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Abstract AI-based code assistants are transforming software development,
yet we lack empirical evidence on how they affect developers’ cognitive pro-
cesses. We present a multisite study investigating the neurophysiological corre-
lates of AI-assisted programming through a within-subjects crossover design.
We recruited participants at two universities (Bari, Italy, and Copenhagen,
Denmark) and collected electroencephalography, eye-tracking, electrodermal
activity, and heart rate variability data alongside a rubric-based performance
score and self-reported workload across six dimensions using the NASA Task
Load Index (NASA-TLX). We tested four hypotheses addressing physiological
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differences between AI-assisted and non-assisted conditions, the moderating
role of developer experience, the association between physiology and perfor-
mance, and the alignment between subjective perceptions and objective mea-
sures. Under AI assistance, the EEG θ/α ratio was lower during the first task
and the gaze blink rate was higher during the second, both consistent with
reduced cognitive engagement when developers offload generative effort to the
model. This pattern did not differ between undergraduate and graduate stu-
dents. Electrodermal activity correlated with performance under the non-AI
condition but not under AI. Among the six NASA-TLX dimensions of self-
reported workload, only Physical demand was associated with performance
under the non-AI condition but not under AI. These findings suggest that
AI-assisted programming is not a faster version of solo coding but a cogni-
tively distinct activity, with implications for the design of AI assistants and
for biometric monitoring in AI-augmented development.

Keywords AI-assisted programming · LLM · Biometrics · Developer
cognition · Cognitive debt · Software engineering

Clinical trial number: not applicable.

1 Introduction

Large Language Models (LLMs) and AI-based code assistants such as Chat-
GPT and Copilot are rapidly transforming code development, promising in-
creased productivity (Bird et al, 2023; Peng et al, 2023). Despite widespread
adoption, there is a significant gap in our understanding of how these tools
affect cognitive processes during programming tasks. Although subjective re-
ports and productivity metrics provide some insights Vaithilingam et al (2022);
Prather et al (2024); Liang et al (2024) they fail to capture the underlying
neurophysiological changes in the transition from traditional programming to
AI-assisted development.

The cognitive processes involved in programming encompass two distinct
mental activities: analytical thinking, where developers break down and un-
derstand problems, and synthetic thinking, where they create and implement
solutions. Developers continuously shift between these two modes while pro-
gramming (Pennington, 1987; Détienne, 2001). With AI assistance, this es-
tablished workflow is fundamentally altered as developers now engage in a
third phase in which they evaluate, validate, and refine AI-generated code.
This shift potentially reorganizes cognitive load and changes how developers
approach coding problems. However, we still lack empirical evidence on how
these changes affect physiology and performance.

Understanding these cognitive shifts is crucial not only for theoretical ad-
vancements in software engineering but also for practical applications in tool
design and developer training. By combining biometric measurements—i.e.,
electroencephalography (EEG), eye tracking, electrodermal activity (EDA),
and heart rate variability (HRV)—with a rubric-based performance score and



Using Biometrics to Understand AI-Assisted Coding 3

subjective perceptions, we can better understand AI-assisted programming’s
impact on developer cognition.

To systematically investigate these cognitive shifts, we formulate our re-
search questions as follows. First, although initial subjective reports suggest
that AI assistance affects developers, we lack objective evidence of underlying
cognitive changes. Physiological measures offer unbiased insight into cognitive
processes that would otherwise be invisible. Establishing whether physiological
differences exist is fundamental to enabling triangulation with self-report on
cognitive load, thus informing evidence-based approaches to designing develop-
ment environments capable of enhancing human-AI collaboration. Therefore,
we ask:

RQ1: To what extent do physiological measures differ between developers
programming with and without AI assistance?

In addition, we aim to study how developer experience moderates AI’s cog-
nitive impact, as experienced and novice developers possess different mental
models and problem-solving strategies. These insights from this analysis would
inform the development of experience-adaptive AI systems and personalized
training protocols that account for individual differences in AI tool effective-
ness. Therefore, we ask:

RQ2: How does developer experience moderate the relationship between AI
assistance and physiological measures?

Understanding whether cognitive changes translate into practical outcomes
is essential to validate the significance of physiological differences. Hence, we
ask:

RQ3: How do physiological measures correlate with performance metrics
in both conditions?

Finally, when using a tool, developers’ perceptions may not accurately re-
flect their actual cognitive states or performance, potentially leading to subop-
timal AI tool usage. This knowledge is crucial for designing AI transparency
mechanisms and metacognitive training systems that help developers accu-
rately assess tool benefits and optimize their interaction strategies. Therefore,
our last research question is:

RQ4: To what extent does the alignment between subjective perceptions and
objective measures differ between AI-assisted and non-AI-assisted conditions?

We conduct a multisite study at the University of Bari, Italy (Uniba) and
the IT University of Copenhagen, Denmark (ITU). The multisite design im-
proves external validity through diverse student populations, programming
cultures, and instrumentation. Beyond increasing our sample size, this ap-
proach enabled us to recruit participants with linguistic, cultural, and edu-
cational contexts, thus improving result generalizability. The study was pre-
registered as a Stage 1 Registered Report and received In-Principle Acceptance
at ESEM 2025 (Koch et al, 2025); the experimental design, hypotheses, and
confirmatory analyses reported here follow that registered protocol, with de-
viations introduced during execution documented in Appendix A.

Our findings show that the EEG θ/α ratio is lower under AI assistance
during the first task and the gaze blink rate is higher under AI during the
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second, both consistent with reduced cognitive engagement when developers
offload generative effort to the model. This pattern does not differ between
undergraduate and graduate students. Electrodermal activity correlates with
performance under the non-AI condition but not under AI, and among the
six dimensions of the NASA Task Load Index (NASA-TLX), only Physical
demand shows the same asymmetric pattern.

This work makes three contributions to the empirical study of human–
AI collaboration in SE. First, to our knowledge, this is the first study to
combine EEG, eye tracking, electrodermal activity, and heart rate variability
with a rubric-based performance score and self-reported workload to compare
AI-assisted and non-AI-assisted development. Second, we find that the EEG
θ/α ratio and gaze blink rate differentiate the two programming conditions,
unlike electrodermal activity and heart rate variability; this finding provides
empirical guidance on which signals to instrument in AI-assisted development.
Third, by showing that subjective workload aligns with performance differently
across the AI/non-AI conditions only for the Physical demand dimension of
the NASA-TLX, it refines the broader perception–reality gap reported in prior
work on AI-assisted coding.

The remainder of the paper is structured as follows. Section 2 reviews the
theoretical background and related work on cognitive processes in program-
ming, biometric measurement in software engineering, and human–AI collabo-
ration. Section 3 states the four pre-registered hypotheses. Section 4 describes
the study design, participants, instrumentation, and protocol. Section 5 de-
tails the analysis plan, including preprocessing, variables, and the test of each
hypothesis. Section 6 reports the results, organized by research question. Sec-
tion 7 discusses the findings and their theoretical and practical implications.
Section 8 addresses limitations and threats to validity. We draw conclusions
in Section 9.

2 Background and Related Work

2.1 Cognitive and Neural Mechanisms in Programming

Cognitive load theory suggests that the limited capacity of working mem-
ory creates constraints on learning and problem-solving (Sweller et al, 1994).
Dual-process theory further distinguishes between fast, automatic (Type 1)
and slow, deliberative (Type 2) cognitive processes (Kahneman, 2011); in
programming, developers rely on Type 1 processes for familiar patterns and
syntax, and on Type 2 processes for novel problem-solving and code anal-
ysis. In the context of programming, these constraints manifest as develop-
ers face complex challenges while simultaneously maintaining mental models
of code structure, program behavior, and problem requirements (Heinonen
et al, 2023). The cognitive processes involved in programming articulate into
two distinct phases (Pennington, 1987; Détienne, 2001), with developers mov-
ing from analytical thinking required for problem understanding, to synthetic
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thinking, where they construct and implement solutions. The introduction of
AI-assisted development introduces a third cognitive task—the evaluation and
refinement of AI-generated code—thus potentially reorganizing cognitive load
by shifting the focus from generating solutions to critically assessing and in-
tegrating machine-generated ones (Prather et al, 2024). Distributed cognition
theory (Hutchins, 1995) provides a complementary lens, framing cognitive pro-
cesses as extending beyond the individual mind to encompass interactions with
tools and environments; in AI-assisted programming, cognition is distributed
between the developer and the AI system, which may fundamentally alter the
physiological signatures of programming activity.

With the increasingly widespread availability of neuroimaging hardware,
researchers started investigating the neural mechanisms underlying computer
programming, providing unprecedented insights into how developers process
and understand code. Siegmund et al (2014, 2017) conducted pioneering work
applying functional magnetic resonance imaging (fMRI) to study program-
ming, identifying a network of brain regions involved in bottom-up program
comprehension. Their study revealed activation in left-lateralized brain re-
gions associated with working memory, attention, and language processing.
Liu et al (2020) found code comprehension recruits a left-lateralized fronto-
parietal network overlapping with formal logic and mathematical reasoning
regions. Krueger et al (2020) showed that code writing engages bilateral re-
gions associated with attention, working memory, and planning. In contrast,
prose writing primarily activates the regions of the language of the left hemi-
sphere. Research on code complexity’s impact on cognitive load demonstrated
that size-based and vocabulary metrics correlate with anticipatory cognitive
load, while data-flow metrics correlate with program comprehension network
activation. Traditional metrics like McCabe’s cyclomatic complexity showed no
significant correlation with neural patterns (Peitek et al, 2021). Beyond fMRI,
functional Near-Infrared Spectroscopy (fNIRS) studies revealed increased pre-
frontal cortex activation corresponding to task complexity and during variable
memorization (Nakagawa et al, 2014; Ikutani and Uwano, 2014). These find-
ings collectively indicate that program comprehension engages neural circuits
distinct from language processing and mathematical reasoning, with different
programming activities utilizing specialized cognitive processes that vary with
expertise (Floyd et al, 2017).

2.2 Biometric Measurement in Software Engineering

The use of biometrics to understand cognitive processes in software engineer-
ing represents a growing research area. Fritz et al (2014) pioneered the use of
biometrics in software engineering by using eye-tracking, electroencephalogra-
phy (EEG), and electrodermal activity (EDA) to predict task difficulty dur-
ing programming. Their work demonstrated that these physiological measures
can help distinguish between easy and difficult programming tasks. Building
on this foundation, Müller and Fritz (2015) and Girardi et al (2020) collected
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EEG, EDA, and heart rate measurements to detect developers’ emotions and
progress during programming tasks. They found that biometric features can
be used to train a classifier to identify developers’ positive or negative emo-
tions. Fucci et al (2019) propose a machine learning model to automatically
identify the type of tasks developers are working on, leveraging EEG, EDA,
and heart-related signals collected with lightweight biometric sensors. Laudato
et al (2023) introduced a developer-based bug prediction model using behav-
ioral (keystrokes, mouse movements), biometric (heart rate, EDA, attention),
and control factors (experience, task time). Biometrics were also used in com-
bination with computer-related metrics to predict developers’ interruptibility
in a field study (Züger and Fritz, 2015). Anders et al (2024) demonstrated
the feasibility of unobtrusively measuring cognitive load and physiological sig-
nals in uncontrolled environments. Brandebusemeyer et al (2025) collected
EDA, BVP, skin temperature, and wrist acceleration from professional soft-
ware developers during a normal working day with the Empatica E4 wristband.
They found that subjective cognitive load ratings positively correlated with
EDA and skin temperature, with skin temperature emerging as the physiolog-
ical measure most indicative of cognitive load. Overall, these findings suggest
that lightweight, non-invasive biometric sensors can be a viable alternative
to neuroimaging techniques when ecological validity and naturalness of the
experimental environment have to be prioritized over accuracy, thus allowing
researchers to study cognitive processes as they unfold during real program-
ming sessions, including in professional settings or laboratory studies involving
extended development tasks.

2.3 Human-AI Collaboration in Programming

2.3.1 Programming with AI Assistants

LLMs have significantly impacted software development, particularly pair pro-
gramming. Ma et al (2023) found mixed results comparing human-AI and
human-human pair programming, reporting that human pairs excel at knowl-
edge sharing while AI partners offer advantages in code generation. Along
the same line, Takai et al (2023) demonstrated how AI pair programming en-
hances code readability and development speed, while human-human strength-
ens knowledge sharing. Friedmann (2024) observed experienced programmers
use AI for acceleration of familiar tasks, while novices use it more explo-
ratively for design discussions. In education, Chen and Liang (2024) explored
ChatGPT’s potential as a replacement for traditional pair programming in
introductory computer science courses and found that ChatGPT offers rapid
responses and error-free code generation, though understanding AI-generated
code remains challenging. Stray et al (2025) examined how tools like ChatGPT
influence development efficiency. Ganeshan and Kobbenes (2024) discovered
that developers use AI to speed up coding in solo sessions but may view
them as workflow interruptions during pair programming. Friedmann (2024)
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emphasized balanced integration strategies promoting critical thinking, while
Ganeshan and Kobbenes (2024) highlighted the importance of considering the
impact of AI usage on knowledge sharing and team dynamics. Welter et al
(2025) extended these comparisons to knowledge transfer, finding that devel-
opers accept AI suggestions with less scrutiny than those from human partners,
suggesting qualitative differences in cognitive engagement across collaboration
modes.

Recent work has also examined how developers actually interact with AI
code assistants at a finer granularity. Barke et al (2023) identified two distinct
interaction modes in a grounded theory study of 20 programmers using Copi-
lot: an acceleration mode, in which the developer knows what to write and uses
the tool for speed, and an exploration mode, in which the developer is uncertain
and uses suggestions as a starting point. The distinction implies that cogni-
tive demands vary substantially depending on the developer’s current goal.
Mozannar et al (2024) quantified this further by developing a taxonomy of
12 programmer activities, revealing that developers spend 22.4% of their time
verifying suggestions and up to 34.3% of total session time on double-checking
and editing AI-generated code. These verification activities are largely invisi-
ble to traditional acceptance-rate metrics. Vaithilingam et al (2022) provided
early evidence of an expectation-experience gap: in a within-subjects study,
Copilot did not improve task completion time or success rate, yet 79% of par-
ticipants preferred it, perceiving it as a useful starting point. Tang et al (2024)
combined eye tracking with IDE interaction logging and NASA-TLX assess-
ments to study how developers validate LLM-generated code, finding that
awareness of code provenance led to improved performance but also higher
cognitive workload.

2.3.2 Productivity Perception, Cognitive Debt, and Skill Erosion

A growing body of evidence suggests that the perceived productivity benefits
of AI assistance may not align with objective outcomes. In a randomized con-
trolled trial, Becker et al (2025) found that allowing experienced open-source
developers to use frontier AI tools actually increased task completion time
by 19%, contradicting both developers’ pre-study forecasts of a 24% speedup
and their post-hoc estimates of a 20% speedup. This perception-reality gap
persisted even after task completion, indicating that subjective impressions of
AI-assisted productivity are systematically miscalibrated.

Several theoretical frameworks help explain why this gap arises. Tankele-
vitch et al (2024) argued that generative AI imposes substantial metacogni-
tive demands on users, who must formulate prompts, evaluate outputs, and
continuously calibrate their reliance on the tool. Lee et al (2025) provided
empirical evidence that higher confidence in GenAI is associated with reduced
critical thinking effort, while higher task-specific self-confidence is associated
with more critical thinking. These findings suggest that the subjective ease of
AI-assisted work may partly reflect reduced cognitive engagement rather than
genuine efficiency gains.



8 Burelli et al.

The cognitive science literature offers further grounding. Grinschgl et al
(2021) demonstrated experimentally that cognitive offloading improves imme-
diate task performance but diminishes subsequent memory for the offloaded in-
formation, establishing a fundamental trade-off between short-term efficiency
and long-term retention. In the context of AI-assisted development, this trade-
off has been conceptualized as cognitive debt—the accumulated comprehension
deficit that arises when code is produced faster than developers can under-
stand what the program does, how their intentions were implemented, and
how the software can be changed (Storey, 2026). Empirical evidence supports
these concerns: Shen and Tamkin (2026) conducted a randomized experiment
showing that AI assistance during unfamiliar coding tasks reduced subsequent
skill assessment scores by 17%, with full delegation to AI producing the largest
learning deficits. Sankaranarayanan (2026) reported that unrestricted AI users
matched the productivity of scaffolded users during initial construction but
suffered a 77% failure rate in subsequent maintenance tasks without AI, com-
pared to 39% for the scaffolded group. Starr and Storey (2025) developed
a theory of troubleshooting grounded in developer interviews, finding that
AI tools initially reduce friction but then increase difficulty when developers
must debug code they did not write, contributing to cognitive fatigue. Kos-
myna et al (2025) provided neurophysiological evidence using EEG, showing
that LLM assistance systematically reduces neural connectivity compared to
unassisted work, with accumulated effects over repeated sessions.

2.3.3 Physiological Measurement in AI-Assisted Development

Despite the growing behavioral and self-report evidence on the cognitive costs
of AI-assisted development, physiological measurement in this context remains
nascent. Haque et al (2025) proposed a study protocol combining EEG, eye
tracking, and NASA-TLX to study developer cognition with and without AI
assistance, but no completed study yet combines multimodal biometrics (EEG,
EDA, HRV, eye tracking) in AI-assisted programming contexts. Elfares et al
(2025) demonstrated that real-time gaze data reflects developers’ cognitive
load and attention during code comprehension, further supporting the use of
physiological signals in this domain. Our study addresses this gap by combin-
ing multiple biometric signals with performance metrics and subjective assess-
ments to provide an integrated view of how AI assistance affects developer
cognition.

3 Hypotheses

According to the aforementioned theoretical background and related work,
we formulate our hypotheses as follows. To address RQ1 (extent to which
developers’ physiological measures differ when programming with and without
AI ), we expect AI assistance to cause a shift in developers’ cognitive load
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from solution generation to evaluation and verification, potentially changing
physiological patterns as mental demands transition from creating code to
assessing AI suggestions. Therefore, we hypothesize:

H1: Developers will exhibit distinct physiological patterns when program-
ming with vs. without AI assistance.

To address RQ2 (moderating role of developer experience), we note that
experience likely plays a key role in how developers interact with and benefit
from AI assistance. Drawing on the observation by Friedmann (2024) that ex-
perienced programmers use AI tools differently than novices, we speculate that
cognitive adaptations to AI assistance may vary based on experience. Experi-
enced developers have automated many programming processes and developed
efficient mental models, potentially reducing the cognitive impact of AI assis-
tance. In our setting, we operationalize developer experience as academic se-
niority (undergraduate vs. graduate students), adopted as an accessible proxy
within a student sample; we acknowledge that this contrast does not span the
full junior–senior range studied by Friedmann (2024) and revisit this caveat
in the Limitations. Therefore, we hypothesize:

H2: Developer experience will moderate the relationship between AI assis-
tance and physiological measures.

To address RQ3 (physiological measures correlation with performance met-
rics across conditions), we note that the relationship between physiological
states and performance outcomes is well-established in cognitive psychology
but unexplored in AI-assisted programming. Building on previous findings that
biometric measurements can predict task difficulty (Fritz et al, 2014) and out-
come (Laudato et al, 2023), we expect physiological measures associated with
efficient cognitive processing to correlate with improved performance outcomes
regardless of whether AI assistance is used. Therefore, we hypothesize:

H3: Physiological measures will correlate with performance metrics in both
conditions.

Finally, to address RQ4 (alignment between subjective perceptions and ob-
jective measures across conditions), we consider that the novel human-AI in-
teraction paradigm may disrupt developers’ metacognitive awareness—their
ability to assess their performance accurately (Prather et al, 2024). In tradi-
tional programming, developers have developed calibrated mental models of
their capabilities through years of experience. However, the introduction of AI
assistance represents a significant shift in the development process that may
challenge these established metacognitive frameworks. Therefore, we hypoth-
esize:

H4: The alignment between subjective perceptions and objective measures
(both physiological and performance-based) will differ between AI-assisted and
non-AI-assisted conditions.
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4 Methodology

4.1 Study Design

We employed a within-subjects, 2x2 factorial crossover design where each par-
ticipant completed two programming tasks: one with AI assistance and one
without. This design counterbalances both treatment order (AI-assisted vs.
non-AI-assisted) and task order (Task A vs. Task B), creating four experi-
mental sequences to ensure that each treatment appears equally often in each
temporal position and in combination with each task. Participants were ran-
domly assigned to one of these four sequences to control for learning effects,
fatigue effects, and task-specific effects. This approach allowed us to directly
compare the same individual’s physiological responses, performance, and per-
ceptions across both conditions while controlling for individual differences in
programming ability and physiological baselines, as well as potential interac-
tions between AI assistance effectiveness and specific task characteristics.

4.2 Participants and Sampling Strategy

We recruited 60 computer science students, with 34 from Uniba and 26 from
ITU, exceeding the minimum target of at least 40 participants (20+ per site)
set in the protocol registration (Koch et al, 2025). Their demographic, AI
familiarity, and self-reported characteristics are summarized in Table 1. Par-
ticipants were predominantly male (80.0%), with a mean age of 24.4± 3.0 years
(range 20–35); on average, participants at ITU were slightly older than those at
Uniba (25.8± 3.2 vs. 23.3± 2.2 years). Their educational background spanned
undergraduate (BSc, 46.7%), graduate (MSc, 35.0%), and doctoral (PhD,
18.3%) levels, with a higher concentration of MSc students at ITU (50.0%) and
of PhD students at Uniba (26.5%). Participants’ native languages reflected the
recruitment sites: all Uniba participants were native Italian speakers (100.0%),
whereas at ITU the majority were native Danish speakers (80.8%), with the
remaining 19.2% covering other backgrounds. Across the combined sample,
this corresponded to 56.7% Italian, 35.0% Danish, and 8.3% other.

For inclusion, candidates had to be enrolled in a computer science or related
program at either site, possess at least one year of programming experience,
and demonstrate familiarity with Java programming languages. Additionally,
they had to have prior experience with AI coding assistants (ChatGPT) and
integrated development environments (VS Code). Additionally, as part of our
screening process, we used a technology familiarity scale to comprehensively
assess participants’ experience with AI coding assistants. This included mea-
suring the frequency of use, types of tasks performed with AI assistance, self-
reported proficiency levels, and specific exposure to the ChatGPT platform
used in our study. At each site, participants were stratified by developer expe-
rience, operationalized as academic seniority and contrasting undergraduate
(BSc) with graduate (MSc and PhD) students. This stratification ensured
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Table 1: Participant demographics and self-reported questionnaire responses.
Continuous variables are reported as mean± SD; categorical variables as n (%).

Characteristic Uniba (n = 34) ITU (n = 26) Combined (N = 60)

Age, mean ± SD 23.3 ± 2.2 25.8 ± 3.2 24.4 ± 3.0
Range [20–27] [21–35] [20–35]

Gender
Female 4 (11.8%) 5 (19.2%) 9 (15.0%)
Male 29 (85.3%) 19 (73.1%) 48 (80.0%)
Other / Non-binary 1 (2.9%) 2 (7.7%) 3 (5.0%)

Education
Bachelor’s degree (BSc) 17 (50.0%) 11 (42.3%) 28 (46.7%)
Master’s degree (MSc) 8 (23.5%) 13 (50.0%) 21 (35.0%)
PhD 9 (26.5%) 2 (7.7%) 11 (18.3%)
Aggregated (Academic seniority)

Undergraduate (BSc) 17 (50.0%) 11 (42.3%) 28 (46.7%)
Graduate (MSc + PhD) 17 (50.0%) 15 (57.7%) 32 (53.3%)

Native language
Danish — 21 (80.8%) 21 (35.0%)
Italian 34 (100.0%) — 34 (56.7%)
Othera — 5 (19.2%) 5 (8.3%)

AI usage frequency
Never 0 (0.0%) 0 (0.0%) 0 (0.0%)
Rarely 1 (2.9%) 2 (7.7%) 3 (5.0%)
Weekly 6 (17.6%) 2 (7.7%) 8 (13.3%)
Daily 27 (79.4%) 22 (84.6%) 49 (81.7%)

AI literacy
No idea how to interact with AI tools 0 (0.0%) 0 (0.0%) 0 (0.0%)
Knows, but rarely has useful results 4 (11.8%) 2 (7.7%) 6 (10.0%)
Knows and has useful results 18 (52.9%) 16 (61.5%) 34 (56.7%)
Can build prompts and obtain desired results 12 (35.3%) 8 (30.8%) 20 (33.3%)

Prior experience w/ AI coding tools
In the last month 0 (0.0%) 0 (0.0%) 0 (0.0%)
In the last 6 months 1 (2.9%) 2 (7.7%) 3 (5.0%)
In the last year 6 (17.6%) 2 (7.7%) 8 (13.3%)
Before this year 27 (79.4%) 22 (84.6%) 49 (81.7%)

a Greek (n = 1), Nepali (n = 1), Romanian (n = 2), Spanish (n = 1).
SD=Standard Deviation.

representation of both groups and enabled the test of hypothesis H2 on how
developer experience moderates the effects of AI assistance on cognitive pro-
cesses and performance. We acknowledge that the two institutions may have
different academic curricula and student backgrounds, which we documented
and considered during the analysis. This diversity in educational contexts en-
hances the generalizability of our findings rather than limiting them.

Recruitment was conducted through university mailing lists, department
bulletin boards, and direct outreach to CS courses at both institutions. Po-
tential participants were required to complete a screening questionnaire to
determine their eligibility based on the inclusion and exclusion criteria. Re-
cruitment materials and screening questionnaires were provided in the lan-
guage of instruction at each site (see Language Considerations). No monetary
compensation, gifts, or grade bonuses were provided to selected participants,
who received their individual biometric data plots and access to study results
upon request.

To characterize participants’ prior exposure to AI coding tools, the screen-
ing questionnaire included a technology familiarity scale focused on: (1) fre-
quency of use (never/rarely/weekly/daily), (2) AI literacy, ranging from no
prior interaction to the ability to craft prompts that obtain the desired re-
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Fig. 1: Experimental protocol phases.

sults, and (3) recency of first use (within the last month, the last six months,
the last year, or before this year). The resulting distributions are reported
in Table 1. The registered protocol committed to using a composite of these
items as a covariate in the models, but ceiling effects in the sample prevented
this (see Appendix A).

Finally, to enable a brief environment familiarization, upon arrival, partic-
ipants received a 5-minute orientation on the specific VS Code configuration
used in our study. This allowed them to verify their comfort with the environ-
ment setup and confirm their basic familiarity with ChatGPT functionality.

4.3 Experimental Protocol

At each site, the experiment was conducted in a controlled laboratory envi-
ronment to minimize external distractions and ensure consistent measurement
conditions. The overall timeline required about 90 minutes to complete (see
Figure 1).

Preparation Phase. Upon arrival, participants received a briefing about
the purpose of the study without revealing specific hypotheses and provided
informed consent. This initial step took approximately 5 minutes. Then, par-
ticipants completed a background questionnaire covering demographics, pro-
gramming experience, prior experience with AI programming tools, and self-
assessed proficiency (5 min.). Then, participants received a 5-minute intro-
duction to the split-screen environment, where they were guided through the
interactions with VS Code to ensure comfort with the configuration before
the experimental phase. Finally, biometric equipment was set up, with vari-
ations by site (see Sect. 4.4). A brief calibration phase ensured the proper
functioning of all sensors, with standardized calibration protocols across both
sites (5 min.). Prior to accessing the task description and beginning the task
execution phase, participants were asked to remain still for 30 seconds while
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baseline physiological measurements were collected. During this period, the
screen displayed a white page instructing participants to wait.

Experimental Phase. The experimental phase began with a presentation of
the first programming task. Participants then had 20 minutes to complete the
task, either with or without AI assistance, based on their assigned condition
order. Throughout the task, physiological measurements were continuously
recorded, along with screen activity, keystrokes, and mouse events to capture
development behavior. Upon completion or after 20 min., participants filled
out the NASA-TLX post-task questionnaire (5 min.) for self-assessment of
workload. Before starting the second task, we recalibrated the sensors (2 min.).
Participants then proceeded to the second 20-minute programming task in the
alternate condition, followed by another 5-minute NASA-TLX questionnaire.

Debriefing Phase. After the biometric equipment was removed, participants
took part in a semi-structured interview (5 min.), in which open-ended ques-
tions invited them to compare their experiences across the two conditions,
reflecting on task complexity, their perception of the development environ-
ment, and the use of AI. Finally, they were debriefed on the complete purpose
and hypotheses of the study.

4.4 Instrumentation

Programming Tasks. We developed two programming tasks of equivalent dif-
ficulty, validated through pilot testing. Each task was presented primarily
via UML class and activity diagrams, with minimal textual description to
discourage direct copying into AI prompts. The class diagrams depicted 4–6
classes, including their attributes, methods, and relationships, while the ac-
tivity diagrams illustrated the main workflow and control flow. Both tasks
were designed to be completable within 20 minutes, yet complex enough to
require significant cognitive effort. Task A involved implementing a simplifi-
cation of the connection logic of a mobile device. Given a UML class diagram
showing Device, Connection, Wi-Fi, and MobileData classes with their re-
lationships, participants were required to implement the logic of connecting
to the preferred connection type. The implementation required using the pro-
vided DeviceAPI and ConnectionAPI interfaces, which described the functions
to determine which connections are available. Task B involved implementing
a simplified online shopping application. Given a UML class diagram show-
ing ShopItem, ShoppingCart, PaymentMethod, MemberCard and CreditCard

classes with their relationships, participants had to implement the logic of
adding shop items to the shopping cart, purchasing the items in the shopping
cart if they were all in stock, and the payment method had the necessary funds
available. The implementation required using the provided StockAPI interface,
which describes the functions for determining whether shop items are in stock.

Development Environment. All participants used an identical development
setup at both sites, consisting of a workstation equipped with an external
monitor, keyboard, and mouse. Development activity was recorded using OBS
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(a) AI-assisted condition.

(b) NON-AI-assisted condition.

Fig. 2: Development environment screenshots for AI-assisted vs. non-assisted
conditions.

Studio for screen capture. In the AI-assisted condition, ChatGPT (version
4o-mini) served as the AI assistant. The integrated development environment
(IDE) was the web-based version of Visual Studio Code, configured with Java
extensions and embedded within a custom oTree framework (Chen et al, 2016),
which controls the sequence and timing of the experimental stages. oTree is an
open-source, Python-based web framework that enables researchers to design,
implement, and administer interactive behavioral experiments. In our study,
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(a) Uniba site. (b) ITU site.

Fig. 3: Experimental setup for participants in both Uniba and ITU sites.

oTree served as a browser-based platform for presenting programming tasks to
participants, collecting their responses, and managing the experimental flow
across different conditions (AI-assisted vs. non-assisted), as shown in Figure 2.
The framework provides session management, automated data collection, and
synchronized timing mechanisms, while offering a standardized interface that
ensures consistent task presentation across both research sites.

Participants interacted exclusively with this application. Each stage of the
experiment, from sensor calibration and baseline acquisition phases, to devel-
opment tasks and questionnaire completion, was implemented as a distinct
view within oTree, each governed by either a preset timeout or a manual
continuation mechanism to ensure temporal consistency across sessions. The
core of the experiment is the task view, also presented as a split screen. The
left pane contains the IDE, while the right pane either provides a chat inter-
face for interaction with ChatGPT (for the AI-assisted condition) or displays
a static webpage, such as the Google homepage (for the control condition).
Participants accessed the task description via dedicated buttons.

The oTree application communicated with a local server that managed
the interaction with the ChatGPT API and handles the setup and teardown
of source files in the IDE before and after each task. Additionally, a local
Lab Streaming Layer (LSL) server was used to stream data from the oTree

application, including event markers with timestamps and phase descriptions,
as well as mouse and keyboard input data.

Biometric Equipment. One of the strengths of our multisite approach is the
use of different but comparable biometric equipment at each site (see Figure 3),
allowing us to assess the robustness of our findings across different measure-
ment systems. At Uniba (Figure 3a), we used the Neurosity Crown1, a wire-
less 8-channel EEG headset, and the Empatica EmbracePlus wristband2 for
continuous measurements of electrodermal activity (EDA) and heart rate vari-

1 https://neurosity.co
2 https://www.empatica.com/en-eu/embraceplus

https://neurosity.co
https://www.empatica.com/en-eu/embraceplus
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ability (HRV). At ITU (Figure 3b), EEG measurements were collected using
a g.HIamp amplifier with 64 channels and dry g.SAHARA electrodes3. Unlike
the registered protocol, no wristband device was available at ITU; therefore,
EDA and HRV data were collected only at the Uniba site (see Appendix A).
Both teams used the Gazepoint GP3 HD4 high-precision eye tracker with a
150Hz sampling rate.

4.5 Physiological Signals

The theoretical motivation for our multimodal physiological approach rests
on the hypothesis that AI assistance reorganizes the cognitive architecture of
programming—reducing self-generated solution effort while increasing evalua-
tion and validation load. No single physiological signal is sufficient to capture
this reorganization; evidence consistently points to the need for a multimodal
approach combining brain activity,heart and electrodermal responses, and eye
movements and pupillary response (Puma et al, 2018; Kosmyna et al, 2025;
Fritz et al, 2014; Castaldo et al, 2015).

In what follows, we detail each signal family, the specific metrics derived
from it, and the theoretical justification for expecting differences between the
AI-assisted and non-AI-assisted conditions. Table 2 summarizes the key met-
rics, the cognitive constructs they index, and the expected direction of differ-
ences between the non-AI and AI conditions.

4.5.1 Electroencephalography (EEG)

EEG provides the most direct window into cognitive load and is the most es-
tablished signal in this context. We analyzed Power Spectral Density (PSD)
in the theta (4–8Hz), alpha (8–12Hz), and beta (13–30Hz) bands. We adopt
the canonical topographic division established in the cognitive workload lit-
erature e.g. frontal-midline electrodes for theta and parietal electrodes for
alpha (Borghini et al, 2014; Cavanagh and Frank, 2014).5

Our primary index is the theta/alpha ratio (θ/α), which has been val-
idated as a workload indicator in applied multitasking and human factors
settings (Borghini et al, 2014; Puma et al, 2018). Since theta rises and alpha
falls as cognitive demand increases, a higher ratio reflects greater cognitive
engagement Borghini et al (2014). Frontal theta in particular has been shown
to scale with the number of concurrently processed subtasks in EEG workload
paradigms (Puma et al, 2018). Beta-band PSD is additionally extracted as
a complementary marker of mental arousal: a Microsoft EEG study of office

3 https://www.gtec.at/product/g-hiamp-256-channel-biosignal-amplifier
4 https://www.gazept.com
5 Frontal-midline ROI: F5, F6 (Uniba) and Fp1, Fpz, Fp2, AF7, AF3, AF4, AF8, F5,

F3, F1, Fz, F2, F4, F6, AFz (ITU). Parietal ROI: PO3, PO4, CP3, CP4 (Uniba) and P7,

P5, P3, P1, Pz, P2, P4, P6, P8 (ITU). Beta is averaged across all available electrodes.

https://www.gtec.at/product/g-hiamp-256-channel-biosignal-amplifier
https://www.gazept.com
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Table 2: Summary of physiological signals, metrics, expected direction of dif-
ferences between non-AI-assisted and AI-assisted conditions, and supporting
references. AI assistance is generally expected to produce lower cognitive load
signatures; for EDA metrics and blink rate, the expected direction is uncertain.

Signal Metric Cognitive
Construct

Non-AI AI References

EEG
(PSD)

θ/α ratio Cognitive load higher lower Puma et al (2018);
Cavanagh and Frank
(2014)

Beta power Stress higher lower Microsoft Human
Factors Lab (2021)

HRV
LF/HF
ratio

Arousal, cognitive
effort

higher lower Castaldo et al (2015);
Wood et al (2002)

RMSSD Parasympathetic
activity

lower higher Castaldo et al (2015);
Wood et al (2002)

EDA

Mean EDA
(tonic)

Baseline
sympathetic
arousal

higher lower Fritz et al (2014); Fucci
et al (2019); Boucsein
(2012)

EDA peak
count
(phasic)

Discrete
arousal/stress
responses

uncertain uncertain Westerink et al (2020)

SCR
amplitude
(phasic)

Magnitude of
arousal/stress
responses

uncertain uncertain Westerink et al (2020)

GAZE

Fixation
duration

Effortful visual
comprehension

longer shorter Zagermann et al (2016);
Tang et al (2024);
Elfares et al (2025)

Fixation
count

Breadth of visual
exploration

uncertain uncertain Zagermann et al (2016);
Tang et al (2024)

Blink rate Cognitive load –
blink suppression
during reading

lower higher Lenskiy and Paprocki
(2016); Rosenfield et al
(2015)

workers reported that beta activity rises during stressful, demanding activi-
ties (Microsoft Human Factors Lab, 2021)

Kosmyna et al (2025) applied EEG connectivity analysis in an essay-writing
paradigm and found that participants using an LLM exhibited systematically
lower overall brain connectivity across multiple frequency bands (including
alpha and beta) compared to those using a search engine or no tool (brain-only
condition). The brain-only group exhibited the strongest, most distributed
connectivity networks, suggesting that LLM assistance reduces the level of
active neural engagement, consistent with cognitive offloading reducing the
brain’s need to self-organize information (Grinschgl et al, 2021). Based on these
findings, and considering that frontal-midline theta and parietal alpha already
track cognitive effort (Fritz et al, 2014; Puma et al, 2018), we hypothesize that
the non-AI condition will elicit higher theta PSD and lower alpha PSD than
the AI-assisted condition, yielding a higher θ/α ratio.

4.5.2 Heart Rate Variability (HRV)
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We characterized HRV using two complementary metrics: RMSSD (root
mean square of successive RR-interval differences), a time-domain index of
parasympathetic activity, and the LF/HF ratio (low-to-high frequency power
ratio), reflecting sympathetic–parasympathetic balance Castaldo et al (2015).
Together, these two indices capture the autonomic nervous system’s response
to mental effort: under elevated sympathetic engagement, parasympathetic ac-
tivity decreases, producing lower RMSSD and a higher LF/HF ratio (Castaldo
et al, 2015; Kim et al, 2018). Charles and Nixon (2019) reports that cardiovas-
cular measures, including time-domain and frequency-domain HRV indices, are
sensitive to changes in mental workload across applied and laboratory tasks.
The effect is detectable even on short recordings: Wood et al (2002) showed
that HRV indices react measurably to attention-demanding tasks within min-
utes, although the magnitude and direction of the response can vary across
populations.

Building on this evidence, we expect non-AI coding—which requires sus-
tained generative effort—to suppress RMSSD and elevate LF/HFmore strongly
than AI-assisted coding, where part of the cognitive effort is offloaded to the
model. We note that this prediction assumes that reduced cognitive engage-
ment under AI assistance also translates into reduced sympathetic arousal, an
assumption that may not hold uniformly (Kosmyna et al, 2025).

4.5.3 Electrodermal Activity (EDA)

EDA reflects sympathetic nervous system arousal and is widely used as a proxy
for stress and emotional engagement during cognitively demanding tasks (Bouc-
sein, 2012). We extracted three components: (1) mean skin conductance
level (tonic EDA), reflecting baseline sympathetic arousal and sustained
engagement (Boucsein, 2012); (2) the count of skin conductance peaks
(phasic EDA), used as a proxy for the frequency of discrete arousal events
triggered by salient or surprising stimuli (Dawson et al, 2007; Westerink et al,
2020); and (3) themean amplitude of skin conductance responses (SCR
amplitude), which captures the intensity of each arousal event and provides
a fine-grained index of stress reactivity (Dawson et al, 2007).

Fritz et al (2014) used EDA alongside EEG and eye tracking to distinguish
easy from difficult programming tasks, demonstrating that EDA responds to
changes in task difficulty. Westerink et al (2020) validated EDA peak counts
as a cortisol-related stress indicator using wearable sensors, and Fucci et al
(2019) replicated this in a code comprehension context, combining EDA with
EEG and heart rate to classify developer task types.

The expected direction for tonic EDA follows from the cognitive load hy-
pothesis: non-AI coding demands more independent problem-solving and sus-
tained effort, likely producing higher mean tonic EDA. However, the expected
direction for phasic EDA peak count is less certain. While sustained cogni-
tive load is expected to be lower in the AI condition on average, individual
moments of uncertainty (such as discovering that AI-generated code is incor-
rect or poorly matched to requirements) can trigger discrete arousal spikes.



Using Biometrics to Understand AI-Assisted Coding 19

The net peak count therefore depends on how frequently such surprises oc-
cur. Given the well-documented inter-individual variability in phasic EDA
responses (Boucsein, 2012), this variability may be further amplified by differ-
ences in developer or AI experience across participants.

4.5.4 Eye Tracking

Eye tracking provides oculomotor indices of visual attention and cognitive pro-
cessing. We derived three metrics: fixation count, mean fixation duration,
and blink rate; this set differs from the eye-tracking indicators committed to
in the registered protocol (see Appendix A for the rationale).

Zagermann et al (2016) proposed a descriptive model linking eye-tracking
metrics to cognitive load in visual computing, arguing on the basis of prior
empirical work (Chen et al, 2011) that longer fixation durations reflect greater
strain on working memory and indicate increased processing difficulty. In pro-
gramming, Tang et al (2024) found that awareness of code provenance altered
cognitive workload during the validation of LLM-generated code, and Elfares
et al (2025) demonstrated that gaze data captures developers’ cognitive load
during the comprehension of AI-generated code. The interpretation of blink
rate is more nuanced. While higher blink rates accompany cognitive load in
physical or auditory tasks, the relationship is reversed in reading paradigms:
Lenskiy and Paprocki (2016) reported lower number of blinks during reading,
and Rosenfield et al (2015) found that greater cognitive demand on digital
screens decreases blink rate, as individuals suppress blinking to sustain visual
intake.

Building on these results, we derive condition-specific predictions as fol-
lows. For fixation duration, we expect non-AI coding to elicit longer fixa-
tions: developers must actively construct the solution by repeatedly inspecting
the UML diagrams and writing code from scratch, requiring sustained visual
processing of dense information sources. For blink rate, the inverse blink–load
relationship documented in reading paradigms leads us to expect a lower blink
rate under non-AI than under AI assistance, as developers suppress blinking
to maintain visual intake while constructing the solution. For fixation count,
the directional prediction is less straightforward: while a higher count could
reflect a broader visual exploration of the UML diagrams and the code under
construction in non-AI, the literature also documents that increased cognitive
load may instead reduce fixation rate as attention focuses on fewer informa-
tion sources (Zagermann et al, 2016; Chen et al, 2011). We therefore treat the
direction of fixation count as exploratory.

4.6 Quality Assurance

To ensure the validity and reliability of our study, we implemented a compre-
hensive set of quality assurance procedures. Before the main data collection, we
conducted a pilot study at each site to validate the equivalence and difficulty
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of the programming tasks, assess the reliability of biometric measurements,
and consolidate the experimental procedures.

Throughout the study, we maintained high data quality standards. EEG
signal quality was monitored in real time, and post-processing included estab-
lished artifact detection and removal procedures. EDA and HRV signals were
evaluated for continuity and plausibility, with recordings exhibiting noise or
irregularities flagged for verification.

To ensure environmental consistency across sessions, we controlled for am-
bient conditions such as lighting and noise levels, and scheduled sessions dur-
ing comparable times of day across sites. This reduced the risk of uncontrolled
variables that may affect physiological or cognitive responses.

Task equivalence was established through pilot testing to ensure similar
programming concepts and cognitive demands. Participants were also asked
to rate the understandability of each task and their confidence in completing
it within 20 minutes.

Ethical Considerations. The ethical approval was secured from the IT Uni-
versity of Copenhagen and the University of Bari.To ensure ethical conduct,
we obtained informed consent from all participants before their participation,
ensuring that they would have been able to withdraw at any time during the
study. All data collected were stored securely in compliance with GDPR and
anonymized during analysis and reporting at each site independently. Screen
recordings focused solely on the oTree window, excluding the participants.
Finally, participants were debriefed about the true nature of the experiment.

Cross-Site Standardization. We ensured consistency across sites through
regular cross-site meetings, shared protocols for recruitment, procedures, and
data collection, and conducted pilot testing at both locations. Physiological
measurements followed standardized calibration, and site-specific factors were
coded as variables in the analysis.

Language Considerations. At ITU, researchers conducted all verbal inter-
actions with participants in Danish (the majority of participants’ native lan-
guage) and English, while experimental materials, consent forms, and ques-
tionnaires were in English, consistent with the English-language master’s pro-
gram curriculum. At Uniba, all materials were translated into Italian, including
consent forms, the NASA-TLX questionnaire, experimental instructions, and
debriefing materials, with researchers conducting all interactions in Italian.
Programming-related content was standardized in English across both sites,
including UML class diagrams, variable names, function names, and code-
related terminology. This approach aligned with standard programming educa-
tion practices at both institutions. The consistency of programming language
elements across sites ensured that task difficulty and cognitive demands re-
mained equivalent, whereas the use of the participants’ native language in pro-
cedural communication reduced potential comprehension barriers that could
confound our measurements. We acknowledge that language differences may
have introduced site-specific effects and, therefore, included site as a factor in
our statistical models to account for potential linguistic influences on cognitive
load and performance metrics.
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4.7 Pilot Study

We employed a multi-stage piloting strategy to validate the experimental
setup, calibrate sensors, test data collection pipelines, and ensure task equiv-
alence.

At ITU, the piloting process comprised four exploratory interviews with
students meeting our participation criteria to validate the task design, followed
by two formal pilot sessions and five secondary pilot sessions. These stages en-
abled us to refine procedural and technical aspects of the study, including the
timing of stimuli, synchronization of sensor data (e.g., eye tracking, keystrokes,
and screen recordings), and the integrity of logged behavioral metrics. To as-
sess task equivalence specifically, we analyzed both self-reported measures and
behavioral outcomes from the pilot sessions. While individual task preferences
varied among participants, suggesting broadly balanced perceived difficulty,
the NASA-TLX cognitive load ratings and debriefing interviews revealed that
the Connection task was generally more cognitively demanding than the Shop-
ping Cart task. However, the Connection task also had higher completion rates
despite its increased difficulty. Participants’ feedback on abstraction levels and
domain familiarity further informed our understanding of task characteristics.
These findings support our conclusion that the tasks are sufficiently equivalent
for experimental purposes, with observed difficulty differences appearing to re-
flect individual skillsets and programming preferences rather than systematic
imbalance.

At Uniba, we conducted a focused validation pilot with three participants
to confirm that the technical infrastructure, experimental setup, and behav-
ioral observations established at ITU could be successfully replicated in the
local laboratory environment. This pilot specifically verified the compatibility
of data collection systems, sensor calibration procedures, and task adminis-
tration protocols within the Uniba setting, demonstrating consistent technical
performance and participant responses across sites.

Overall, these piloting efforts confirmed the reliability of our experimental
pipeline across both research sites and validated the suitability of both pro-
gramming tasks for eliciting comparable cognitive and behavioral responses in
our target population.

4.8 Project Execution Timeline

The study was executed over approximately 12 months, as illustrated in Fig-
ure 4. Experimental environments at both sites were set up in Jun 2025. Pi-
lot testing was conducted between Jul and Aug 2025 and used to refine the
protocol, calibrate sensors, and validate task equivalence (see Section 4.7).
Participant recruitment and data collection ran in parallel at the two sites
on staggered schedules between Sep 2025 and Mar 2026. Data preprocessing,
analysis, and Stage 2 manuscript preparation were carried out between Mar
and May 2026.
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2025 2026

Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May
Setup

Uniba

ITU

Pilot testing

Uniba

ITU

Data collection

Uniba

ITU

Analysis & writing

Uniba + ITU

Fig. 4: Project execution timeline showing the parallel activities at the two
sites.

5 Analysis

In this section we describe the analyses performed and executed as computa-
tional Jupyter notebooks. All the notebooks are part of the replication package
described in the Data Availability statement, which also includes anonymized
data, to ensure full reproducibility.

5.1 Physiological Data Preprocessing

For the preprocessing of physiological data, we followed consolidated practices
in this research field. For EEG data, we filtered the raw recordings and apply
Independent Component Analysis to remove artifacts from muscle activity, eye
movements, and electrical noise. Finally, the data were normalized relative to
each participant’s baseline measurements. These steps are necessary to ensure
good signal quality in naturalistic interaction scenarios (Hegedues et al, 2023).
The raw EDA signal was first low-pass filtered using a Butterworth filter with
a 1 Hz cutoff frequency Girardi et al (2020) The filtered signal was then decom-
posed into tonic (skin conductance level, SCL) and phasic (skin conductance
response, SCR) components using the cvxEDA algorithm Greco et al (2016).
SCR peaks were identified with the kim2004 method (minimum amplitude
threshold = 0.1µ).S Prior to feature extraction, the EDA signal was z-score
normalized against the baseline, in line with consolidated literature Girardi
et al (2020); Fritz et al (2014). For HRV analysis, we used the hrvanalysis

package6 to process the BVP signal. Processing involved computing RR inter-
vals from the raw systolic peaks, cleaning them via range filtering (300–2000
ms) and Malik-rule ectopic beat removal Malik et al (1996). From the cleaned
RR intervals, hrvanalysis provided both time-domain and frequency-domain
metrics. For gaze data, blinks were identified following the methodology im-

6 https://pypi.org/project/hrv-analysis/
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plemented in PyGaze Analyser Dalmaijer et al (2014), which detects them as
consecutive signal losses reported by the eye-tracking device. A valid blink was
defined as an eye closure lasting between 200 and 400ms, in accordance with
established physiological thresholds Alsaeedi and Wloka (2019); Al-gawwam
and Benaissa (2018). Given the nominal sampling rate of 150Hz of the device
used, these temporal bounds correspond to 30 and 60 missing samples, respec-
tively. Validity flags for fixations provided by the device, together with the
maximum duration of each fixation, were employed to compute fixation count
and mean fixation duration. All EEG, eye-gaze, EDA, and HRV features were
extracted using 60-second sliding windows with 80% overlap, following Anders
et al (2024). For each window, we computed the metrics described in Table 2.

5.2 Temporal Alignment of Physiological Data Streams

To ensure a reproducible analysis workflow, we implemented a structured
pipeline based on the Lab-Streaming Layer framework (Kothe et al, 2025) to
integrate the multiple physiological data streams collected during the study.
Specifically, we synchronized all collected data streams, EEG, EDA, HRV and
eye tracking, using timestamp alignment. Each stream was automatically an-
notated with data derived from key events logged by the oTree platform and
participant-level experimental information (e.g., anonymized ID), capturing
the task being performed, its order, and whether AI assistance was provided.
At both sites, key behavioral events, such as reading UML diagrams or in-
teracting with ChatGPT, were identified based on the analysis of annotated
data. In addition, the event marker function of the Empatica Embrace Plus
was used by participants in Bari to flag essential moments in their activity
(e.g., start of each coding task).

All this information was combined with additional annotations derived
from screen recordings, enabling a fine-grained, event-related analysis of cog-
nitive processes at specific phases of the coding tasks. This additional anno-
tation layer provided essential context for interpreting the statistical patterns
observed across the extracted metrics.

5.3 Variables and Measurements

The independent variable of our study is the programming condition, a cate-
gorical variable with two levels: AI-assisted vs. non AI-assisted. In the statis-
tical models, we refer to this as Modality. We further include developer expe-
rience as a between-participants factor, operationalized as academic seniority
and used as the moderator in H2. It is a categorical variable with two levels
(undergraduate vs. graduate students), aligned with the participant stratifi-
cation criteria; in the statistical models we refer to this factor as Education.
Finally, we include Task order as a within-participants factor with two levels
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(first vs. second), encoding the temporal position of each task in a partic-
ipant’s session. Modeling this factor (and its interaction with Modality) is
needed to account for potential carryover, sequence, and treatment×period
effects, which are inherently difficult to disentangle in crossover designs in
programming contexts (Vegas et al, 2016). We further discuss these threats in
Section 8.

Furthermore, to address our research questions, we model variables span-
ning three families: physiological signals, self-reported workload, and task per-
formance. Physiological variables operationalize the cognitive constructs tar-
geted by each physiological signal, the metrics derived from it, and the ex-
pected direction of differences between the AI- and non-AI-assisted conditions
are detailed in Section 4.5 and summarized in Table 2.

The variable types, role of each variable in each confirmatory test, and the
corresponding regression model are laid out in Table 3. All H1–H4 models in-
clude a participant-level random intercept (1 | Participant) to absorb within-
subject correlation. Reference levels are first task for Task order, graduate for
Education, and low for both NASA-TLX sub-dimensions and Performance.
Note that the physiological metrics play a dual role across the confirmatory
tests: they are the dependent variables of H1 and H2 (each metric in a separate
LMM) and they re-enter H3 as continuous predictors of Performance (each
metric in a separate BinGLMM, jointly with the Modality interaction).

As a deviation from the registered protocol (see Appendix A), performance
was operationalized through a single metric: a task-correctness score derived
from a structured assessment rubric, jointly designed by members of both re-
search groups and grounded in previous work (Brabrand et al, 2024; Mahmoud
et al, 2026). The rubric comprises a series of task-specific items, each scored
on an ordinal three-level scale: 0 (incorrect implementation), 0.5 (partially
correct implementation), and 1 (correct implementation). The rubric follows
a cumulative scoring approach: the higher the number of items implemented
correctly, the higher the final score for each task, thus reflecting the degree
of completeness of the solution provided. The cumulative score is normalized
to the [0, 1] interval. Because the item-level scale is ordinal, disagreements be-
tween two raters are not all equally severe: a strong disagreement (a distance of
1 on the scale, e.g., one rater scoring 0 and the other 1) reflects a qualitatively
different judgment than a light disagreement (a distance of 0.5, e.g., 0 vs. 0.5
or 0.5 vs. 1). To account for this graded structure, inter-rater agreement was
computed using weighted Cohen’s κ, which penalizes large discrepancies more
than small ones.

The rubric was applied through multiple independent rating rounds. Each
task solution was first evaluated independently by one researcher at ITU and
one researcher at Uniba, with a third team member serving as arbiter for
residual disagreements. In an initial calibration round, each of the two raters
applied the rubric to the code produced by 5 participants per site (20% of the
sample). Weighted Cohen’s κ values were κ = 0.60 for Task A (Connection)
and κ = 0.69 for Task B (Shopping), indicating substantial agreement; no
rubric modifications were deemed necessary, and disagreements were resolved
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Table 3: Role of each variable in the four hypothesis tests (H1–H4), with vari-
able types and the fitted regression model. Within each H column, IV marks
the independent variable, DV the dependent variable, ✓a variable included in
the model, and – a variable not in the model.

Variable Type H1 H2 H3 H4

Modality Categorical: AI,
NON-AI

IV IV ✓ ✓

Task order Categorical: first,
second

✓ ✓ ✓ ✓

Education Categorical:
undergraduate,
graduate

– ✓ – –

NASA-TLXa Binary: high, low – – – IV

EEG: θ/α ratio,
Beta power

Continuous DV DV IV –

HRV: LF/HF ratio,
RMSSD

Continuous DV DV IV –

EDA: Mean EDA,
EDA peak count, SCR
amplitude

Continuous DV DV IV –

Eye-tracking: Fixation
duration, Fixation
count, Blink rate

Continuous DV DV IV –

Performanceb Binary: high, low – – DV DV

Model fitted LMM LMM BinGLMM BinGLMM

a Six dimensions plus the averaged score; z-scored across participants, then median-split.
b Median-split of the rubric-based task-correctness score in [0, 1].

by the arbiter. The same two raters then independently annotated the code
submitted by 10 additional participants from both sites; inter-rater reliability
rose to κ = 0.88 for Task A and κ = 0.89 for Task B, indicating almost perfect
agreement. The few remaining discrepancies were again resolved by the arbiter.
Given the consistently high agreement, the code submitted by the remaining
participants was annotated independently by a single researcher.

Neither the test-pass rate nor the time-to-completion indicators originally
registered were used in the analyses; the rationale for both omissions is detailed
in Appendix A.

Finally, subjective experiences were captured through two instruments. The
NASA-TLX questionnaire, administered after each task, provided scores (0–
20) for mental demand, physical demand, temporal demand, performance,
effort, and frustration. In addition, during the debriefing phase, participants
were briefly interviewed about the difficulty encountered in each task and their
perception of the development setup (split-screen layout with AI chat and VS
Code).
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5.4 Test of Hypothesis and Decision Criteria

For all confirmatory tests, we controlled the false discovery rate using the
Benjamini–Hochberg (BH) procedure at level α = 0.05. The family of com-
parisons over which BH was applied differs by hypothesis according to the
structure of the analysis (signal family, temporal period, effect type, NASA-
TLX dimension) and is specified below for each test.

H1: Developers will exhibit distinct physiological patterns when programming
with vs. without AI assistance. To testH1, we examined whether physiological
responses differ between the AI-assisted and non-AI-assisted conditions, while
accounting for potential order-related effects.

The registered protocol planned a mixed ANOVA; however, the windowed
feature extraction described in Section 5.1 produced a dataset in which each
participant contributed hundreds of overlapping 60-second windows. To prop-
erly account for this non-independence, we relied on linear mixed-effects mod-
els (LMMs), which are well-suited for repeated measures and provide robust
estimates in the presence of within-subject correlation (Gueorguieva and Krys-
tal, 2004).

Before proceeding with the analysis, we verified that the two programming
tasks imposed comparable cognitive demands: a paired t-test on the NASA-
TLX overall workload scores between the Connection and Shopping tasks re-
vealed no significant difference (t = 0.21, p = .83), confirming that the tasks
were perceived as cognitively equivalent by participants.

For each physiological metric (represented below as DV, see Table 2), we
fitted a separate LMM with the physiological metric as the dependent variable
and the following fixed effects: Modality (AI vs. NON-AI, with NON-AI as
the reference level), Task order (first vs. second task, with first as the refer-
ence level), and their interaction Modality× Task order. A random intercept
was included for each participant to account for between-subject variability in
baseline physiological levels:

DV ∼ Modality+ Task order+ Modality×Task order+

(1 | Participant).
(1)

To probe potential order-dependent effects of the task, we complemented
the full model with two stratified analyses, fitted separately on the data from
the first task only and on the data from the second task only. In these stratified
models, we retained Modality as the sole fixed effect of interest, with the same
random structure:

DV ∼ Modality+ (1 | Participant). (2)

For H1, BH correction was applied within each combination of signal family
(EEG, HRV, EDA, GAZE) and effect type.
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H2: Developer experience will moderate the relationship between AI assistance
and physiological measures. To test H2, we extended the LMM specification
used for H1 by introducing developer experience as a moderator. Specifically,
we included the factor Education, operationalized as a binary variable (un-
dergraduate vs. graduate, with graduate as the reference level).

For each physiological metric, we fitted an LMM that included an addi-
tional Modality× Education interaction term:

DV ∼ Modality+ Task order+ Modality×Task order

+ Modality×Education+ (1 | Participant).
(3)

This formulation allowed us to test whether the effect of AI assistance on
physiological responses differs between undergraduate and graduate students.
As in the RQ1 analysis, we complemented the full model with two stratified
models fitted on the first-task and second-task subsets, each retaining the
Modality× Education interaction. BH correction was applied within the same
family as for H1 (i.e., signal family × effect type).

H3: Physiological measures will correlate with performance metrics in both
conditions. To testH3, we examined whether physiological measures correlate
with task performance and whether this relationship differs between the AI-
assisted and non-AI-assisted conditions.

The performance score—a rubric-based task-correctness measure described
in Appendix A and bounded in the [0, 1] interval—was discretised into a binary
variable via a median split: scores strictly above the sample median were coded
as high performance, while scores at or below the median were coded as low
performance. This procedure produced a balanced binary outcome with 30
high-performance and 30 low-performance task-level observations.

Because cognitive demands plausibly evolve over the 20 minutes of each
task coding session (Sharafi et al, 2020), we structured the analysis along three
temporal periods rather than using session-averaged features (Bednarik, 2012).

We defined three 3-minute periods within each task, in line with consoli-
dated practices (Züger and Fritz, 2015). Specifically, we selected: (i) the first 3
minutes after an initial 2-minute interval, which we excluded because partic-
ipants were still reading the task description; (ii) the 3 minutes at the center
of the task; and (iii) the final 3 minutes. For each period, the windowed values
of the physiological features were averaged into a single value per participant,
which served as the input to the regression analysis.

For each combination of period (early, mid, late) and physiological metric,
we fitted a separate Bayesian binomial mixed-effects model with a logistic link,
using the BinomialBayesMixedGLM implementation and variational inference.
The fixed-effects structure included Modality, Task order, the physiological
predictor (Physiological), and the Modality× Physiological interaction;
a participant-level random intercept absorbed the within-subject correlation
between the two tasks:

logit
(
P (Performance = high)

)
∼ Modality×Physiological

+ Task order+ (1 | Participant).
(4)
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Reference levels were NON-AI for Modality, first task for Task order, and
low for Performance.

For H3, BH correction was applied within each combination of temporal
period, signal family, and effect type, reflecting the additional partition intro-
duced by the early/mid/late stratification.

For each model in which the Modality× Physiological interaction sur-
vived BH correction, we refitted the model separately on the AI and NON-AI
subsets in order to recover the condition-specific slope of the physiological
predictor:

logit
(
P (Performance = high)

)
∼ Task order+ Physiological

+ (1 | Participant).
(5)

These condition-specific estimates are reported in the indented rows labeled
Physiological|AI and Physiological|NON-AI of Tables 10–12, and provide a
direct interpretation of the interaction in terms of two distinct slopes rather
than a single average effect modulated by modality.

H4: The alignment between subjective perceptions and objective measures (both
physiological and performance-based) will differ between AI-assisted and non-
AI-assisted conditions. To test H4, we examined whether the alignment be-
tween self-reported workload (NASA-TLX) and objective task performance
differs between the AI-assisted and non-AI-assisted conditions.

For the NASA-TLX, each of the six sub-dimensions (mental, physical, tem-
poral, performance, effort, frustration) was first z-score normalized across all
participants to remove differences in scale usage, in line with common prac-
tices (Züger and Fritz, 2015), and then median-split into a binary variable
(high vs. low). The resulting class distributions were: mental (low: 74, high:
46), physical (low: 62, high: 58), temporal (low: 71, high: 49), performance
(low: 60, high: 60), effort (low: 66, high: 54), and frustration (low: 63, high:
57). We additionally computed an overall NASA-TLX score by averaging the
six sub-dimensions.

For each of the six NASA-TLX sub-dimensions, plus the averaged score, we
fitted a binomial generalized mixed-effects model with a logistic link, predict-
ing performance from Modality, the median-split NASA-TLX sub-dimension,
Task order, and the Modality× NASA-TLX-Dimension interaction. A random
intercept per participant captured the within-subject correlation arising from
the crossover design:

logit
(
P (Performance = High)

)
∼ Modality×NASA-TLX-Dimension

+ Task order+ (1 | Participant).
(6)

Reference levels were set to NON-AI for Modality, low for NASA-TLX-Dimension,
and the first task for Task order.

We estimated the models using the BinomialBayesMixedGLM implementa-
tion in statsmodels, which fits a Bayesian mixed-effects logistic regression via
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Table 4: Fixed-effect estimates for H1 (full sample); model in Eq. 1.

Family Metric Effect Coef. SE z p pBH R2
m/R2

c

EDA
(N=34

UNIBA)

Tonic Mean
Modality (AI) 0.09 4.34 0.02 .98 .98

.03 / .42Task order (2) 1.83 4.35 0.42 .67 .88
Modality (AI) × Task order (2) 6.21 8.65 0.72 .47 .71

SCR Amplitude
Modality (AI) 3.21 5.76 0.56 .58 .87

.03 / .60Task order (2) −0.85 5.76 −0.15 .88 .88
Modality (AI) × Task order (2) −9.43 11.50 −0.82 .41 .71

SCR Peaks
Modality (AI) −2.48 3.46 −0.72 .47 .87

.05 / .71Task order (2) −4.87 3.46 −1.41 .16 .48
Modality (AI) × Task order (2) −0.46 6.91 −0.07 .95 .95

HRV
(N=34

UNIBA)

RMSSD
Modality (AI) 16.12 11.51 1.40 .16 .32

.09 / .49Task order (2) −23.71 11.51 −2.06 .04 .08
Modality (AI) × Task order (2) −9.87 22.93 −0.43 .67 .67

LF/HF Ratio
Modality (AI) −0.03 0.17 −0.19 .85 .85

<.01 / .10Task order (2) 0.02 0.17 0.14 .89 .89
Modality (AI) × Task order (2) 0.18 0.33 0.56 .58 .67

EEG
(N=60

UNIBA+ITU)

Beta Power
Modality (AI) 3.04 2.15 1.41 .16 .16

.01 / .65Task order (2) 2.29 2.15 1.06 .29 .29
Modality (AI) × Task order (2) −4.94 4.29 −1.15 .25 .25

θ/α Ratio
Modality −1.11 0.40 −2.78 <.01 .01∗

.02 / .24Task order −1.03 0.40 −2.59 <.01 .02∗

Modality (AI) × Task order (2) 1.27 0.79 1.61 .11 .22

Gaze
(N=60

UNIBA+ITU)

Fixation Count
Modality (AI) 4.93 9.10 0.54 .59 .94

.02 / .69Task order (2) 11.60 9.10 1.27 .20 .30
Modality (AI) × Task order (2) −18.71 18.17 −1.03 .30 .45

Mean Fix. Duration
Modality (AI) 0.00 0.01 0.35 .73 .94

<.01 / .55Task order (2) 0.00 0.01 0.03 .97 .97
Modality (AI) × Task order (2) 0.00 0.03 −0.10 .92 .92

Blink Rate
Modality (AI) 0.04 0.48 0.07 .94 .94

.04 / .40Task order (2) −0.81 0.48 −1.68 .09 .28
Modality (AI) × Task order (2) 1.68 0.96 1.76 .08 .24

∗
Statistically significant after BH correction at α = 0.05.
Reference levels: Modality = NON-AI; Task order = first.

variational inference. When the interaction between modality and the NASA-
TLX dimension reached significance, we refitted the model separately within
each level of Modality (AI and NON-AI), as done for H2. These condition-
specific estimates are reported in the indented rows of Table 13.

For H4, BH correction was applied within each effect type across the seven
NASA-TLX models (six sub-dimensions plus the averaged score).

6 Results

6.1 H1: Physiological patterns differ between AI- and non-AI-assisted
conditions

Among all the physiological metrics considered, only the θ/α ratio exhibits
significant differences after correction (Table 4). Specifically, we observe a sig-
nificant difference between modalities (β = −1.11, pBH = .01), with a lower
θ/α ratio in the AI condition compared to the NON-AI condition. Differ-
ences in θ/α ratio were also significant with respect to task order (β = −1.03,
pBH = .02), with lower values observed during the second task. The interaction
Modality × Task order does not reach significance. No significant difference
emerges for any EDA, HRV, or gaze-based metric.
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Table 5: Fixed-effect estimates for H1 (first task only); model in Eq. 2.

Family Metric Coef. SE z p pBH R2
m/R2

c

EDA
(N=34

UNIBA)

Tonic Mean 0.17 4.31 0.04 .97 .97 <.01 / .77

SCR Amplitude 1.01 4.47 0.23 .82 .97 <.01 / .80

SCR Peaks −2.39 3.69 −0.65 .52 .97 .01 / .86

HRV
(N=34

UNIBA)

RMSSD 15.75 14.64 1.08 .28 .56 .02 / .72

LF/HF Ratio −0.04 0.17 −0.23 .82 .82 <.01 / .11

EEG
(N=60

UNIBA+ITU)

Beta Power 3.19 2.21 1.44 .15 .15 .03 / .79

θ/α Ratio −1.16 0.49 −2.36 .02 .04∗ .04 / .42

Gaze
(N=60

UNIBA+ITU)

Fixation Count 4.50 9.75 0.46 .64 .87 <.01 / .76

Mean Fix. Duration 0.00 0.01 0.31 .75 .87 <.01 / .64

Blink Rate 0.09 0.51 0.17 .87 .87 <.01 / .46
∗
Statistically significant after BH correction at α = 0.05.

When restricting the analysis to the first task only (see Table 5), the θ/α
ratio shows a significant difference after correction (β = −1.16, pBH = .04)
with respect to modality, again indicating a lower ratio in the AI condition
relative to NON-AI. None of the other physiological metrics reach significance.

Regarding the second task (see Table 6), the θ/α ratio no longer shows
a significant difference between conditions. Instead, the blink rate emerges
as the only metric with a significant modality effect (β = 1.76, pBH < .01),
with higher values observed in the AI condition compared to NON-AI. This
pattern is consistent with the inverse blink-rate/cognitive-load relationship
documented in reading paradigms (Lenskiy and Paprocki, 2016; Rosenfield
et al, 2015): greater cognitive demand suppresses blinking to sustain visual
intake, so the lower blink rate observed under NON-AI is interpretable as a
higher cognitive load when the developer must construct the solution unaided.
The modality distinction observed on the first task therefore re-emerges on the
second through a different oculomotor channel rather than dissolving.

Across the H1 models (Tables 4–6), marginal R2 values are low (typically
below 0.10): the fixed effects of Modality, Task order, and their interaction
jointly explain only a small share of the variance in the physiological signals.
Conditional R2 values are markedly higher (often 0.40–0.80), because most of
the variance is between-participant and is absorbed by the random intercept.
Although the differences between modalities reported above reach statistical
significance, they explain only a small share of the variability, most of which
is between participants.

H1: Partially supported. Of all physiological metrics tested, only the θ/α ratio
differs significantly between conditions, with lower values under AI than under NON-
AI assistance, consistent with reduced working-memory engagement when the model
takes on part of the generative effort. This difference is robust on the first task; on
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the second task, the gaze blink rate emerges as the differentiating metric, with higher
values under AI than NON-AI, consistent with the inverse blink-rate/cognitive-load
relationship documented in reading paradigms (Table 2) and pointing to the same
interpretation: a higher cognitive load under NON-AI. EDA, HRV, and the remaining
gaze metrics show no significant difference between modalities.

6.2 H2: Developer experience moderates the AI–physiology relationship

The extended model with Education as a moderator confirms the H1 finding:
only the θ/α ratio shows significant effects after BH correction. As shown
in Table 7, the θ/α ratio remains significantly lower with respect to modality
(β = −1.16, pBH < .01) and task order (β = −1.03, pBH = .02). None of
the Modality × Education interaction terms reach significance for any of the
physiological metrics considered.

When restricting the analysis to the first task (see Table 8), the θ/α ratio

retains significance after BH correction with respect to modality (β = −2.30,
pBH < .01). No Modality × Education interaction reaches significance for any
metric, providing no evidence of a moderating role of developer experience on
the first task.

Regarding the second task (see Table 9), no variables reaches statistical sig-
nificance after correction, neither Modality nor the Modality × Education

interaction terms, providing no evidence of modality differences or of moder-
ation by developer experience on the second task.

The same R2 pattern persists once developer experience is included (Ta-
bles 7–9): marginal R2 remains low and conditional R2 high, with most of the
variance again attributable to between-participant differences.

Table 6: Fixed-effect estimates for H1 (second task only); model in Eq. 2.

Family Metric Coef. SE z p pBH R2
m/R2

c

EDA
(N=34

UNIBA)

Tonic Mean 6.20 7.31 0.85 .40 .41 .02 / .79

SCR Amplitude −6.19 7.48 −0.83 .41 .41 .02 / .79

SCR Peaks −3.40 3.78 −0.90 .37 .41 .02 / .81

HRV
(N=34

UNIBA)

RMSSD 4.26 15.35 0.28 .78 .78 <.01 / .78

LF/HF Ratio 0.17 0.20 0.83 .41 .78 <.01 / .13

EEG
(N=60

UNIBA+ITU)

Beta Power −1.96 2.55 −0.77 .44 .79 .01 / .80

θ/α Ratio 0.15 0.55 0.27 .79 .79 <.01 / .39

Gaze
(N=60

UNIBA+ITU)

Fixation Count −13.99 9.37 −1.49 .14 .20 .03 / .76

Mean Fix. Duration 0.00 0.01 0.14 .89 .89 <.01 / .66

Blink Rate 1.76 0.56 3.17 <.01 <.01∗ .07 / .50
∗
Statistically significant after BH correction at α = 0.05.
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Table 7: Fixed-effect estimates for H2 (full sample), with Modality×Education
interaction; model in Eq. 3.

Family Metric Effect Coef. SE z p pBH R2
m/R2

c

EDA
(N=34

UNIBA)

Tonic Mean

Modality (AI) 5.99 4.36 1.37 .17 .51

.05 / .44
Task order (2) 2.10 4.35 0.48 .63 .83
Modality (AI) × Task order (2) 6.06 8.66 0.70 .48 .73
Mod×Edu (AI:grad) −2.07 4.35 −0.48 .63 .76
Mod×Edu (NON-AI:grad) 9.26 4.35 2.13 .03 .20

SCR Amplitude

Modality (AI) −1.35 5.77 −0.23 .82 .82

.04 / .61
Task order (2) −1.25 5.76 −0.22 .83 .83
Modality (AI) × Task order (2) −8.80 11.49 −0.77 .44 .73
Mod×Edu (AI:grad) −0.02 5.76 −0.00 >.99 >.99
Mod×Edu (NON-AI:grad) −8.42 5.76 −1.46 .14 .43

SCR Peaks

Modality (AI) −2.58 3.51 −0.74 .46 .69

.06 / .72
Task order (2) −4.98 3.51 −1.42 .16 .47
Modality (AI) × Task order (2) −0.25 7.00 −0.04 .97 .97
Mod×Edu (AI:grad) −1.80 3.51 −0.51 .61 .76
Mod×Edu (NON-AI:grad) −1.79 3.51 −0.51 .61 .76

HRV
(N=34

UNIBA)

RMSSD

Modality (AI) 24.85 11.62 2.14 .03 .06

.10 / .51
Task order (2) −24.15 11.58 −2.08 .04 .07
Modality (AI) × Task order (2) −8.29 23.09 −0.36 .72 .72
Mod×Edu (AI:grad) −19.04 11.58 −1.64 .10 .40
Mod×Edu (NON-AI:grad) −0.22 11.58 −0.02 .98 .98

LF/HF Ratio

Modality (AI) −0.10 0.17 −0.60 .55 .55

<.01 / .10
Task order (2) 0.02 0.17 0.10 .92 .92
Modality (AI) × Task order (2) 0.19 0.33 0.58 .56 .72
Mod×Edu (AI:grad) −0.04 0.17 −0.25 .80 .98
Mod×Edu (NON-AI:grad) −0.17 0.17 −1.02 .31 .62

EEG
(N=60

UNIBA+ITU)

Beta Power

Modality (AI) 2.11 2.18 0.97 .33 .33

.02 / .65
Task order (2) 2.12 2.17 0.98 .33 .33
Modality (AI) × Task order (2) −4.74 4.34 −1.09 .27 .27
Mod×Edu (AI:grad) −0.34 2.18 −0.16 .87 >.99
Mod×Edu (NON-AI:grad) −1.88 2.18 −0.86 .39 >.99

θ/α Ratio

Modality −1.16 0.41 −2.84 <.01 <.01∗

.02 / .24
Task order −1.03 0.41 −2.55 .01 .02∗

Modality (AI) × Task order (2) 1.26 0.80 1.58 .12 .23
Mod×Edu (AI:grad) 0.10 0.41 0.26 .80 >.99
Mod×Edu (NON-AI:grad) 0.00 0.41 −0.01 >.99 >.99

Gaze
(N=60

UNIBA+ITU)

Fixation Count

Modality (AI) 5.57 9.19 0.61 .54 .90

.02 / .69
Task order (2) 11.04 9.18 1.20 .23 .34
Modality (AI) × Task order (2) −17.33 18.33 −0.95 .34 .52
Mod×Edu (AI:grad) −8.24 9.19 −0.90 .37 .63
Mod×Edu (NON-AI:grad) −5.69 9.19 −0.62 .54 .63

Mean Fix. Duration

Modality (AI) 0.00 0.01 0.27 .79 .90

<.01 / .55
Task order (2) 0.00 0.01 0.08 .94 .94
Modality (AI) × Task order (2) 0.00 0.03 −0.16 .87 .87
Mod×Edu (AI:grad) 0.01 0.01 0.76 .45 .63
Mod×Edu (NON-AI:grad) 0.01 0.01 0.49 .63 .63

Blink Rate

Modality (AI) 0.06 0.48 0.13 .90 .90

.05 / .40
Task order (2) −0.75 0.48 −1.57 .12 .34
Modality (AI) × Task order (2) 1.56 0.96 1.63 .10 .31
Mod×Edu (AI:grad) 0.63 0.48 1.31 .19 .63
Mod×Edu (NON-AI:grad) 0.57 0.48 1.18 .24 .63

∗
BH-FDR correction applied within each signal family (EDA, HRV, EEG, Gaze) and effect type (Modality, Task order,
Modality×Task order, Mod×Edu).
Reference levels: Modality = NON-AI; Task order = first; Education = undergrad.
Mod×Edu (AI:grad) and Mod×Edu (NON-AI:grad) denote the effect of graduate (vs. undergrad) education within the
AI and NON-AI modality, respectively.

H2: Not supported. The interaction between modality and developer experience
does not reach significance for any physiological metric, neither in the full model nor
in the task-stratified analyses. The modality difference in the θ/α ratio identified
under H1 persists once developer experience is included, but is not modulated by
experience itself. We therefore find no evidence that developer experience, modeled as
academic seniority (i.e., undergraduate vs. graduate), is associated with differences
in the modality–physiology relationship.
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Table 8: Fixed-effect estimates for H2 (first task only); stratified version of
Eq. 3, with Task order terms omitted.

Family Metric Effect Coef. SE z p pBH R2
m/R2

c

EDA
(N=34

UNIBA)

Tonic Mean
Modality (AI) 6.15 6.10 1.01 .31 .58

.05 / .78Mod×Edu (AI:grad) −7.72 6.10 −1.27 .21 .64
Mod×Edu (NON-AI:grad) 4.43 6.10 0.73 .47 .70

SCR Amplitude
Modality (AI) −5.47 6.31 −0.87 .39 .58

.05 / .80Mod×Edu (AI:grad) 7.87 6.31 1.25 .21 .64
Mod×Edu (NON-AI:grad) −5.24 6.31 −0.83 .41 .70

SCR Peaks
Modality (AI) −0.87 5.39 −0.16 .87 .87

.01 / .87Mod×Edu (AI:grad) −0.75 5.39 −0.14 .89 .89
Mod×Edu (NON-AI:grad) 2.21 5.39 0.41 .68 .82

HRV
(N=34

UNIBA)

RMSSD
Modality (AI) 24.01 20.71 1.16 .25 .47

.06 / .73Mod×Edu (AI:grad) −28.28 20.71 −1.37 .17 .61
Mod×Edu (NON-AI:grad) −9.53 20.71 −0.46 .65 .86

LF/HF Ratio
Modality (AI) −0.18 0.25 −0.72 .47 .47

<.01 / .12Mod×Edu (AI:grad) 0.01 0.25 0.03 .97 .97
Mod×Edu (NON-AI:grad) −0.25 0.25 −1.03 .30 .61

EEG
(N=60

UNIBA+ITU)

Beta Power
Modality (AI) 3.00 3.27 0.92 .36 .36

.04 / .80Mod×Edu (AI:grad) −2.21 3.21 −0.69 .49 .49
Mod×Edu (NON-AI:grad) −2.15 3.14 −0.69 .49 .49

θ/α Ratio
Modality −2.30 0.71 −3.26 <.01 <.01∗

.07 / .42Mod×Edu (AI:grad) 1.15 0.69 1.66 .10 .28
Mod×Edu (NON-AI:grad) −1.00 0.68 −1.47 .14 .28

Gaze
(N=60

UNIBA+ITU)

Fixation Count
Modality (AI) −9.79 14.31 −0.68 .49 .72

.03 / .77Mod×Edu (AI:grad) 10.66 14.04 0.76 .45 .70
Mod×Edu (NON-AI:grad) −15.75 13.75 −1.15 .25 .70

Mean Fix. Duration
Modality (AI) 0.01 0.02 0.72 .47 .72

.01 / .64Mod×Edu (AI:grad) −0.01 0.02 −0.62 .53 .70
Mod×Edu (NON-AI:grad) 0.01 0.02 0.38 .70 .70

Blink Rate
Modality (AI) 0.27 0.76 0.35 .72 .72

.01 / .47Mod×Edu (AI:grad) 0.33 0.75 0.45 .65 .70
Mod×Edu (NON-AI:grad) 0.59 0.73 0.81 .42 .70

∗
BH-FDR correction applied within each signal family (EDA, HRV, EEG, Gaze) and effect type (Modality, Mod×Edu)
Reference levels: Modality = NON-AI; Education = undergraduate
Mod×Edu (AI:grad) and Mod×Edu (NON-AI:grad) denote the effect of graduate (vs. undergraduate) education
within the AI and NON-AI modality, respectively.

6.3 H3: Physiological measures correlate with performance

Following the analysis plan described in Section 5.4, the H3 results are reported
across the three temporal periods of each task coding session (early, mid, and
late), with a separate mixed-effects model fitted within each period.

During the early phase of the task session (Table 10), significant main
effects of physiological predictors and Modality× Physio interactions emerge
across three signal families.

SCR amplitude is negatively associated with performance (β = −0.076,
pBH = .007): higher SCR amplitude is associated with lower odds of high
performance. The interaction with Modality is also significant (β = 0.089,
pBH = .015): the condition-specific refit shows that the negative association be-
tween SCR amplitude and performance is present under NON-AI (β = −0.116,
p = .030) but absent under AI. EDA tonic mean is positively associated with
performance (β = 0.077, pBH = .011) and the interaction with Modality is
also significant (β = −0.123, pBH = .006). The condition specific refit shows a
positive association between EDA tonic mean and performance under NON-AI
condition (β = 0.143, p = .016), with no corresponding association under AI.
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Table 9: Fixed-effect estimates for H2 (second task only); stratified version of
Eq. 3, with Task order terms omitted.

Family Metric Effect Coef. SE z p pBH R2
m/R2

c

EDA
(N=34

UNIBA)

Tonic Mean
Modality (AI) 10.26 10.38 0.99 .32 .36

.05 / .80Mod×Edu (AI:grad) 4.22 10.38 0.41 .68 .70
Mod×Edu (NON-AI:grad) 13.38 10.38 1.29 .20 .51

SCR Amplitude
Modality (AI) −9.72 10.69 −0.91 .36 .36

.05 / .80Mod×Edu (AI:grad) −4.18 10.69 −0.39 .70 .70
Mod×Edu (NON-AI:grad) −12.20 10.69 −1.14 .25 .51

SCR Peaks
Modality (AI) −5.27 5.36 −0.98 .33 .36

.06 / .82Mod×Edu (AI:grad) −2.76 5.36 −0.51 .61 .70
Mod×Edu (NON-AI:grad) −7.08 5.36 −1.32 .19 .51

HRV
(N=34

UNIBA)

RMSSD
Modality (AI) 10.95 22.40 0.49 .63 .63

.01 / .79Mod×Edu (AI:grad) −9.36 22.39 −0.42 .68 .87
Mod×Edu (NON-AI:grad) 3.67 22.40 0.16 .87 .87

LF/HF Ratio
Modality (AI) 0.18 0.29 0.63 .53 .63

<.01 / .14Mod×Edu (AI:grad) −0.09 0.29 −0.32 .75 .87
Mod×Edu (NON-AI:grad) −0.06 0.29 −0.22 .83 .87

EEG
(N=60

UNIBA+ITU)

Beta Power
Modality (AI) −3.77 3.79 −0.99 .32 .32

.01 / .80Mod×Edu (AI:grad) 1.82 3.64 0.50 .62 .67
Mod×Edu (NON-AI:grad) −1.56 3.72 −0.42 .67 .67

θ/α Ratio
Modality (AI) 1.11 0.81 1.38 .17 .32

.02 / .39Mod×Edu (AI:grad) −0.87 0.77 −1.12 .26 .53
Mod×Edu (NON-AI:grad) 0.96 0.79 1.22 .22 .53

Gaze
(N=60

UNIBA+ITU)

Fixation Count
Modality (AI) 4.20 13.47 0.31 .76 .76

.08 / .77Mod×Edu (AI:grad) −26.65 12.94 −2.06 .04 .24
Mod×Edu (NON-AI:grad) 5.62 13.21 0.43 .67 .80

Mean Fix. Duration
Modality (AI) −0.01 0.02 −0.71 .48 .72

.03 / .67Mod×Edu (AI:grad) 0.03 0.02 1.64 .10 .31
Mod×Edu (NON-AI:grad) 0.00 0.02 0.24 .81 .81

Blink Rate
Modality (AI) 1.41 0.82 1.73 .08 .25

.09 / .51Mod×Edu (AI:grad) 0.98 0.78 1.25 .21 .43
Mod×Edu (NON-AI:grad) 0.46 0.80 0.58 .56 .80

∗
BH-FDR correction applied within each signal family (EDA, HRV, EEG, Gaze) and effect type (Modality,
Mod×Edu)
Reference levels: Modality = NON-AI; Education = undergraduate
Mod×Edu (AI:grad) and Mod×Edu (NON-AI:grad) denote the effect of graduate (vs. undergraduate) education
within the AI and NON-AI modality, respectively.

For the EEG θ/α ratio, the modality interaction is also significant (β = 0.469,
pBH = .024), although neither condition-specific refit reaches significance. Fi-
nally, blink rate shows both a significant modality main effect (β = 1.143,
pBH = .008) and a significant interaction (β = −0.338, pBH < .001); as for the
EEG θ/α ratio, the condition-specific refit does not yield significance in either
modality.

During the mid phase of the task session (see Table 11), significant Modality
× Physio interactions emerge across all four signal families. For SCR amplitude,
the interaction reaches significance (β = 0.068, pBH = .041), but the condition-
specific refit does not yield significant slopes in either modality. For EDA tonic

mean the interaction reach significance (β = −0.083, pBH = .041) and the con-
dition specific refit shows a positive association between EDA tonic mean and
performance under the NON-AI condition (β = 0.086, p = .028). In the AI
condition no significant association was found. For RMSSD, both the physio-
logical predictor (β = 0.017, pBH = .029) and its interaction with Modality

(β = −0.032, pBH = .001) are significant, but the condition-specific refit does
not yield significant slopes in either modality. For the θ/α ratio, the interac-
tion with Modality is significant (β = 0.535, pBH = .017); as for SCR ampli-
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Table 10: Bayesian binomial GLMM estimates for H3, early task period ([2:00,
5:00] min); model in Eq. 4, with condition-specific refit in Eq. 5.

Family Metric Effect Coef. SE z p pbh OR [95% CI]

EDA
(N=34

UNIBA)

SCR Amplitude

Modality (AI) −0.950 0.496 −1.92 0.055 0.083 0.39 [0.15, 1.02]
Task order (2) 0.225 0.484 0.46 0.642 0.642 1.25 [0.49, 3.23]
Physio −0.076 0.025 −3.06 0.002 0.007∗∗ 0.93 [0.88, 0.97]
Modality × Physio 0.089 0.035 2.58 0.010 0.015∗ 1.09 [1.02, 1.17]

Physio|AI −0.007 0.051 −0.14 0.888 — 0.99 [0.90, 1.10]
Physio|NON-AI −0.116 0.054 −2.16 0.030 — 0.89 [0.80, 0.99]

SCR Peaks

Modality (AI) −0.448 0.481 −0.93 0.352 0.352 0.64 [0.25, 1.64]
Task order (2) 0.384 0.475 0.81 0.420 0.630 1.47 [0.58, 3.73]
Physio −0.019 0.015 −1.28 0.201 0.201 0.98 [0.95, 1.01]
Modality × Physio 0.020 0.022 0.90 0.369 0.369 1.02 [0.98, 1.07]

Tonic Mean

Modality (AI) −1.162 0.494 −2.35 0.019 0.056 0.31 [0.12, 0.82]
Task order (2) 0.431 0.487 0.89 0.376 0.630 1.54 [0.59, 3.99]
Physio 0.077 0.029 2.69 0.007 0.011∗ 1.08 [1.02, 1.14]
Modality × Physio −0.123 0.040 −3.09 0.002 0.006∗∗ 0.88 [0.82, 0.96]

Physio|AI −0.025 0.054 −0.46 0.645 — 0.98 [0.88, 1.08]
Physio|NON-AI 0.143 0.059 2.40 0.016 — 1.15 [1.03, 1.30]

HRV
(N=34

UNIBA)

RMSSD

Modality (AI) −0.243 0.501 −0.49 0.628 0.746 0.78 [0.29, 2.09]
Task order (2) 0.553 0.487 1.14 0.256 0.395 1.74 [0.67, 4.51]
Physio 0.010 0.007 1.48 0.140 0.187 1.01 [1.00, 1.02]
Modality × Physio −0.016 0.011 −1.49 0.136 0.271 0.98 [0.96, 1.00]

LF/HF Ratio

Modality (AI) 0.157 0.483 0.32 0.746 0.746 1.17 [0.45, 3.01]
Task order (2) 0.405 0.476 0.85 0.395 0.395 1.50 [0.59, 3.81]
Physio 0.187 0.142 1.32 0.187 0.187 1.21 [0.91, 1.59]
Modality × Physio −0.104 0.201 −0.51 0.607 0.607 0.90 [0.61, 1.34]

EEG
(N=60

UNIBA+ITU)

Beta Power

Modality (AI) 0.189 0.367 0.51 0.607 0.607 1.21 [0.59, 2.48]
Task order (2) 0.207 0.365 0.57 0.571 0.571 1.23 [0.60, 2.52]
Physio −0.024 0.026 −0.92 0.360 0.360 0.98 [0.93, 1.03]
Modality × Physio −0.041 0.036 −1.13 0.259 0.259 0.96 [0.89, 1.03]

Theta/Alpha Ratio

Modality (AI) −0.365 0.395 −0.92 0.356 0.607 0.69 [0.32, 1.51]
Task order (2) 0.266 0.395 0.67 0.501 0.571 1.30 [0.60, 2.83]
Physio 0.132 0.128 1.03 0.305 0.360 1.14 [0.89, 1.47]
Modality × Physio 0.469 0.187 2.51 0.012 0.024∗ 1.60 [1.11, 2.31]

Physio|AI 0.489 0.249 1.96 0.050 — 1.63 [1.00, 2.66]
Physio|NON-AI 0.369 0.222 1.66 0.097 — 1.45 [0.94, 2.23]

Gaze
(N=60

UNIBA+ITU)

Fixation Counta

Modality (AI) — — — — — n.c.
Task order (2) — — — — — n.c.
Physio — — — — — n.c.
Modality × Physio — — — — — n.c.

Mean Fixation Dur.

Modality (AI) −0.239 0.364 −0.66 0.512 0.768 0.79 [0.39, 1.61]
Task order (2) 0.247 0.362 0.68 0.494 0.741 1.28 [0.63, 2.60]
Physio 1.485 0.841 1.77 0.077 0.232 4.42 [0.85, 22.96]
Modality × Physio 0.768 1.143 0.67 0.502 0.753 2.16 [0.23, 20.27]

Blink Rate

Modality (AI) 1.143 0.383 2.99 0.003 0.008∗∗ 3.14 [1.48, 6.64]
Task order (2) 0.443 0.381 1.16 0.245 0.735 1.56 [0.74, 3.28]
Physio 0.089 0.065 1.37 0.171 0.257 1.09 [0.96, 1.24]
Modality × Physio −0.338 0.082 −4.13 <0.001 <0.001∗∗∗ 0.71 [0.61, 0.84]

Physio|AI −0.127 0.106 −1.20 0.231 — 0.88 [0.72, 1.08]
Physio|NON-AI 0.162 0.144 1.12 0.262 — 1.18 [0.89, 1.56]

Reference levels: Modality = NON-AI; Task order = first; Outcome: P(High performance); low performance = reference.”
Significance codes refer to pbh: ∗ q < 0.05; ∗∗ q < 0.01; ∗∗∗ q < 0.001. Rows in bold indicate effects with pbh < 0.05. BH correction
computed within (period × family × effect type).
Indented rows below a significant interaction report the condition-specific slope of the physiological predictor refitted within each
Modality level (Eq. 5).

a Fixation Count GLMM did not converge (n.c.); estimates are not interpretable.

tude and RMSSD, the condition specific refit does not yield significant slopes
in either modality. Finally, blink rate shows significance on all three terms:
Modality (β = 1.158, pBH = .007); the physiological predictor (β = 0.243,
pBH = .006), positively associated with high performance; and the Modality

× Physio interaction (β = −0.469, pBH < .001). The condition-specific refit re-
veals slopes of opposite sign across conditions: negative under AI (β = −0.281,
p = .028), and positive under NON-AI (β = 0.369, p = .039).

During the late phase of the task coding session (Table 12), the remaining
significant effects concentrates in the EDA and HRV families. Two EDA met-
rics show direct associations with performance: SCR amplitude (β = −0.033,
pBH = .040) and SCR peaks (β = −0.047, pBH = .002), both negatively. In
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the HRV family, the modality interaction is significant for RMSSD (β = −0.049,
pBH = .001), although neither condition-specific slope reaches significance indi-
vidually. A similar pattern emerges for the LF/HF Ratio, where the modality
interaction is also significant (β = −0.390, pBH = .032) but no condition-
specific slope reaches significance.

H3: Partially supported. Several physiological measures show significant interac-
tions with modality across all three task periods, but the within-condition picture is
heterogeneous. EDA-derived measures (SCR amplitude, tonic mean) correlate with
performance only under NON-AI. Blink rate correlates with performance in both
conditions, but with opposite signs. The remaining significant interactions (EEG θ/α
in the early period; HRV RMSSD and LF/HF in the late period) do not produce ro-
bust within-condition slopes. The expected difference in physiological–performance
coupling between conditions therefore applies primarily to EDA-derived measures.

6.4 H4: Subjective–objective alignment differs across conditions

As reported in Table 13, after BH correction across the seven NASA-TLX
models within each effect type, only the Physical dimension shows a sig-
nificant Modality × Dimension interaction (β = 2.096, pBH < .001). The
condition-specific analysis clarifies the source of the interaction: within the
NON-AI condition, high physical demand is associated with lower performance
(β = −2.380, p < .001), whereas within the AI condition this association is
absent (β = 0.049, p = .909). The main effect of Physical on objective per-
formance also survives BH correction (β = −2.613, pBH < .001), negatively
associated with performance. Two additional main effects survive BH cor-
rection independently of modality: self-reported Performance (NASA-TLX)
(β = 1.135, pBH < .01), positively associated with objective performance, and
Effort (β = −0.998, pBH < .01), negatively associated with it. No Modality

× Dimension interaction emerges for the Mental, Temporal, Frustration,
or aggregated Mean dimensions, indicating that the modality-dependent align-
ment between subjective workload and objective performance is restricted to
the physical demand dimension.

H4: Partially supported. Of the six NASA-TLX sub-dimensions, only the Phys-
ical dimension interacts significantly with modality: high self-reported physical de-
mand is associated with lower objective performance under NON-AI but not under
AI. The Performance and Effort dimensions show modality-independent associa-
tions with objective performance (positive and negative, respectively), while Mental,
Temporal, Frustration, and the aggregated overall workload show no significant in-
teraction with modality. The alignment between subjective workload and objective
performance therefore differs across conditions only for a subset of the NASA-TLX
dimensions.

7 Discussion
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Table 11: Bayesian binomial GLMM estimates for H3, mid task period (3-min
interval centred on the task midpoint); same model as Table 10.

Family Metric Effect Coef. SE z p pbh OR [95% CI]

EDA
(N=34

UNIBA)

SCR Amplitude

Modality (AI) −0.812 0.486 −1.67 0.095 0.143 0.44 [0.17, 1.15]
Task order (2) 0.317 0.490 0.65 0.518 0.518 1.37 [0.53, 3.58]
Physio −0.040 0.019 −2.05 0.040 0.060 0.96 [0.92, 1.00]
Modality × Physio 0.068 0.031 2.21 0.027 0.041∗ 1.07 [1.01, 1.14]

Physio|AI 0.017 0.045 0.39 0.699 — 1.02 [0.93, 1.11]
Physio|NON-AI −0.064 0.035 −1.80 0.071 — 0.94 [0.88, 1.01]

SCR Peaks

Modality (AI) −0.423 0.481 −0.88 0.379 0.379 0.66 [0.26, 1.68]
Task order (2) 0.363 0.476 0.76 0.446 0.518 1.44 [0.57, 3.66]
Physio −0.023 0.014 −1.69 0.091 0.091 0.98 [0.95, 1.00]
Modality × Physio 0.016 0.020 0.81 0.417 0.417 1.02 [0.98, 1.06]

Tonic Mean

Modality (AI) −0.965 0.495 −1.95 0.051 0.143 0.38 [0.14, 1.01]
Task order (2) 0.387 0.489 0.79 0.429 0.518 1.47 [0.56, 3.84]
Physio 0.051 0.022 2.29 0.022 0.060 1.05 [1.01, 1.10]
Modality × Physio −0.083 0.035 −2.38 0.017 0.041∗ 0.92 [0.86, 0.99]

Physio|AI −0.032 0.048 −0.66 0.508 — 0.97 [0.88, 1.06]
Physio|NON-AI 0.086 0.039 2.20 0.028 — 1.09 [1.01, 1.18]

HRV
(N=34

UNIBA)

RMSSD

Modality (AI) −0.470 0.511 −0.92 0.358 0.358 0.63 [0.23, 1.70]
Task order (2) 0.373 0.501 0.75 0.456 0.456 1.45 [0.54, 3.88]
Physio 0.017 0.007 2.44 0.015 0.029∗ 1.02 [1.00, 1.03]
Modality × Physio −0.032 0.009 −3.39 <0.001 0.001∗∗ 0.97 [0.95, 0.99]

Physio|AI −0.012 0.013 −0.91 0.363 — 0.99 [0.96, 1.01]
Physio|NON-AI 0.021 0.016 1.30 0.194 — 1.02 [0.99, 1.05]

LF/HF Ratio

Modality (AI) 0.733 0.487 1.51 0.132 0.265 2.08 [0.80, 5.41]
Task order (2) 0.476 0.483 0.99 0.324 0.456 1.61 [0.62, 4.15]
Physio −0.000 0.139 −0.00 0.999 0.999 1.00 [0.76, 1.31]
Modality × Physio −0.362 0.202 −1.79 0.074 0.074 0.70 [0.47, 1.04]

EEG
(N=60

UNIBA+ITU)

Beta Power

Modality (AI) 0.182 0.375 0.49 0.627 0.627 1.20 [0.58, 2.50]
Task order (2) 0.262 0.372 0.70 0.482 0.482 1.30 [0.63, 2.69]
Physio −0.059 0.027 −2.17 0.030 0.060 0.94 [0.89, 0.99]
Modality × Physio −0.039 0.038 −1.03 0.303 0.303 0.96 [0.89, 1.04]

Theta/Alpha Ratio

Modality (AI) −0.399 0.401 −1.00 0.319 0.627 0.67 [0.31, 1.47]
Task order (2) 0.413 0.400 1.03 0.302 0.482 1.51 [0.69, 3.31]
Physio 0.138 0.098 1.41 0.160 0.160 1.15 [0.95, 1.39]
Modality × Physio 0.535 0.204 2.62 0.009 0.017∗ 1.71 [1.15, 2.55]

Physio|AI 0.454 0.265 1.71 0.087 — 1.57 [0.94, 2.64]
Physio|NON-AI 0.098 0.139 0.71 0.481 — 1.10 [0.84, 1.45]

Gaze
(N=60

UNIBA+ITU)

Fixation Counta

Modality (AI) — — — — — n.c.
Task order (2) — — — — — n.c.
Physio — — — — — n.c.
Modality × Physio — — — — — n.c.

Mean Fixation Dur.

Modality (AI) 0.203 0.366 0.55 0.579 0.868 1.22 [0.60, 2.51]
Task order (2) 0.261 0.364 0.72 0.474 0.711 1.30 [0.64, 2.65]
Physio 0.366 0.838 0.44 0.662 0.993 1.44 [0.28, 7.45]
Modality × Physio −0.759 1.150 −0.66 0.510 0.764 0.47 [0.05, 4.46]

Blink Rate

Modality (AI) 1.158 0.378 3.06 0.002 0.007∗∗ 3.18 [1.52, 6.68]
Task order (2) 0.332 0.373 0.89 0.374 0.711 1.39 [0.67, 2.90]
Physio 0.243 0.079 3.09 0.002 0.006∗∗ 1.27 [1.09, 1.49]
Modality × Physio −0.469 0.097 −4.85 <0.001 <0.001∗∗∗ 0.63 [0.52, 0.76]

Physio|AI −0.281 0.128 −2.20 0.028 — 0.76 [0.59, 0.97]
Physio|NON-AI 0.369 0.178 2.07 0.039 — 1.45 [1.02, 2.05]

See Table 10 for column and effect-label definitions, reference levels, significance codes, and the convention on indented condition-
specific rows.

a Fixation Count GLMM did not converge (n.c.); estimates are not interpretable.

Our four hypotheses received heterogeneous support. We organize the discus-
sion below around the four research questions and close with the theoretical
and practical implications that emerge across them.

7.1 RQ1: Physiological differences between AI- and non-AI-assisted
programming

Short answer. Physiological measures differ between AI- and non-AI-assisted
programming, but the difference is limited: it concentrates on brain activity
(lower θ/α under AI on the first task) and in oculomotor marker (higher blink
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Table 12: Bayesian binomial GLMM estimates for H3, late task period (final
3 min); same model as Table 10.

Family Metric Effect Coef. SE z p pbh OR [95% CI]

EDA
(N=34

UNIBA)

SCR Amplitude

Modality (AI) −0.298 0.523 −0.57 0.568 0.568 0.74 [0.27, 2.07]
Task order (2) 0.053 0.509 0.10 0.917 0.917 1.05 [0.39, 2.86]
Physio −0.033 0.015 −2.22 0.027 0.040∗ 0.97 [0.94, 1.00]
Modality × Physio 0.031 0.023 1.36 0.174 0.262 1.03 [0.99, 1.08]

SCR Peaks

Modality (AI) −0.542 0.483 −1.12 0.262 0.392 0.58 [0.23, 1.50]
Task order (2) 0.315 0.479 0.66 0.511 0.766 1.37 [0.54, 3.50]
Physio −0.047 0.014 −3.37 <0.001 0.002∗∗ 0.95 [0.93, 0.98]
Modality × Physio 0.018 0.021 0.84 0.401 0.401 1.02 [0.98, 1.06]

Tonic Mean

Modality (AI) −0.680 0.496 −1.37 0.170 0.392 0.51 [0.19, 1.34]
Task order (2) 0.394 0.488 0.81 0.420 0.766 1.48 [0.57, 3.86]
Physio 0.026 0.014 1.81 0.071 0.071 1.03 [1.00, 1.06]
Modality × Physio −0.043 0.024 −1.81 0.070 0.209 0.96 [0.91, 1.00]

HRV
(N=34

UNIBA)

RMSSD

Modality (AI) −0.720 0.535 −1.35 0.178 0.178 0.49 [0.17, 1.39]
Task order (2) 0.442 0.520 0.85 0.395 0.395 1.56 [0.56, 4.31]
Physio 0.018 0.008 2.11 0.035 0.069 1.02 [1.00, 1.04]
Modality × Physio −0.049 0.014 −3.43 <0.001 0.001∗∗ 0.95 [0.93, 0.98]

Physio|AI −0.030 0.018 −1.62 0.106 — 0.97 [0.94, 1.01]
Physio|NON-AI 0.012 0.015 0.83 0.409 — 1.01 [0.98, 1.04]

LF/HF Ratio

Modality (AI) 0.888 0.489 1.82 0.069 0.139 2.43 [0.93, 6.34]
Task order (2) 0.425 0.483 0.88 0.379 0.395 1.53 [0.59, 3.94]
Physio 0.094 0.124 0.76 0.449 0.449 1.10 [0.86, 1.40]
Modality × Physio −0.390 0.182 −2.15 0.032 0.032∗ 0.68 [0.47, 0.97]

Physio|AI −0.337 0.268 −1.26 0.208 — 0.71 [0.42, 1.21]
Physio|NON-AI −0.403 0.270 −1.49 0.136 — 0.67 [0.39, 1.13]

EEG
(N=60

UNIBA+ITU)

Beta Power

Modality (AI) −0.041 0.377 −0.11 0.913 0.913 0.96 [0.46, 2.01]
Task order (2) 0.159 0.378 0.42 0.674 0.676 1.17 [0.56, 2.46]
Physio −0.054 0.026 −2.03 0.042 0.084 0.95 [0.90, 1.00]
Modality × Physio 0.004 0.036 0.12 0.904 0.904 1.00 [0.94, 1.08]

Theta/Alpha Ratio

Modality (AI) −0.163 0.382 −0.43 0.668 0.913 0.85 [0.40, 1.79]
Task order (2) 0.157 0.376 0.42 0.676 0.676 1.17 [0.56, 2.44]
Physio 0.076 0.103 0.74 0.457 0.457 1.08 [0.88, 1.32]
Modality × Physio 0.345 0.162 2.13 0.033 0.067 1.41 [1.03, 1.94]

Gaze
(N=60

UNIBA+ITU)

Fixation Counta

Modality (AI) — — — — — n.c.
Task order (2) — — — — — n.c.
Physio — — — — — n.c.
Modality × Physio — — — — — n.c.

Mean Fixation Dur.

Modality (AI) −0.005 0.366 −0.01 0.990 1.000 1.00 [0.49, 2.04]
Task order (2) 0.260 0.364 0.71 0.475 0.713 1.30 [0.64, 2.65]
Physio 0.625 0.828 0.75 0.451 0.676 1.87 [0.37, 9.48]
Modality × Physio −0.023 1.142 −0.02 0.984 1.000 0.98 [0.10, 9.16]

Blink Rate

Modality (AI) 0.493 0.373 1.32 0.186 0.557 1.64 [0.79, 3.40]
Task order (2) 0.358 0.371 0.97 0.334 0.713 1.43 [0.69, 2.96]
Physio 0.078 0.068 1.15 0.252 0.676 1.08 [0.95, 1.23]
Modality × Physio −0.172 0.091 −1.89 0.059 0.176 0.84 [0.70, 1.01]

See Table 10 for column and effect-label definitions, reference levels, significance codes, and the convention on indented
condition-specific rows.

a Fixation Count GLMM did not converge (n.c.); estimates are not interpretable.

rate under AI on the second task) both indicators of cognitive workload. No
corresponding differences emerge in HRV or EDA. H1 is therefore partially
supported.

Of the ten physiological metrics tested under H1, only two differentiate the
AI and non-AI conditions, and the two appear in different tasks: the EEG θ/α
ratio on the first task, and the gaze blink rate on the second. The θ/α ratio
is significantly lower under AI than under non-AI both across all participants
(β = −1.11, pBH = .01; Table 4) and when the analysis is restricted to the first
task (β = −1.16, pBH = .04; Table 5). None of the HRV, EDA and oculomotor
metrics reach significance.

The θ/α ratio is a well-established EEG marker of cognitive load that
increases with mental effort (Borghini et al, 2014; Puma et al, 2018). The
lower ratio observed under AI, therefore, points to reduced working-memory
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Table 13: Bayesian binomial GLMM estimates for H4: Modality × NASA-TLX-
dimension interactions on binary task performance; model in Eq. 6.

Dimension Effect Coef. SE z p pBH OR [95% CI]

Mental

Intercept −0.049 0.251 −0.19 0.846 0.95 [0.58, 1.56]
Modality (AI) −0.112 0.354 −0.32 0.751 0.751 0.89 [0.45, 1.79]
Mental (high) −0.151 0.397 −0.38 0.703 0.703 0.86 [0.40, 1.87]
Task order (2) 0.270 0.353 0.77 0.444 0.680 1.31 [0.66, 2.62]
Modality × Mental 0.253 0.678 0.37 0.709 0.709 1.29 [0.34, 4.87]

Physical

Intercept 0.875 0.255 3.43 <0.001 2.40 [1.46, 3.95]
Modality (AI) −0.925 0.347 −2.67 0.008 0.053 0.40 [0.20, 0.78]
Physical (high) −2.613 0.369 −7.09 <0.001 <0.001∗∗∗ 0.07 [0.04, 0.15]
Task order (2) 0.617 0.364 1.69 0.090 0.631 1.85 [0.91, 3.78]
Modality × Physical cat 2.096 0.497 4.22 <0.001 <0.001∗∗∗ 8.14 [3.07, 21.56]

Physical|AI a 0.049 0.426 0.11 0.909 1.05 [0.46, 2.42]
Physical|NON-AI a −2.380 0.450 −5.29 <0.001∗∗∗ 0.09 [0.04, 0.22]

Temporal

Intercept −0.338 0.250 −1.35 0.177 0.71 [0.44, 1.16]
Modality (AI) 0.441 0.352 1.25 0.210 0.553 1.55 [0.78, 3.10]
Temporal (high) 0.647 0.378 1.71 0.087 0.087 1.91 [0.91, 4.01]
Task order (2) 0.109 0.353 0.31 0.758 0.758 1.11 [0.56, 2.23]
Modality × Temporal −1.120 0.575 −1.95 0.051 0.051 0.33 [0.11, 1.01]

Performance

Intercept −0.520 0.245 −2.12 0.034 0.59 [0.37, 0.96]
Modality (AI) 0.233 0.341 0.68 0.494 0.734 1.26 [0.65, 2.46]
Performance (high) 1.135 0.351 3.24 0.001 0.001∗∗ 3.11 [1.56, 6.19]
Task order (2) 0.190 0.345 0.55 0.582 0.680 1.21 [0.61, 2.38]
Modality × Performance −0.789 0.449 −1.76 0.079 0.079 0.45 [0.19, 1.10]

Effort

Intercept 0.404 0.251 1.61 0.108 1.50 [0.92, 2.45]
Modality (AI) −0.227 0.356 −0.64 0.524 0.734 0.80 [0.40, 1.60]
Effort (high) −0.998 0.362 −2.76 0.006 0.006∗∗ 0.37 [0.18, 0.75]
Task order (2) 0.384 0.355 1.08 0.279 0.680 1.47 [0.73, 2.95]
Modality × Effort −0.265 0.618 −0.43 0.669 0.669 0.77 [0.23, 2.58]

Frustration

Intercept 0.178 0.251 0.71 0.479 1.19 [0.73, 1.96]
Modality (AI) −0.418 0.353 −1.18 0.237 0.553 0.66 [0.33, 1.32]
Frustration (high) −0.564 0.352 −1.60 0.109 0.109 0.57 [0.29, 1.13]
Task order (2) 0.246 0.353 0.70 0.486 0.680 1.28 [0.64, 2.55]
Modality × Frustration 0.852 0.526 1.62 0.105 0.105 2.34 [0.84, 6.58]

Mean (aggregated)b

Intercept −0.059 0.252 −0.23 0.816 0.94 [0.58, 1.54]
Modality (AI) −0.149 0.355 −0.42 0.675 0.751 0.86 [0.43, 1.73]
Mean (high) −0.096 0.348 −0.28 0.783 0.783 0.91 [0.46, 1.80]
Task order (2) 0.243 0.354 0.69 0.493 0.680 1.28 [0.64, 2.55]
Modality × Mean 0.301 0.523 0.57 0.565 0.565 1.35 [0.48, 3.77]

Reference levels: Modality = NON-AI; NASA-TLX-Dimension = low; Task order = first.
pBH: Benjamini–Hochberg FDR-corrected p-values, computed per effect type across the seven NASA-TLX models. Signif-
icance codes (applied to pBH): ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001. Rows in bold indicate effects significant after BH
correction. Intercept and split-analysis rows are not part of the correction family and report uncorrected p only.

a Indented rows below a significant interaction report the effect of the NASA-TLX dimension fitted within each Modality
level (model: performance ∼ dimension + Task order +(1 | Participant)); these are not BH-corrected.

b Aggregated NASA-TLX score: arithmetic mean of the six z-score-normalized sub-dimensions, then median-split.

engagement, consistent with developers offloading part of the generative ef-
fort to the model (Grinschgl et al, 2021; Lee et al, 2025). This direction is
consistent with Kosmyna et al (2025), who reported lower alpha-band connec-
tivity during LLM-assisted essay writing relative to a brain-only baseline, and
converges with the broader programming-neuroimaging literature, in which
program comprehension activates working-memory regions (Siegmund et al,
2014, 2017; Peitek et al, 2021).

On the second task, only the gaze blink rate differentiates the two condi-
tions (β = 1.76, pBH < .01; Table 6), with higher rates under AI. Because
cognitive demand is known to suppress blinking during visually engaging
tasks (Rosenfield et al, 2015; Lenskiy and Paprocki, 2016), the lower blink
rate observed under non-AI is again interpretable as evidence of greater cog-
nitive load when the solution must be produced unaided. Both tasks therefore
point to the same conclusion: non-AI is associated with greater cognitive en-
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gagement, shown by higher θ/α on the first task and lower blink rate on the
second.

A final caveat concerns effect magnitude. Marginal R2 values remain below
0.10 across the H1 models. Although the AI/non-AI modality has a statistically
significant effect on the θ/α ratio, the fixed effects explain only R2

m = 0.02
of its variance, and including between-participant variability via the random
intercept yields R2

c = 0.24. The effect is therefore statistically reliable but
modest in size relative to individual differences.

7.2 RQ2: Moderating role of developer experience

Short answer. The physiological response to AI assistance was the same for
undergraduate and graduate students. H2 is therefore not supported.

None of the Modality× Education interaction terms reach significance for
any of the ten physiological metrics, either across all participants (Table 7)
or in the task-stratified analyses (Tables 8 and 9). At the same time, the H1
main effect of modality on the θ/α ratio remains significant once developer
experience is added to the model (β = −1.16, pBH < .01; Table 7). The
cognitive-engagement difference between AI and non-AI is therefore observed
in undergraduate and graduate students alike, and the H1 finding does not
depend on academic seniority.

Three factors may explain the absence of moderation. First, our developer-
experience contrast is narrower than the one studied in prior work. Fried-
mann (2024) observed different interaction patterns between experienced and
novice programmers (acceleration of familiar tasks among the experienced, ex-
ploratory use among the novices), whereas our undergraduate-versus-graduate
contrast covers a much smaller range of programming experience. Second,
ChatGPT has become widely familiar among CS students at both academic
levels, which may have leveled out any baseline difference in how undergradu-
ates and graduates approach an AI assistant. Third, with 60 participants split
across modality and education levels, our design has limited statistical power
to detect interaction effects of the size observed in our data.

Undergraduate and graduate students showed similar responses to AI as-
sistance in our data. Whether a wider range of programming experience, such
as the experienced vs. novice comparison studied by Friedmann (2024), would
show a different pattern remains an open question that calls for replication in
industry settings.

7.3 RQ3: Physiological correlates of performance across modalities

Short answer. Physiological measures correlate with performance, but the
coupling depends on modality: the EDA–performance association is present
under the non-AI modality and absent under AI. EEG and HRV interac-
tions reach significance overall, but within each condition the physiology–
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performance association is at most marginal. H3 is therefore partially sup-
ported.

The clearest finding is the EDA pattern. In the early task period, both SCR
amplitude (Modality× Physiological: β = 0.089, pBH = .015; Table 10) and
tonic EDA (β = −0.123, pBH = .006) show significant interactions with modal-
ity, and the stratified analyses indicate that the association between EDA and
performance is present under non-AI (SCR amplitude: β = −0.116, p = .030;
tonic EDA: β = 0.143, p = .016) but absent under AI. This is consistent with
prior work showing that EDA tracks programming task difficulty (Fritz et al,
2014) and reflects stress-related arousal (Westerink et al, 2020), and aligns
with the cognitive-offloading interpretation (Grinschgl et al, 2021; Lee et al,
2025) discussed under H1: when developers offload part of the generative effort
to the model, the EDA–performance association observed under the non-AI
modality is no longer present.

The pattern evolves across task periods. Because we partitioned each task
into early, mid, and late periods to capture how cognitive demands evolve,
we can also observe how the modality–physiology relationship changes across
them. The Modality× Physiological interaction is significant in three signal
families in the early period (EDA, EEG, and gaze; Table 10) and in all four
families in the mid period (Table 11). In the late period, the pattern narrows:
HRV interactions remain significant, while SCR amplitude and SCR peaks
correlate with performance regardless of modality (Table 12). One interpre-
tation is that the AI/non-AI difference in physiology–performance coupling is
strongest across the early and mid periods, when developers devise and refine
the solution. In the mid period, the blink-rate–performance association differs
in sign between conditions: under the AI modality, a higher blink rate is as-
sociated with lower performance (β = −0.281, p = .028); under non-AI, with
higher performance (β = 0.369, p = .039).

For several signals, the Modality× Physiological interaction is signifi-
cant overall, but when we fit the model separately to AI and non-AI, neither
condition shows a significant physiology–performance association. This applies
to the EEG θ/α ratio and the gaze blink rate in the early period (interactions
β = 0.469, pBH = .024 and β = −0.338, pBH < .001; Table 10) and to HRV
RMSSD and LF/HF in the late period (interactions β = −0.049, pBH = .001
and β = −0.390, pBH = .032; Table 12). The expected physiology–performance
coupling difference between modalities therefore applies most cleanly to EDA
in the early and mid periods and to mid-period blink rate, and only weakly
elsewhere.

7.4 RQ4: Subjective–objective alignment across modalities

Short answer. The alignment between perceived, self-reported workload and
objective performance differs across modalities for only one (Physical demand)
of the six NASA-TLX dimensions. H4 is therefore partially supported.
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Of the six NASA-TLX dimensions, only Physical demand shows a sig-
nificant interaction with modality (β = 2.096, pBH < .001; Table 13). The
stratified analysis shows that under the non-AI condition high self-reported
physical demand is associated with lower objective performance (β = −2.380,
p < .001), whereas under AI no such association is observed.

Self-reported Performance and Effort dimensions show modality-indepen-
dent associations with objective performance, in opposite directions (β = 1.135
and −0.998, respectively; pBH < .01). Developers can therefore still accurately
assess their performance and effort when using AI.

Taken together, these findings refine the perception–reality gap reported
by Becker et al (2025) in their experiment, where experienced open-source
developers expected a speedup from AI tools but instead experienced a slow-
down. The gap we observe is not general but dimension-specific.

7.5 Implications

Our findings carry theoretical implications for how AI-assisted programming
is studied and practical implications for the design of AI-assisted development
tools. We discuss each in turn.

7.5.1 Theoretical Implications

AI is not faster solo programming. The θ/α ratio is an EEG marker
of cortical engagement that increases with mental effort, so the lower values
observed under AI in H1 are consistent with reduced cortical engagement
rather than a faster version of the same cognitive process (Grinschgl et al,
2021; Kosmyna et al, 2025); a modality-dependent θ/α–performance coupling
also appears in H3. Effort and cognitive-load models calibrated on solo coding
therefore do not transfer directly to AI-assisted conditions: a developer who
completes a task in less time with AI is not simply running the same internal
process more efficiently, and frameworks that treat AI-assisted programming
as merely a faster version of solo programming may misrepresent cognitive
cost.

EDA-based effort measures need re-validation. The EDA–perfor-
mance association observed under non-AI in the early and mid periods of H3 is
no longer observed under AI. Because EDA has long been associated with task
difficulty in software-engineering studies (Fritz et al, 2014) and with stress-
related arousal in broader psychophysiology work (Westerink et al, 2020), this
modality-dependent pattern suggests that EDA-based effort measures vali-
dated against non-AI baselines should be re-validated before being applied to
AI-assisted conditions.

Workload by dimension, not aggregate. Subjective workload should
be analyzed at the dimension level, not as a single aggregate score, in AI-coding
research. Among the six NASA-TLX dimensions, only Physical demand shows
a modality-dependent association with objective performance, so studies that
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report only the aggregated workload score might mask the one place where
AI assistance shifts the perception–performance relationship. The perception–
reality gap reported by Becker et al (2025) is local rather than global and
instruments used to measure developer experience with AI should preserve
dimension-level resolution.

7.5.2 Practical Implications

In-tool feedback mechanisms. The lower cortical engagement observed un-
der AI is consistent with cognitive offloading during AI-assisted programming.
AI assistants could therefore benefit from features that encourage critical re-
view of generated code, such as explicit review prompts, side-by-side compar-
isons of alternative implementations, or step-by-step inspection workflows that
surface what the model produced and why, to counter risks of overreliance and
skill atrophy reported in adjacent work (Lee et al, 2025; Storey, 2026).

Signal choice for biometric monitoring. Two physiological markers
discriminated AI from non-AI in our 60-participant lab sample, each on one
task: the θ/α ratio on the first task and the gaze blink rate on the second
task. The remaining metrics (EDA, HRV, EEG beta power, fixation count,
and mean fixation duration) did not discriminate AI from non-AI. Designers
integrating biometric sensing should weigh signal quality against developer
acceptability: blink rate is less obtrusive than EEG and can be captured by a
webcam, but its discriminative power in our data was task-specific. No single
channel was reliable across both tasks; biometric monitoring of AI-assisted
programming should therefore combine multiple signals.

8 Threats to Validity

Internal validity. First, the 2×2 crossover design carries the risk of carry-
over, sequence, and treatment × period effects, which are inherently diffi-
cult to disentangle in programming contexts where problem-solving strate-
gies and acquired knowledge cannot be ‘washed out’ between tasks (Vegas
et al, 2016). To mitigate this risk, Task order was included as a fixed effect
and Modality× Task order as an interaction term when testing H1 and H2.
In H2, a significant main effect of Task order on the EEG θ/α ratio was
observed, without a corresponding Modality× Task order interaction. Fol-
lowing Vegas et al (2016), residual carryover effects cannot be fully ruled out.
Second, pilot testing minimized the potential impact of task design differences.
In addition, we performed opportunistic sampling to enable stratification of
participants by developer experience, operationalized as academic seniority.
This yielded an approximately balanced composition across the pooled sam-
ple (see Table 1), enabling the H2 test on the pooled dataset as registered.
Third, to reduce Hawthorne effects from biometric monitoring, we ensured
comfortable conditions with acclimation time and between-task breaks. Fi-
nally, as site-specific analyses have intrinsically lower statistical power, our
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multisite approach served as an internal replication mechanism that enabled
pooled analyses to address this limitation.

External validity. Our two-site study design enables generalization across
two diverse physical and cultural contexts. However, two deviations from the
registered protocol (see Appendix A) limit what can be claimed about cross-
site generalizability: site was not modeled as a fixed or random effect in our
analyses, so cross-site equivalence was not formally tested; EDA and HRV
could similarly be collected only at Uniba, so the findings based on these two
signals rest on a single-site subsample. Limitations include our university stu-
dent sample, which may not fully represent professional developers, although
there is evidence suggesting that the differences may not be as large as ex-
pected (Salman et al, 2015). We addressed this limitation by stratifying by
developer experience (operationalized as academic seniority) and acknowledg-
ing this during interpretation; we note, however, that this contrast does not
capture the full range of professional programming experience. The laboratory
setting, may also differ from natural programming environments. To mitigate
this threat, we designed the lab environment to feel as natural and unobtru-
sive as possible and enhance ecological validity by collecting feedback on the
difficulty of the tasks from the participants recruited for the study.

Construct validity. While EEG, eye tracking, EDA, and HRV provide use-
ful proxies for cognitive states, they may not perfectly reflect the constructs of
interest. To strengthen validity, we relied on multiple converging measures, in-
cluding self-report, and on established preprocessing pipelines. Another threat
concerns participants’ prior experience with AI tools, which may influence their
performance and physiological responses. AI familiarity was measured during
screening (see Table 1), but deviating from the registered protocol (see Ap-
pendix A), the composite score was not entered as a covariate in our primary
models. Between-participant variance, including AI familiarity, is partly ab-
sorbed by the participant random intercept used in our mixed-effects models.

Conclusion validity. The marginal R2 values across the H1 and H2 models
are below 0.10. The AI/non-AI modality and developer experience therefore
account for only a small share of the variability in physiological responses
compared to the individual differences between participants. In addition, the
Fixation Count GLMM did not converge in any of the three H3 time peri-
ods (early, mid, late), so the Modality × Fixation Count interaction has no
interpretable estimates and no conclusion can be drawn for that metric.

9 Conclusion

This paper reported a multisite, preregistered biometric study comparing AI-
assisted and non-assisted development. We collected EEG, eye tracking, elec-
trodermal activity, and heart rate variability from 60 computer science stu-
dents at two universities, alongside a rubric-based performance score and self-
reported workload.
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Two physiological signals—the EEG θ/α ratio and the gaze blink rate—
differed between AI and non-AI development, both consistent with reduced
cognitive engagement when developers offload generative effort to the model.
This pattern did not differ between undergraduate and graduate students.
Electrodermal activity correlated with performance under the non-AI con-
dition but not under AI, and among the six NASA-TLX dimensions only
Physical demand showed the same asymmetric pattern. The AI/non-AI differ-
ence therefore concentrates on specific eye-tracking and EEG markers rather
than spanning the heart rate and electrodermal measures tested. Likewise the
perception–performance gap reported in prior work appears in only one of the
six workload dimensions rather than across all of them.

These findings inform the design of AI assistants and the choice of biometric
signals for monitoring developer state. Replication in industry settings and
across a wider range of professional experience remains an open avenue for
future work.
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Appendix A Protocol Deviations

This appendix documents all deviations from the preregistered Stage 1 protocol (Koch et al,
2025), grouped by data acquisition, measurement, statistical modeling, and presentation.

EDA and HRV collection at ITU. The registered protocol specified the collection of
electrodermal activity (EDA) and heart rate variability (HRV) at both sites. However, no
wristband device could be acquired at the ITU site. As a result, EDA and HRV data were
collected only at the Uniba site. Analyses involving these measures are therefore restricted
to the Uniba subsample, and we account for this as a limitation.

Performance operationalization. The registered protocol committed to three perfor-
mance indicators: time to completion, functional correctness (percentage of passed tests
in a comprehensive unit-test suite), and a task-correctness score obtained through manual
verification of code. Of these, only the task-correctness score was used in the analyses re-
ported here. Functional correctness was dropped because no participant produced a solution
that compiled and ran successfully against the prepared test suite. Time-to-completion was
dropped because every participant used the full time slot granted for each task, leaving
no between-participant variation. The task-correctness score was operationalized through a
structured assessment rubric, with design and application procedure described in Section 5.3.

Eye-tracking metric set. The executed analysis used fixation count, mean fixation du-
ration, and blink rate as eye-tracking metrics. lthough not registered, Blink rate added as
an established marker of cognitive load in code-reading paradigms (Lenskiy and Paprocki,
2016; Rosenfield et al, 2015). The registered protocol committed to scan path length and to
exploring AOI-based measures such as dwell time and inter-AOI transitions; these, however,
were dropped in fa vor of a smaller set focused on cognitive-load interpretation (Sharafi
et al, 2020). A

Statistical model for H1 and H2. The registered protocol specified a mixed ANOVA with
programming condition as a within-subjects factor and task order as a between-subjects
factor. We instead fitted linear mixed-effects models (LMMs) with by-participant random
intercepts. The change was motivated by the windowed feature-extraction pipeline. Phys-
iological signals were segmented into overlapping 60-second windows, producing multiple
correlated observations per participant, which violates the independence assumption of the
mixed ANOVA. The LMM specification preserves the fixed-effects structure intended by
the original test (Modality, Task order, and their interaction for H1; Modality× Education

added for H2), so the hypotheses tested are unchanged.
Site as a random effect. The registered protocol planned to include site as a random

effect in our mixed-effects models. We did not include site in our regression analysis because
each participant belongs to a single site, therefore any baseline difference between the two
sites is already captured by the per-participant terms that every model includes.

AI experience score not used as a covariate. The registered protocol committed to a
composite 12-item AI experience score as a covariate in all primary analyses. We computed
the score from the screening questionnaire but did not include it in the models. The items
showed strong ceiling effects in our sample: 81.7% of participants reported using AI tools
Daily, 81.7% had first used AI coding tools before this year, and 90.0% rated themselves in
the top two AI-literacy levels (Table 1). The score therefore had too little variation to be
used as a covariate; we report its components in Table 1 for transparency.

Hypothesis renumbering. In Stage 2, the hypothesis on the moderating role of developer
experience moved from H4 to H2, shifting the physiology–performance correlation from H2
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to H3 and subjective–objective alignment from H3 to H4. H1 (physiological differences) is
unchanged, and the substantive content of each hypothesis is preserved.
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