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Abstract
Creativity is widely seen as a key quality of software developers, yet
empirical software engineering rarely examines its manifestation in
coding. We take a process-level view by linking psychometric cre-
ativity assessments to fine-grained eye-tracking and IDE interaction
data from a controlled game implementation task. In a laboratory
study with 40 Python-proficient participants implementing scoring
logic for a Pong game, we derive programming strategy profiles
from joint gaze and code editing behavior and relate them to scores
on three well-validated creativity tests.

We identify three recurring strategies that differ in IDE interac-
tions, gaze behavior, and the level of visual and structural elabo-
ration. The efficient and functionally focused group shows consis-
tently higher divergent scores and is characterized by a compact,
targeted implementation style. These participants focus on a small
number of well-placed changes to ensure correct game mechan-
ics, rather than settling for a partial solution or investing heavily
in decorative enhancements. Our results offer early evidence of
how creativity appears in programming behavior and point to the
potential for creativity-aware tools and pedagogical approaches.

CCS Concepts
• Software and its engineering→ Software creation and man-
agement; • Human-centered computing → Empirical studies
in HCI.
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1 Introduction
Creativity is often framed as a defining quality of skilled software de-
velopers [12]. They are expected to design novel solutions, navigate
constraints, and adapt their code to meet changing requirements.
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However, most empirical studies in software engineering (SE) ei-
ther do not explicitly address creativity or only infer it from the
final product, assessing how novel, useful, or high-quality a design
or solution appears, rather than how developers engage with the
code during the process. What is largely missing is a process-level
understanding of creativity: how, if at all, does a more creative
developer actually behave differently while programming?

Without connecting creativity to the concrete, moment-to-moment
aspects of programming work, it becomes challenging to design
tools or educational practices that genuinely support creative strengths,
rather than merely rewarding speed or superficial polish.
In this paper, we take a creativity-centered view of programming
behavior and present findings from a controlled human experiment
with 40 participants. We combine established psychometric creativ-
ity measures with fine-grained eye-tracking and IDE interaction
logs collected during a controlled software implementation task.
Our goal is not only to discover clusters of “styles” of programming,
but also to determine whether those styles exhibit a recognizable
creative signature. We derive programming strategy profiles from
joint gaze and code-editing behavior, and then examine how these
profiles relate to divergent and convergent thinking, which together
influence creative outcomes.
We identify three recurring programming strategy profiles that
differ in how far participants push the core functionality and how
much they elaborate on the visual and structural aspects of the
game. Only one of these profiles(the efficient, functionally focused
group) shows consistently higher divergent-association scores. The
key pattern that emerges is that higher divergent-association cre-
ativity aligns with a compact, targeted implementation style: par-
ticipants with higher creativity scores tend to focus on getting the
core mechanics right with a small number of well-placed edits and
relatively economical visual engagement, in contrast to peers who
either stop at a partial solution or devote substantial effort to visual
embellishments. Our findings offer an initial, process-level account
of how creativity manifests in coding. They also highlight the need
for creativity-aware models, tools, and teaching methods that rec-
ognize that more creative developers may literally look and behave
differently when programming.

2 Related Work
Creativity, defined by originality and usefulness, has been widely
studied in psychology [9, 30, 34], notably throughMooney’s 4P [26],
Amabile’s framework [1], and Guilford’s divergent thinking [13].

In SE, creativity underpins problem solving and design. Early
research explored techniques such as brainstorming and creative
triggers in requirements engineering [5, 10], while later studies
examined how personality, motivation, and context shape creative
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outcomes in practice [2]. Recent studies [3, 27] link creativity scores
to programming behavior, with highly creative developers writing
more diverse, expressive code. Emerging methods such as eye-
tracking and generative AI are opening new perspectives on cre-
ativity. Eye-tracking research shows that gaze behavior can signal
creative modes and moments of insight [17, 20, 24, 32]. At the same
time, as generative AI becomes embedded in technical workflows,
researchers are examining how human–AI collaboration influences
innovation across domains [7, 14, 16, 19, 21, 23, 31]. Together, this
work expands understandings of creativity from individual cogni-
tion to dynamic human–AI co-creation.

A parallel line of research has focused on modeling develop-
ers’ behaviors to reveal underlying patterns in how they work.
Prior work has identified behavioral patterns through EEG and
eye-tracking [29], modeled planning behavior with Hidden Markov
Models [15], and grouped developers using K-means for team and
practice insights [22]. Other research has clustered developers based
on code contributions [11], examined behavioral differences across
open-source projects [6], and analyzed contributor roles and com-
munity dynamics [4]. In parallel, clustering has also been used in
game development to reveal player behavior profiles [8].

We extend prior work by clustering multi-source coding behav-
iors and examining their relationship with creativity scores.

3 Experimental Methodology
We ran an eye-tracking study to identify programming strategy
profiles and explore their links to creativity.

3.1 Procedure
We conducted the study in a controlled laboratory environment
withminimal distractions. Participants used the PyCharm IDEwhile
a Tobii Pro Fusion eye tracker (250 Hz) captured gaze data. IDE
interactions were recorded through CodeGRITS. To protect privacy
and ensure data confidentiality, each participant was assigned a
randomized, anonymized ID, which was used for all recordings and
analyses. All collected data have been made accessible here 1.

The experiment consisted of three stages. In the first stage, par-
ticipants completed three creativity assessments. The Divergent
Association Task (DAT) [28] required them to generate ten seman-
tically distant words, providing an index of divergent associative
thinking. The Remote Associates Test (RAT) [25] measured conver-
gent insight: for each item, participants were given a triad of cue
words (e.g., “safety”, “cushion”, “point”) and asked to produce a sin-
gle word that forms a compound or close association with all three
(e.g., “pin”). Finally, participants completed the figural Torrance
Test of Creative Thinking (TTCT) [36], in which they transformed
30 blank circles into unique drawings within a set time limit to
evaluate non-verbal aspects of creativity.

In the second stage, each participant was given a partially im-
plemented version of the classic Pong game with the scoring logic
removed and was asked to implement the missing functionality
without any external AI-based assistance. The task order was coun-
terbalanced across participants. We also scheduled short rest breaks

1https://doi.org/10.6084/m9.figshare.31198186

to reduce visual fatigue. Finally, participants completed a post-
experiment questionnaire, to report perceived cognitive workload
and provide open-ended feedback about the study.

3.2 Participants and Recruitment
In our IRB-approved study, we recruited 40 participants (85% male,
15% female) from undergraduate and graduate computer science
programs. We applied a rigorous screening process to include only
those with proficient Python skills. All participants had prior expe-
rience with Python, with an average of 3.75 years of use (standard
deviation, SD = 2.23). Participants provided informed consent under
institutional ethics approval and received compensation.

3.3 Experiment Measures
Code navigation and coding-strategy measures: During the
programming task, we captured how participants navigated and
modified the code. Using CodeGRITS IDE logs and Tobii Pro Fu-
sion eye tracker, we collected code-navigation metrics such as total
task time, on-screen and idle time, fixation counts and durations, and
aggregated measures of attention, navigation, and IDE interaction.
In parallel, we extracted coding-strategy metrics describing what
participants changed in the codebase, including scoring-logic accu-
racy, edit counts, and modifications to the timer, sound, color, and
animations, as well as structural code metrics such as the number
of files modified and lines of code changed.
Psychometric creativity measures: Participants completed three
standardized creativity tests, as described in 3.1. Together, these
scores provide complementary indices of divergent associative
thinking, convergent insight, and visual–figurative creativity. In
our analysis, these psychometric scores were treated as external
outcome variables and were not used as inputs to the clustering.

4 Analysis and Results
This section reports our results and answers two research questions:

RQ1. What programming strategy profiles emerge when partici-
pants are clustered by their code-navigation behavior and
coding strategies during the game task?

RQ2. How do these programming strategy profiles differ in their
creativity scores?

4.1 Data Processing and Preparation
We began from a merged dataset with 39 participants and 86 fea-
tures, after excluding one participant whose data was corrupted.

We converted all candidate features to numeric types, treating
non-parseable entries as missing. Missing values were then imputed
using each feature’s median, allowing us to retain all 39 participants
while using a summary statistic robust to outliers and suitable
for binary, count, and continuous variables. Next, we removed
near–zero-variance features (threshold = 0.01), as features that
are nearly constant across participants add noise and contribute
little to cluster separation. The remaining code navigation and
coding strategy features were standardized separately. Finally, to
avoid overfitting with 39 participants and 67 behavioral features,
we applied Principal Component Analysis (PCA) [18] within each
subset (eye and code) to reduce dimensionality and denoise the
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Table 1: Kruskal–Wallis tests for representative coding-navigation features that differ significantly across the clusters. Means
are shown for each cluster:𝐶0 = Minimal Implementers,𝐶1 = Efficient Functional Implementers,𝐶2 = Elaborative Implementers.

# Feature Description Type 𝐻 𝑝 𝜀2 MeanC0 MeanC1 MeanC2

1 scoring_correct_change_num Scoring changes implemented correctly (count) Code 24.69 < .001 0.63 0.35 2.38 2.00
2 score_accuracy Scoring functionality implemented correctly (0/1) Code 22.66 < .001 0.57 0.22 1.00 1.00
3 va_total_change_num Total visual/audio (VA) changes (count) Code 21.34 < .001 0.54 0.48 3.00 2.50
4 clock_total_change_num Total timer changes (count) Code 16.57 < .001 0.40 0.13 1.25 0.25
5 sound_total_change_num Total sound changes (count) Code 12.44 < .05 0.29 0.00 1.13 0.75
6 LOC_ball Lines of code in ball.py Code 12.25 < .05 0.28 39.00 39.00 40.13
7 animation_total_change_num Total animation changes (count) Code 9.32 < .05 0.20 0.04 0.13 0.50
8 total_fixation_time_s Total fixation time on task (s) Eye 8.43 < .05 0.18 233.27 99.93 451.18

Figure 1: Distributions of correctly implemented scoring
strategy changes and total fixation time across the three clus-
ters. 𝐶0 = Minimal Implementers, 𝐶1 = Efficient Functional
Implementers, 𝐶2 = Elaborative Implementers.

feature space. We then concatenated the resulting eye and code
behavior components to form the joint feature used for clustering.

4.2 Hierarchical Clustering
To identify behavioral patterns, we applied hierarchical clustering
withWard’s linkage on standardized features.We varied the number
of principal components for navigation and strategy features, as
well as the number of clusters (𝑘 ∈ {2, 3, 4, 5}). The best silhouette
score ( 0.48) was obtained with one eye and two code components
at 𝑘 = 4, closely followed by 𝑘 = 3 ( 0.46).

Because the four-cluster solution included two small and highly
similar groups, leading to unstable and underpowered comparisons,
we merged them and retained a more interpretable three-cluster
solution. We label the final clusters as 𝐶0 (Minimal Implementers),
𝐶1 (Efficient Functional Implementers), and 𝐶2 (Elaborative Imple-
menters).

4.3 RQ1: Emergent strategy profiles
Coding strategy features:We compared the three clusters on a
set of coding-strategy features. These metrics capture (i) how par-
ticipants modified the scoring logic, (ii) visual and auditory changes
related to the game (e.g., adding a timer or sound effects), and (iii)
code-level properties such as code-level metrics like file changes,
lines changed, and correctness of scoring and game elements. We

applied the Kruskal–Wallis test for our small, unequal, non-normal
clusters and reported effect sizes using 𝜀2.

As shown in Table 1, scoring behavior shows the strongest
separation across clusters. Correct scoring edits differ markedly
(𝐻 = 24.69, 𝑝 < .001, 𝜀2 = 0.63): “Minimal Implementers”(𝐶0) make
almost none (𝑀 ≈ 0.35), while “Efficient Functional”(𝐶1) and “Elab-
orative Implementers”(𝐶2) make about two (𝑀 ≈ 2.38, 𝑀 ≈ 2.00).
Final scoring accuracy follows the same pattern: 𝐶0 rarely achieve
a correct score (𝑀 ≈ 0.22), whereas 𝐶1 and 𝐶2 almost always do
(𝑀 = 1.00). Figure 1 illustrates two representative metrics.

In our initial set of features, we included visual or auditory(VA)
changes that are modifications that alter what the player sees or
hears. Examples include updating the timer, adding sound effects,
changing colors, or adding animations.

Results show that “Minimal Implementers” make very few VA
changes overall (𝑀 ≈ 0.48), “Efficient Functional Implementers”
make the most (𝑀 ≈ 3.00), and “Elaborative Implementers” fall
in between, but still far above 𝐶0 (𝑀 ≈ 2.50). These results indicate
that “Minimal Implementers” tend to stop at a partial or baseline
implementation, while the other two actively refine and extend the
scoring behavior. More fine-grained VA features align with this
pattern. Clock measures (e.g., total changes, accuracy, timer use),
sound cues (e.g., presence and correctness), and visual embellish-
ments (e.g., color changes and animations) all differ significantly
across clusters with medium-to-large effect sizes.

Overall, the coding strategy features reveal three clear profiles.
“Minimal Implementers”(𝐶0) produce only a partial game, with lim-
ited scoring and VA work and almost no timer, sound, or visual
additions. “Efficient Functional Implementers”(𝐶1) focus on core
mechanics, making many correct scoring and VA edits (e.g., a work-
ing clock and key sounds) but little cosmetic polish. “Elaborative
Implementers”(𝐶2) also achieve correct scoring while adding extra
visual and structural enhancements beyond basic functionality.
Coding navigation features:We focused on eye-tracking metrics
that summarize how participants visually engaged with the task.
Only (total_fixation_time_s) shows a reliable cluster difference
(𝐻 ≈ 8.43, 𝑝 ≈ .015, 𝜀2 ≈ 0.18; see the right panel of Figure 1). “Ef-
ficient Functional Implementers” spend the least time fixating on
the screen (𝑀 ≈ 100 s), “Minimal Implementers” are in the middle
(𝑀 ≈ 233 s), and “Elaborative Implementers” spend by far the most
time (𝑀 ≈ 451 s). Other time-based and eye metrics do not differ sig-
nificantly between clusters. Along with the coding strategy results,
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Figure 2: Distributions of creativity test scores by cluster. Each panel shows DAT, RAT, or TTCT score values for clusters C0–C2,
with violin plots indicating the distribution of scores and overlaid points showing individual participants.

we found that the three profiles are defined primarily by what par-
ticipants choose to implement and revise in the code, rather than by
fine-grained differences in their moment-to-moment viewing pat-
terns. The one robust navigation signal (total_fixation_time_s)
aligns with the coding strategies: “Efficient Functional Implementers”
appear to work in a relatively focused and economical way, while
“Elaborative Implementers” invest substantially more visual time,
consistent with their broader and more decorative editing behavior.

4.4 RQ2: Creativity Differences
To address RQ2, we examined how the three programming strat-
egy profiles relate to psychometric creativity scores (DAT, RAT,
TTCT) as summarized in Figure 2. For DAT, the Kruskal–Wallis test
showed a significant cluster effect (𝐻 = 6.60, 𝑝 ≈ .036, 𝜀2 ≈ 0.13).
“Efficient Functional Implementers”(𝐶1) achieved the highest scores
(𝑀 ≈ 81.52, 𝑆𝐷 ≈ 2.56, 𝑛 = 8), whereas “Minimal”(𝐶0) and “Elabo-
rative Implementers”(𝐶2) showed similar, lower scores (𝑀 ≈ 76.98,
𝑆𝐷 ≈ 6.24, 𝑛 = 23; 𝑀 ≈ 76.86, 𝑆𝐷 ≈ 2.42, 𝑛 = 8). Dunn post-hoc
tests suggested that 𝐶1 differs from both 𝐶0 and 𝐶2 (uncorrected
𝑝 ≈ .028 and 𝑝 ≈ .017), while 𝐶0 and 𝐶2 do not differ (𝑝 ≈ .48).
The standardized difference between 𝐶1 and 𝐶0 is large (Cohen’s
𝑑 ≈ 0.81), indicating that the cluster with accurate, focused imple-
mentation also has higher scores. By contrast, the RAT did not ex-
hibit meaningful cluster differences, as we have very similar means
across clusters. For TTCT scores, we observed only a trend-level ef-
fect. (𝐾𝑟𝑢𝑠𝑘𝑎𝑙−𝑊𝑎𝑙𝑙𝑖𝑠 : 𝑝 ≈ .088). “Minimal Implementers” showed
lower TTCT scores (𝑀 ≈ −0.12), “Efficient Functional Implementers”
were near the mean (𝑀 ≈ 0.01), and “Elaborative Implementers”
scored higher (𝑀 ≈ 0.43).

5 Threats to Validity
Several factors may affect the validity of our findings. To reduce
hypothesis guessing, we withheld the specific research goals and
asked participants not to discuss the study, while clearly explaining
the procedure, tasks, and use of the eye tracker. To limit Hawthorne
effects, we emphasized that only eye movements (not video) were
recorded, and that the experimenter maintained a distance. We also
administered a post-task coding–skill self-assessment to mitigate
stereotype threat [33, 35]. We used a video-based eye tracker cali-
brated individually to ensure accurate capture with natural head
movement. We also relied on standard statistical methods, estab-
lished eye-tracking metrics, and validated creativity tests. Because

creativity and cognitive processes are multifaceted, we triangu-
lated across creativity scores, gaze patterns, and IDE interactions,
focusing on convergent evidence rather than single indicators.

Our sample consisted of experienced student developers, appro-
priate for near-term professionals but less generalizable to experts.
The controlled lab setup improves internal validity but limits ecolog-
ical realism; replications across languages, tools, and professional
populations are needed. Finally, although typical for eye-tracking
studies, the sample size constrains the granularity and generaliz-
ability of the analyses.

6 Conclusion and Future Work
Our study positions creativity as more than an abstract trait mea-
sured on a separate test: it manifests in how individuals navigate
through code, determine what changes to make, and decide when
to stop. By combining psychometric creativity scores with fine-
grained gaze data and editing traces, we find that higher divergent-
association creativity aligns with a distinct programming style. Par-
ticipants with stronger DAT scores tend to adopt a lean, targeted
implementation style: they focus on getting the critical mechanics
correct, make a small number of well-directed edits, and spend
relatively less time visually dwelling on the code than peers who
either stop early or invest heavily in embellishments. Thus, cre-
ative behavior does not simply mean touching more files or adding
more features; it looks like selectively investing effort where it most
directly advances a working solution.

Future work should broaden this creativity-centered view of
programming by expanding both the populations and tasks studied.
Larger and more diverse samples, richer activities (e.g., debugging,
refactoring, AI-assisted development), and multi-session designs
would help test the stability of creativity-linked behaviors across
contexts and time. Beyond behavioral and psychometric data, future
studies could combine creativity scores with neural measures (e.g.,
fMRI, fNIRS) to link divergent thinking to concrete patterns of
attention and implementation. Ultimately, this line of research can
inform tools and educational practices that recognize and support
different creative styles in programming rather than assuming a
single “best” way to code.
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