: Evaluates the structural sophistication.
3. Efficiency: Assesses how efficiently the flow achieves its purpose.
4. Expressiveness: Examines the degree of personal style or innovation.
Each dimension is scored on a scale of 1 to 6.
Provide an overall score (1 to 6) and justification for the score.
Here are some example evaluations:
{examples_text}

Evaluate the following flow:
Flow ID: ‘{flow_id}‘
Simplified JSON:
{json.dumps(simplified_flow_data, indent=4)} ".

To address concerns about the robustness of LLM scoring, two ablation analyses were conducted (see details in supplemen-
tary material Appendix D):

1. Alternative-example sets: We replaced the original few-shot pair with five high/low combinations drawn from the same
creativity strata (high = 3.6–5.0; low = 1.2–1.8) and re-scored 10 target programs in the GPT MANUAL condition.
Cronbach’s α was 0.92, indicating stable scores across different anchor pairs.

2https://platform.openai.com/docs/models/gpt-4o
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2. Test–retest with fixed examples: We repeated the evaluation five times with the original anchors, yielding Cronbach’s
α = 0.98; this indicates very high within-run stability.

We implemented two ChatGPT-based assessment conditions: GPT ECD, which used anchors derived from ECD assess-
ments (scores 4.2 and 2.3), and GPT MANUAL, which used anchors based on human ratings (scores 3.8 and 1.8). Appendix C
in the supplementary material shows an example of the response obtained from the LLM in the GPT ECD condition.

2.6 Manual Assessment
To validate and compare automatic assessment approaches with human evaluations, this study employed CAT (Amabile, 1982)
to manually assess students’ flow-based music programming artifacts (n = 383). CAT is a widely recognized method for
assessing creativity, and its central idea is that creativity, while subjective, can be reliably assessed by a group of experts within
a given domain (Amabile, 1982; Baer & McKool, 2009). Five educational experts, all of whom possessed extensive familiarity
with the flow-based music environment and had been working on related projects, were tasked with rating each program on
a scale from 1 to 6 (1 = very uncreative, 6 = very creative). According to Amabile (1996), a panel of five to 10 experts is
considered sufficient for reliably scoring creativity.

During the review process, the experts were provided with links to these programs, allowing them to click and view the
program content on the M-Flow platform (as illustrated in Appendix Figure 1) and play the audio within each program. Drawing
upon prior research (Rahimi et al., 2024), we provided the raters with specific instructions (see Appendix E).

Assessing creativity or originality is often regarded as a normative task rather than a purely objective one (Organisciak
et al., 2023). This perspective suggests that, given a sufficient number of raters, a consensus on originality ratings typically
emerges, even though individual judgments may vary, particularly when distinguishing between highly and moderately original
responses. While creativity assessment inherently involves subjectivity, the CAT enhances both the reliability and the validity
of the evaluation process. In this study, inter-rater reliability was measured using Cronbach’s alpha (α = 0.81), indicating
a high level of internal consistency among raters. The creativity score for each program was derived by averaging the five
individual ratings, with the resulting value rounded to the nearest 0.1.

2.7 Comparison of the Three Assessment Approaches
To validate the two automated creativity assessment approaches and compare them with the CAT-based assessment, we first
analyzed the mean, standard deviation, and score distributions generated by the ECD-based, LLM-based (GPT ECD and
GPT MANUAL), and CAT-based methods. These distributions were visualized using density plots and histograms to provide a
clear comparative perspective. Pearson correlation coefficients were then calculated to examine the relationships between the
scores generated by the ECD-based and LLM-based methods and those assigned by individual raters on their averaged scores.
This analysis aimed to assess the validity of the automated methods in comparison to the CAT-based approach. Additionally, a
one-way analysis of variance (ANOVA) was conducted to determine whether significant differences existed among the scores
produced by the three methods.

3. Results

3.1 Description of the Variables
Table 3 shows the key descriptive results of calculated variables. For the four types of creativity measurements (i.e., ECD-based,
GPT ECD, GPT MANUAL, and Manual), the ECD-based creativity score, derived from the above variables, had mean =
3.20, SD = 0.89. GPT ECD creativity, scored using two ECD-based examples for learning, had mean = 2.68, SD = 0.80.
GPT MANUAL creativity, scored using two manually rated examples for learning, had mean = 3.06, SD = 0.87. Manual
creativity, rated using CAT, had mean = 2.68, SD = 0.88.

3.1.1 ECD-Based Automated Assessments Results
Figure 4 shows the structural relationships between various variables contributing to ECD-based creativity. It can be observed
that most variables represented by blue ovals show moderate to high correlation coefficients (r = 0.24 to 0.93) with the following
four variables: divergent thinking, efficiency, complexity, and emotional expressiveness. The correlation coefficients between
these four variables and the final ECD-based creativity score are 0.31, 0.74, 0.39, and 0.68, respectively. To verify whether
the four variables—divergent thinking, efficiency, complexity, and emotional expressiveness—used to measure ECD-based
creativity are consistent with manual-based creativity, we calculated their correlation coefficients with manual creativity scores.
The results are 0.36, 0.29, 0.53, and 0.07, respectively. Furthermore, the correlation between manual-based creativity and
ECD-based creativity is r = 0.48, p < 0.001, indicating a moderate relationship between the two.
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Table 3. Descriptive statistics.

Variable Min Max Mean SD

Number of sounds 1.00 20.00 5.66 3.34
Number of tracks 1.00 35.00 2.57 3.02
Originality score 0.57 0.94 0.63 0.06
Length (audio) 0.71 300.00 39.34 75.35
Length (block) 1.00 22.00 7.56 3.82
Entropy 0.56 2.42 1.38 0.38
Cohesion 0.14 0.70 0.24 0.13
Breadth 1.00 17.00 1.98 1.71
Avg. depth 1.00 19.00 4.79 3.02
Time efficiency 0.02 1.02 0.32 0.18
Music efficiency 0.01 4.95 0.58 1.00
Code efficiency 3.00 4.61 3.48 0.29
Valence 0.12 0.88 0.55 0.15
Arousal 0.27 0.97 0.63 0.18

Divergent thinking 0.00 1.00 0.45 0.17
Complexity 0.00 1.00 0.47 0.16
Efficiency 0.00 1.00 0.58 0.16
Emotional expressiveness 0.00 1.00 0.47 0.23

ECD-based creativity 1.00 6.00 3.20 0.89
GPT ECD creativity 1.00 4.25 2.68 0.80
GPT MANUAL creativity 1.00 5.40 3.06 0.87
Manual creativity 1.00 5.40 2.68 0.88

Note: The variables were normalized before being aggregated into higher-level variables. SD represents standard deviation. Avg. means average.

Figure 4. ECD-based creativity dimensions and variables correlations.

Note: The figure illustrates the correlations among the variables in the ECD-based creativity assessment. Each variable demonstrates a moderate or strong
correlation with its corresponding higher-level variable.
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3.1.2 LLM-Based Automated Assessment Results
In this study, the GPT-4o API was employed to perform few-shot learning for evaluating the creativity of all 383 student
programs. Two distinct GPT-based assessments were conducted: the GPT ECD assessment used examples derived from the
ECD evaluations (scores of 1.9 and 3.5), while the GPT MANUAL assessment used examples from human raters (scores of
3.6 and 4.4). Notably, the same pair of examples was employed across both assessments to ensure consistency in the learning
context.

To evaluate the similarities and differences between the two ChatGPT-based assessment methods, we first calculated
the Pearson correlation coefficient, which yielded r = 0.81, p < 0.001, indicating a strong positive correlation between the
GPT ECD and GPT MANUAL scores. To further compare the two methods, the creativity scores were categorized into
three tertile-based groups: low (0 < score < 0.33), medium (0.33 < score < 0.66), and high (0.66 < score < 1) creativity.
The GPT ECD assessment classified 152 programs as low, 105 as medium, and 126 as high. Similarly, the GPT MANUAL
assessment grouped 151 programs as low, 115 as medium, and 117 as high, demonstrating a comparable distribution with
minor variations in group sizes. Figure 5 presents the cross-tabulation of group classifications, offering a detailed view of the
consistency between the two methods. Specifically, 31.19% of the programs were consistently classified as low-low, 12.37% as
medium-medium, and 19.07% as high-high. In total, approximately 62.63% of the programs received consistent classifications
across both methods, underscoring a strong level of agreement between the GPT ECD and GPT MANUAL assessments.

Figure 5. Distribution of group combinations (%).

Note: The diagonal represents the overlap between the two GPT-based models in classifying programs into the three categories: low, medium, and high score.

3.1.3 Manual Assessment
Table 4 presents the descriptive statistics for each expert, including the minimum, maximum, mean, and standard deviation of
their scores.

Table 4. Descriptive statistics of scores by each evaluator.

Evaluator Min Max Mean SD

Evaluator 1 1 6 2.45 0.98
Evaluator 2 1 6 3.34 1.66
Evaluator 3 1 5 2.60 1.06
Evaluator 4 1 6 3.10 1.09
Evaluator 5 1 6 2.82 1.18

Note: Min represents the minimum score, Max the maximum score, and SD the standard deviation of the scores assigned by each evaluator.

The final manual creativity assessment score represents the average of ratings provided by five expert evaluators. As shown
in Figure 6, the distribution of overall creativity scores ranges from 1 to 5.4, with a mean of 2.70 and a standard deviation (SD)
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of 0.88. The overall ratings indicate a central tendency toward moderate levels of creativity.

Figure 6. Distribution of manual creativity score results.

3.2 Comparison of Assessment Results
3.2.1 Mean Scores
Table 5 summarizes the results of Tukey’s HSD post hoc tests. ECD yielded significantly higher scores than both GPT ECD
and Manual, while GPT MANUAL was not significantly different from ECD. The largest divergence appeared between
GPT MANUAL and GPT ECD.

Table 5. Pairwise comparisons of mean creativity scores (Tukey’s HSD).

Comparison Mean Difference (∆M) p-value Significance

ECD vs. GPT ECD 0.53 < 0.001 Significant
ECD vs. Manual 0.52 < 0.001 Significant
ECD vs. GPT MANUAL 0.14 0.12 Not significant
GPT ECD vs. GPT MANUAL 0.38 < 0.001 Significant
GPT ECD vs. Manual 0.0036 1.000 Not significant
GPT MANUAL vs. Manual 0.38 < 0.001 Significant

3.2.2 Density Distributions
We further visualized the score density of the four assessment methods to explore differences and similarities in their distributions.
For comparability, the ECD scores were scaled to a range of 1 to 6. The left panel of Figure 7 presents the density distributions
of creativity scores across the four methods: Manual, ECD, GPT ECD, and GPT MANUAL. The ECD method exhibits a
right-skewed distribution, with the majority of scores concentrated between 3 and 4. Similarly, GPT MANUAL demonstrates
the highest density around a score of 3.5. The GPT ECD distribution closely mirrors the ECD distribution but shows a slightly
lower majority of scores (around 3). Lastly, the Manual method displays a peak at a lower score than the other three methods
and also exhibits a reduced density in the mid-score range, relatively. We calculated the Pearson correlation coefficients among
the four assessment methods. The right panel of Figure 7 presents a heatmap illustrating these correlations.

3.2.3 Score Difference
Figure 8 presents the absolute score difference (ASD) between the ECD and Manual assessment methods (upper panel,
represented by blue points) and between the two GPT-based assessments (lower panel, represented by red points). The x-axis
represents the 383 programs, while the y-axis indicates the ASD values. The mean score difference between ECD and Manual
is 0.84 (SD = 0.61), with a maximum difference of 4.26 and a minimum of 0.01. Similarly, the mean score difference between
GPT ECD and GPT MANUAL is 0.48 (SD = 0.42), with a maximum difference of 2.58 and a minimum of 0.
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Figure 7. Distribution and correlation of different creativity assessment scores.

We further calculated the number of programs with ASD exceeding thresholds of 1, 2, and 3 for these methods. Table
6 shows that, when comparing Manual and ECD, there are 128 programs (33.33%) with ASD > 1, 22 programs (5.69%)
with ASD > 2, and only 1 program (0.27%) with ASD > 3. For the comparison between GPT MANUAL and GPT ECD, the
differences are smaller, with only 27 programs (6.96%) having ASD > 1, three programs (0.77%) having ASD > 2, and no
programs showing ASD > 3. These results are also reflected in Figure 8.

Figure 8. ASD between different assessments.

Note: The figure shows the absolute score difference (ASD) between the ECD and manual assessment methods (upper) and between the two GPT-based
assessments (lower).
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Table 6. Summary of score differences for ECD vs. Manual and GPT ECD vs. GPT MANUAL

Comparison Difference Sample (Proportion)

ECD vs. Manual
ASD >1 128 (33.33%)
ASD >2 22 (5.69%)
ASD >3 1 (0.27%)

GPT ECD vs. GPT MANUAL
ASD >1 27 (6.96%)
ASD >2 3 (0.77%)
ASD >3 0 (0%)

3.2.4 Example Comparison
To gain deeper insights into the creativity measurement methods, we selected four programs as examples: two with very
similar scores and two with very different scores from the four assessment methods. In Figure 9 (1), the program received
the highest creativity score from the ECD method (score = 3.60) and the lowest score from GPT ECD (score = 3.40), with
a difference of 0.2. According to the ECD method, the program was rated as follows: divergent thinking (0.38), complexity
(0.30), efficiency (0.53), and emotional expressiveness (0.87). In contrast, GPT ECD rated the program as divergent thinking
(0.50), complexity (0.36), efficiency (0.58), and emotional expressiveness (0.50). The difference stems primarily from the
emotional expressiveness dimension. In Figure 9 (2), the program achieved the highest creativity score from the ECD method
(score = 3.18), with ratings of divergent thinking (0.16), complexity (0.54), efficiency (0.30), and emotional expressiveness
(0.74). Meanwhile, the lowest score was given by the manual method (score = 2.80), with individual evaluators assigning
scores of 2, 3, 3, 3, and 3, respectively. In Figure 9 (3), the highest creativity score came from the ECD method (score = 5.18),
while the lowest score was assigned by GPT ECD (score = 1.55), resulting in a difference of 3.63. The ECD method rated the
program as divergent thinking (0.58), complexity (0.95), efficiency (0.87), and emotional expressiveness (0.94). In comparison,
GPT ECD rated the program as divergent thinking (1.0/6), complexity (1.0/6), efficiency (3.0/6), and expressiveness (1.0/6),
with a total score of 1.5/6. The differences were substantial across all four dimensions, particularly in complexity and emotional
expressiveness. Finally, in Figure 9 (4), the highest score was provided by the manual method (score = 5.4, with individual
ratings of 6, 6, 5, 4, and 6), while the lowest score was assigned by the ECD method (score = 2.27), with ratings of divergent
thinking (0.33), complexity (0.30), efficiency (0.26), and emotional expressiveness (0.13).

Figure 9. Distribution and correlation of different creativity assessment scores.
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4. Discussion
This study investigates automated methods for assessing students’ creativity in a flow-based music programming environment.
Specifically, it addresses the following question: How can students’ creativity be automatically assessed within a flow-based
music programming environment? To answer this, we collected students’ artifacts from a flow-based music programming
platform, encompassing 383 projects created by 194 students. Two automated assessment approaches were proposed and
employed: one grounded in an ECD framework and the other using ChatGPT. Both methods were compared against human
manual creativity assessments to evaluate their validity and reliability. The findings demonstrate the feasibility of using
automated tools to assess creativity in educational programming environments, significantly reducing the time and resources
required for traditional assessment methods. The main contributions of this study include (1) proposed and implemented
automated methods for assessing students’ creativity in a flow-based music programming environment, bridging the gap
between traditional assessment approaches and advanced computational techniques, and (2) evaluation of the validity and
reliability of these methods by comparing them against human manual assessments, demonstrating their potential to provide
accurate and consistent results. In the following sections, we discuss the the results and the implications of automated creativity
assessment.

4.1 Effectiveness of the ECD-Based Creativity Assessment
The ECD framework evaluates student creativity along four programmatic dimensions (divergent thinking, complexity,
efficiency, and emotional expressiveness). Divergent thinking and complexity have long been recognized as cornerstones
of creative performance in programming contexts (Rahimi et al., 2024; Guilford, 1956). Building on this foundation, we
introduced efficiency and emotional expressiveness to yield a more holistic rubric (Figure 3). Efficiency couples tightly with
creativity because novel solutions often entail more economical ways of achieving a goal (Williamon et al., 2006; Runco, 2014;
Colton & Wiggins, 2012), whereas emotional expressiveness taps the affective impact of musical choices (Amabile, 1983).

The ECD-based assessment aggregate score correlates moderately with manual ratings (r = 0.48, p < 0.001), mirroring
prior work that relied only on divergent thinking and complexity (r = 0.47; Rahimi et al., 2024). Dimension-level analyses
on divergent thinking, complexity, efficiency, and emotional expressiveness show moderate-to-high correlations with the
global ECD score (r = 0.31–0.74), which means that all of these constructs contribute to the final creativity score. Moreover,
ECD-based divergent thinking, complexity, and efficiency align reasonably with human judgment (correlation r = 0.29–0.53),
whereas emotional expressiveness shows a weaker link—likely because human raters place less weight on affective nuances
than on structural novelty or technical sophistication (Baas et al., 2008). Human raters may place greater emphasis on visual
or structural features, such as the arrangement of code blocks, the use of sprites, or the overall functionality of the program,
rather than auditory expressiveness. In contrast, our ECD-based creativity score assigns equal weight to each dimension
(e.g., originality, structural complexity, efficiency, and emotional expressiveness), regardless of how raters might subjectively
prioritize them. Prior research supports this interpretation. Kovalkov and colleagues (2021) found that, among experts scoring
Scratch program creativity, 80% placed roughly twice as much emphasis on visual aspects as on audio elements. Additionally,
recent work in music performance evaluation has consistently demonstrated a sight-over-sound effect, where evaluators rely
more on visual expressiveness than auditory cues (Samma et al., 2025; Tsay, 2013). These findings validate the ECD framework
in assessing creativity in a flow-based music programming environment while exposing aspects of creativity (e.g., emotional
expressiveness) that remain difficult to quantify objectively.

4.2 Capabilities and Limitations of GPT-Based Creativity Assessment
We further explored few-shot GPT-4 prompts to emulate creativity judgments. We supplied two distinct exemplar sets—one
derived from ECD scores and the other from manual ratings—to create GPT ECD and GPT MANUAL conditions. The results
show that there is a similar score density distribution between the GPT-based scores and human expert scores, which indicates
that LLMs are helpful for human-in-the-loop creativity assessment.

Moreover, the two GPT-based scoring approaches show (1) a closer Pearson correlation (r = 0.80) than their respective
training reference sources. Specifically, the correlation between GPT MANUAL and manual ratings is r = 0.69, whereas the
correlation between GPT ECD and ECD is lower at r = 0.38. The results also show that (2) GPT’s correlation with ECD is
weaker than with manual ratings. There are two plausible contributing factors. First, while GPT can learn to evaluate creativity
from examples, its assessments still reflect its own inherent patterns of judgment. Although from previous studies there is
evidence that LLM scores can shift with the choice and order of reference examples (DiStefano et al., 2024; Yoshida, 2024),
prior research has also shown that bias in LLMs persists even when few-shot examples are varied or when state-of-the-art
calibration techniques are applied (Reif & Schwartz, 2024), suggesting that such biases are inherent and not easily mitigated
through prompting strategies alone. Another study by Gupta and colleagues (2023) has found that some LLMs, such as GPT-4,
exhibit strong robustness (over 90% accuracy) to majority label bias in in-context learning settings, even when the few-shot
examples are heavily skewed toward a dominant label. In our study, GPT models may exhibit a potential bias by placing
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greater emphasis on the structural and functional aspects of programs when evaluating creativity, while underrepresenting
other dimensions such as emotional expressiveness or aesthetic novelty. Future work could enhance LLM-based creativity
assessments by incorporating multimodal inputs (such as audio analysis or paired visual-audio prompts) to better capture the
full spectrum of creative expression. Second, one possible explanation for the stronger correlation between GPT MANUAL
scores and human ratings is that LLMs and human raters may both implicitly emphasize visual and structural features of student
work over more subjective or less visible attributes like emotional expressiveness. For LLMs, this may reflect limitations in
their ability to “perceive” auditory or affective elements from textual data. For humans, as mentioned above, prior studies show
a similar bias: experts assessing Scratch program creativity weighted visual features nearly twice as heavily as auditory ones
(Kovalkov et al., 2021). Related work in music performance has also identified a persistent “sight-over-sound” effect, where
raters prioritize visual expressiveness over sound (Samma et al., 2025; Tsay, 2013). In contrast, our ECD-based computational
score applies equal weight to all rubric dimensions, including visual and audio aspects. This mismatch in weighting likely
contributes to the weaker alignment between GPT-based scores and ECD-based scores.

4.3 Comparisons and Alignment across Assessments
The comparison among ECD-based, manual, and GPT-based assessment methods reveals both convergence and divergence
across metrics, distributions, and example-level outcomes. First, one-way ANOVA followed by Tukey’s HSD test confirmed
significant differences in mean creativity scores across the four methods (F = 35.13, p < 0.001). The ECD method produced
significantly higher scores than both GPT ECD and Manual assessments, while GPT MANUAL exhibited the highest alignment
with ECD, showing no significant difference in mean score (∆M = 0.14, p = 0.12). Further analysis of the score distributions
(Figure 7) supports these findings. While all methods display similar distributional ranges (scaled to 1 to 6), their density curves
differ in shape and central tendency. ECD and GPT MANUAL tend to concentrate scores around 3.5 to 4, while Manual and
GPT ECD scores skew slightly lower. One possible explanation is that the ECD method applies consistent rubric-based scoring
with algorithmically derived features, which may lead to higher overall scores—particularly in dimensions like efficiency or
emotional expressiveness—compared to human raters, who tend to score more conservatively. In contrast, GPT MANUAL,
trained on human-labelled examples, captures human-like reasoning but redistributes scores in a manner that aligns more
closely with ECD’s overall scale, despite inheriting its structure from Manual assessments.

Each of these assessment methods has strengths and limitations. Automated systems typically assess only the final product,
overlooking the creative process (e.g., iteration and experimentation), which can offer important insights into student creativity
(Colton, 2008). However, in programming education, automated methods may prioritize syntactic correctness and output
functionality, while human raters may value code readability, design elegance, and algorithmic originality (Granåsen, 2018;
Brown et al., 2023). In music programming, subjective elements like sound combinations, timing, and expressive flow
influence human perception of creativity but remain difficult for computational models to quantify. The absence of standardized
creativity criteria across domains further complicates the alignment between human and machine evaluations (Jordanous, 2012;
Hershkovitz et al., 2019). Discrepancies are more pronounced in tasks requiring flexible reasoning, contextual interpretation, or
affective sensitivity (Hone et al., 1999).

4.4 Implications
4.4.1 Educational Implications
Automated creativity assessment methods, such as ECD-based and GPT-based evaluations, offer scalable solutions for evaluating
students’ creativity in interactive programming learning environments. These methods enable real-time, detailed feedback
on students’ creative outputs, allowing educators to tailor instructional strategies to individual needs. For instance, students
struggling in specific dimensions like complexity or effectiveness can receive targeted interventions aimed at enhancing these
aspects of creativity. By providing a systematic and equitable approach to creativity assessment, automated methods address the
limitations of traditional manual evaluations that are time-intensive and prone to evaluator bias (Kenett & Faust, 2019; Heinen
& Johnson, 2018). GPT-based methods, particularly GPT MANUAL, demonstrate strong alignment with human evaluators,
making them a reliable alternative in educational settings. For example, in a 45-minute class, students re-imagined a classic
fairy tale in Scratch. GPT MANUAL delivered feedback on each project’s originality and narrative coherence within seconds,
allowing the teacher to regroup the class: students with high originality but weak coherence peer-reviewed one another’s scripts,
whereas those with strong coherence but low originality rewrote their storylines. Furthermore, these tools democratize creativity
assessment by ensuring consistent evaluations, even in large-scale classrooms or online learning platforms. These assessment
models can be used to generate feedback and can serve as a prompt for reflection and revision. For example, a student who
receives a low “efficiency” score may be encouraged to revisit their code for redundant logic or overly complex structures.
Similarly, a high “emotional expressiveness” score can validate a student’s use of storytelling or musical elements, reinforcing
affective aspects of creativity. Educators can use these dimensional scores to tailor targeted mini-lessons, peer-critique sessions,
or guided revisions based on specific areas of need. Last but not least, in educational settings, ethical use of automated
creativity assessments requires transparent disclosure, periodic human review, and opportunities for students to contest or
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appeal algorithm-generated scores. To help students interpret scores, scaffolding is essential. Examples include (a) displaying
anonymized projects that span the score range and jointly analyzing what makes them distinctive, and (b) guiding students to
set concrete improvement goals such as, “Add two new elements that have not appeared in any classmate’s project.”

4.4.2 Creativity Assessment Implications
The application of AI-driven assessments, particularly through GPT-based methods, demonstrates the potential of LLMs to
mirror human judgment in creativity evaluation. These findings suggest that AI tools could play a central role in automating
creativity assessments, reducing the time and effort required for manual evaluations while maintaining a high degree of accuracy.
Moreover, GPT-based methods offer an equitable and scalable solution for assessing creativity in larger student populations,
addressing the limitations of resource-intensive manual assessments.

Despite these advancements, the differences observed among ECD-based, GPT-based, and manual evaluations highlight
persistent challenges in achieving fully consistent creativity scoring. For instance, variations in emotional expressiveness scores
between ECD- and GPT-based methods, as well as discrepancies between GPT-based and manual assessments, indicate potential
misalignments in how each approach interprets this dimension. Addressing these inconsistencies necessitates the development
of robust validation mechanisms to harmonize the assessment methodologies. Combining the precision and objectivity of
ECD-based models, which emphasize measurable features, with the nuanced interpretative capabilities of GPT-based methods
gives us an opportunity to create a more holistic and balanced creativity assessment framework. Such an integrated approach
could capitalize on the strengths of both methodologies, enhancing creativity evaluation and fostering a deeper understanding
of students’ creative potential (Rahimi, 2023; Shute et al., 2016).

5. Conclusion, Limitations, and Future Work

This study analyzed 383 programming artifacts collected from 194 primary school students over three years (2022–2024)
using two automated assessment methods: an ECD-based approach and an LLM-based approach using ChatGPT-4 with
few-shot learning. The ECD-based method evaluated creativity across four key dimensions: divergent thinking, complexity,
efficiency, and emotional expressiveness. The LLM-based method employed examples from both CAT ratings and ECD
assessments for learning. The findings showed that automated assessments have moderate to strong correlations with human
evaluations, with the LLM-based approach exhibiting greater consistency across diverse learning examples. Besides, GPT-based
methods, trained on human-assessed examples, demonstrate strong alignment with human evaluators, illustrating their capacity
to complement and support human judgment in creativity assessment. The findings highlight the potential of automated
methods, including ECD-based and GPT-based approaches, for assessing creativity within a flow-based music programming
environment. By employing a multidimensional framework encompassing divergent thinking, complexity, efficiency, and
emotional expressiveness, the ECD-based method offers a systematic and structured approach to evaluating creativity. This
research contributes to the growing body of literature on creativity assessment by showcasing the feasibility and validity of
automated tools in educational settings. Besides, it provides practical insights into how ECD-based and LLM-based approaches
can effectively support creativity assessment, enabling educators to deliver timely, objective, and consistent feedback.

Despite these contributions, several limitations exist. First, while this study used students’ program artifacts to measure
creative activity, we were unable to collect self-reported creativity data from students or include external measures, such as
traditional creativity tests, to complement the findings. Future research should incorporate these additional data sources and
try other diversity-oriented metrics to investigate further and contextualize students’ creativity. Additionally, we employed
CAT to evaluate students’ creativity in the flow-based music programming environment, with ratings provided by five expert
evaluators. While previous studies suggest that five to 10 experts are sufficient for reliable CAT scoring (Turkman, 2016),
increasing the number of evaluators can improve the accuracy and robustness of assessments. Future research should strive to
include a larger pool of experts to enhance the reliability of CAT-based evaluations and conduct inter-rater reliability studies
that benchmark automated metrics against human judgments. Moreover, comparing the LLM-based scoring with alternative
models (e.g., LSA in Table 1) can provide deeper insights into the strengths and limitations of different approaches. Finally,
the aggregation process used in this study was simplified to align with prior research (Rahimi et al., 2024). Future work
could explore alternative weighting strategies, including expert-defined or data-driven approaches, to examine whether some
dimensions contribute more strongly to perceived creativity. Future work should also focus on refining the alignment between
automated and manual assessments, exploring broader applications across diverse educational contexts, and addressing ethical
considerations surrounding the implementation of AI-driven creativity assessments.
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de Fleurian, R., Blackwell, T., Ben-Tal, O., & Müllensiefen, D. (2017). Information-theoretic measures predict the human
judgment of rhythm complexity. Cognitive Science, 41(3), 800–813. https://doi.org/10.1111/cogs.12347

DiStefano, P. V., Patterson, J. D., & Beaty, R. E. (2024). Automatic scoring of metaphor creativity with large language models.
Creativity Research Journal. https://doi.org/10.1080/10400419.2024.2326343

Doshi, A. R., & Hauser, O. P. (2024). Generative AI enhances individual creativity but reduces the collective diversity of novel
content. Science Advances, 10(28). https://doi.org/10.1126/sciadv.adn5290

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 101

https://doi.org/10.1037/edu0000844
https://myweb.fsu.edu/vshute/pdf/marcs2020.pdf
https://doi.org/10.1007/978-1-4939-2125-6
https://doi.org/10.1037/0022-3514.43.5.997
https://doi.org/10.1037/0022-3514.45.2.357
https://doi.org/10.4324/9780429501234
https://doi.org/10.4324/9780429501234
https://doi.org/10.1037/a0012815
https://doi.org/10.4018/978-1-60566-667-9.ch004
https://doi.org/10.15405/epes.23056.28
https://doi.org/10.3389/fpsyg.2018.02529
https://doi.org/10.3758/s13428-020-01453-w
https://doi.org/10.4324/9780203508527
https://books.google.com/books?id=GJdLAAAAYAAJ
https://doi.org/10.1145/3636515
https://doi.org/10.14742/ajet.9069
https://www.scitepress.org/Papers/2024/126321/126321.pdf
https://www.scitepress.org/Papers/2024/126321/126321.pdf
https://cdn.aaai.org/Symposia/Spring/2008/SS-08-03/SS08-03-003.pdf
https://dl.acm.org/doi/10.5555/3007337.3007345
https://doi.org/10.1111/cogs.12347
https://doi.org/10.1080/10400419.2024.2326343
https://doi.org/10.1126/sciadv.adn5290


Dumas, D., Organisciak, P., & Doherty, P. (2020). Measuring divergent thinking originality with human raters and text-mining
models: A psychometric comparison of methods. Psychology of Aesthetics, Creativity, and the Arts, 16(4), 665–678.
https://doi.org/10.1037/aca0000355

Engelman, S., Magerko, B., McKlin, T., Miller, M., Edwards, D., & Freeman, J. (2017). Creativity in authentic STEAM
education with EarSketch. In Proceedings of the 2017 ACM SIGCSE Technical Symposium on Computer Science
Education (SIGCSE 2017), 8–11 March 2017, Seattle, Washington, USA (pp. 183–188). ACM. https://doi.org/10.
1145/3017680.3017763
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