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Abstract
Adaptive computerized tasks alter subsequent response conditions, complicating the interpretation of
slowing and errors. We examined autonomic reactivity and response trajectories in 31 participants
completing an adaptive cognitive task; photoplethysmography-derived pulse rate variability (PRV)
passed final quality control (QC) in 26. Heart-rate (HR) change correlated positively with reaction-time
(RT) slope (r = 0.452, 95% CI [0.116, 0.695]), but the permutation result did not meet the five-test Holm
criterion (p = 0.070). PRV indices RMSSD and SDNN decreased from baseline to task by 8.82 and 18.98
ms, respectively. No association between PRV change and RT slope was detected (both Holm-adjusted
p = 0.974). In a separate eight-test family, greater RMSSD reduction was associated with higher accuracy
(r = − 0.560, 95% CI [− 0.779, − 0.221], Holm-adjusted p = 0.029); strict QC retained a similar estimate (n = 
22, r = − 0.498) without meeting the corrected threshold. For local slowing, both primary empirical-logit
models had Holm-adjusted p = 0.060; grouped-binomial sensitivities indicated lower failure and omission
odds (adjusted p = 0.021 and 0.029). PRV analyses were post hoc.

Introduction
Adaptive computer systems can modify the pace of incoming information and the support available
during task execution. Understanding behavior in these environments requires attention to both the
user's responses and the system adjustments that shape subsequent demands. Workload varies during
goal-directed computer use, making the timing of support relevant to the ongoing interaction [1]. Slower
responding may reflect difficulty, greater response caution, or adjustment to a changed presentation rate;
distinguishing these possibilities matters when assessing whether users maintain effective
performance. In performance-contingent tasks, a response also affects the conditions encountered next.
In a Tetris experiment using electroencephalography (EEG) to guide adaptation, changing the thresholds
used to trigger adjustments altered the frequency of pace changes and the difficulty reached by users
[2]. A useful account of response slowing must therefore consider what the user is trying to preserve and
how the adjustment rule changes the opportunity to do so.

Psychological accounts provide complementary reasons to examine response speed alongside
response quality. Compensatory-control theory proposes that people can protect task achievement by
adjusting effort and attention, potentially maintaining performance at increased cost [3]. Sequential-
sampling models distinguish the quality of evidence supporting a decision from the amount of evidence
required before responding; in two-choice tasks, these components can produce different combinations
of response time and accuracy [4]. These accounts motivate examining whether slowing accompanies
less successful responding or greater response accuracy. Under adaptive pacing, however, either pattern
must also be interpreted in relation to changes in task conditions. Autonomic recordings offer an
additional perspective on the demands experienced during computer use. Their interpretation
nevertheless depends on the task and the user's developing proficiency: experimental multitasking
research showed that learning altered the sensitivity of some physiological measures to task demand
[5]. Electrodermal activity (EDA) can also reflect stress associated with time pressure and evaluation,
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alongside cognitive demands [6]. Separating tonic skin conductance level (SCL) from phasic skin-
conductance responses (SCRs) permits different components of this activity to be examined [7].
Relating these measures to response trajectories and response quality can help characterize
physiological reactivity during interaction, while leaving its underlying psychological interpretation open.

Cardiac responses are particularly relevant to the possibility that continued performance carries a
temporal cost. In an on-road experiment with 108 drivers, successive increases in working-memory
demand produced incremental increases in heart rate and skin conductance, whereas driving-
performance measures did not differentiate those levels as consistently [8]. This dissociation indicates
that physiological changes can reveal differences in task demand that are not apparent from an
aggregate performance score. In a separate driving-simulator study, increasing working-memory load
raised heart rate and lengthened the time required to reach an instructed speed [9]. These were joint
effects of experimentally varied load, providing a basis for examining cardiac activation alongside the
time needed to respond. Mean HR does not capture beat-to-beat pulse-interval variability. The root mean
square of successive differences (RMSSD) summarizes short-term successive interval variation,
whereas the standard deviation of accepted pulse intervals (SDNN) summarizes their dispersion within
the analyzed window. During cognitive work, reductions in vagally mediated cardiac variability can
accompany increased task demand, but these indices do not provide a direct measure of sympathetic
activation [10]. When intervals are derived from photoplethysmography rather than an electrocardiogram,
they should be described as pulse rate variability (PRV). PPG-derived PRV and ECG-derived heart-rate
variability are related but not interchangeable, and agreement can be less stable during cognitive stress
or other conditions that alter peripheral hemodynamics [11]. PRV can therefore complement mean HR
and EDA while requiring separate methodological interpretation.

Applying this evidence to an adaptive task requires considering change across the response sequence.
Performance-contingent pacing can continue to challenge a user as successful responses permit further
adjustments. Under a compensatory-control account, preserving task achievement in such conditions
may require sustained mobilization while response selection becomes more time-consuming. If greater
cardiac reactivity accompanies this demand for continued regulation, participants showing larger
increases from baseline may also exhibit a stronger tendency toward slowing. This reasoning motivates
a positive association between heart-rate reactivity and reaction-time slope. It extends demand-related
findings to a between-person prediction about behavioral development, rather than assuming that a high
mean reaction time alone indicates increasing difficulty. The relevant cardiac contrast is reactivity to task
engagement, which differs from a progressive rise in heart rate during the task. Simulated-work research
illustrates the distinction: in a driving task, heart rate initially increased relative to rest and subsequently
declined during continued performance [12]. An elevated task average can therefore coexist with a
decreasing physiological trajectory. Relating task-minus-baseline heart rate to ordered response timing
addresses whether participants differ in their behavioral course according to overall cardiac reactivity. It
does not require heart rate and response time to rise together at each moment.
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The second prediction concerns how response quality changes when an individual responds more slowly
than usual. Experimental manipulation of response priorities provides evidence for accuracy-oriented
response regulation: across random-dot-motion and visual-discrimination tasks, accuracy-focused
instructions produced slower and more accurate responses than speed-focused instructions [13]. This
supports examining whether local slowing is accompanied by fewer unsuccessful responses, rather than
interpreting slowing in isolation. The temporal constraint also matters. In random-dot decisions
compared within a common response-time window, accuracy was lower with 800- or 1,000-ms deadlines
than in free-response blocks; the shorter deadline also produced more missed responses [14]. Together,
these findings link response quality to both the user’s response policy and the time constraints imposed
by the task.

For an adaptive response sequence, the predicted negative relation between local reaction time and
failure rate follows if additional response time accompanies more careful selection under the conditions
currently available. Extending the prediction to omissions requires a further consideration. Slower
responses need not produce fewer omissions under an unchanged deadline; they could instead miss the
available response window. Fewer omissions are plausible when a slower response regime
accompanies a better match between the incoming pace and the user’s processing capacity. The
hypothesis thus concerns the local pattern of speed and quality emerging during adaptation. Comparing
bins within the same person, while accounting for stimulus progress, separates that pattern from stable
differences in average speed between participants.

Physiologically triggered assistance improved performance in a simulated uninhabited-air-vehicle task
[15], and electrodermally guided changes in visual complexity improved working-memory performance in
virtual reality [16]. In digital decision games, imposed pacing affected performance, while behavioral
indicators showed limited correspondence with physiological measures [17]. These findings motivate
examining how physiological and behavioral measurements relate when the task already adapts to the
user's responses. Adaptation can also affect outcomes differently: EEG-based adjustment of
information-presentation speed reduced perceived temporal demand without significantly improving
learning gains, whereas adding a financial incentive improved gains relative to adaptation alone [18].

The need to examine these outcomes together is especially clear in a recent adaptive Stroop study.
Performance-dependent changes in trial duration increased perceived workload and produced faster but
less accurate responses than nonadaptive pacing [19]. Such condition comparisons establish that the
pacing rule can alter the behavioral profile. They leave a complementary question about variation within
an already adaptive setting: whether participants with greater autonomic reactivity develop different
response trajectories, and whether slower portions of an individual’s sequence are accompanied by
better response quality. Addressing this question requires separating the two levels of association. A
between-person relation between cardiac reactivity and slowing does not determine whether local
slowing within a person is helpful, harmful, or unrelated to successful responding.
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The research gap addressed here is therefore the joint characterization of physiological reactivity,
behavioral change across the task, and local speed–quality covariation under performance-contingent
pacing. Average speed can conceal contrasting early and late performance, while an overall accuracy
score can conceal local changes in response success. Ordered trajectories make those changes
available for analysis. Distinguishing gradual changes from sustained upward departures further clarifies
whether slowing follows a broad trend or a more localized change in course. The physiological and
behavioral summaries contribute different information to this assessment, without requiring them to
identify a common underlying mechanism.

The aim of this study was to characterize how autonomic reactivity relates to response trajectories and
how response timing covaries with response quality during performance-adaptive human–computer
interaction. We distinguished between-person differences in task-related reactivity from within-person
variation across the response sequence.

RQ1. Is greater cardiac reactivity associated with a stronger tendency toward response slowing across
the adaptive task?

H1. Participants with greater task-minus-baseline increases in heart rate will exhibit more positive
reaction-time slopes across normalized stimulus progress.

RQ2. Within participants, is locally slower responding associated with lower rates of unsuccessful
responses?

H2. Bins with longer median reaction times relative to the participant’s own mean bin median will have
lower failure and omission rates, after accounting for normalized stimulus progress.

Additional exploratory objectives were to examine associations of mean, tonic, and phasic electrodermal
reactivity with response trajectories, and to assess whether individual trajectories showed sustained
upward departures from a linear trend. A post hoc extension additionally quantified PPG-derived PRV
using RMSSD as the primary PRV measure and SDNN as a complementary measure, and examined their
task-related changes in relation to the same existing behavioral summaries. These objectives extend the
analysis beyond average response speed while distinguishing gradual slowing from possible changes in
its trajectory.

Methods

Participants and ethics
Participants were recruited on a rolling basis from the university student population during the testing
period. Inclusion criteria were age 18–27 years, self-reported good general health, absence of
contraindications to the study procedures, and written informed consent. The age restriction was
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intended to limit age heterogeneity, given reported age-related differences in cognitive performance from
early adulthood [20].

Exclusion criteria were neurological or psychiatric disorders, or other conditions that could affect the
study procedure or physiological responses; use of medication or substances affecting autonomic
function; caffeine or nicotine consumption within 4 h before testing; intensive physical exercise within 12
h before testing; and absence or previous withdrawal of consent. The study was approved by the Ethics
Committee of Wroclaw University of Health and Sport Sciences (approval no. 46/2025, 28 January 2026;
Supplementary File 1) and was conducted in accordance with the Declaration of Helsinki.

The analytical sample comprised 31 participants with ordered response records and HR/EDA
measurements meeting the requirements for temporal analysis. All participants completed the same
baseline and cognitive-task protocol. Records required identifiable stimulus positions and agreement
with participant-level correct-response and omission counts. Inclusion did not depend on the direction or
magnitude of the RT trajectory. Measure-specific availability and PRV QC determined the analysis sets
shown in Fig. 1; participant-level PRV QC is reported in Supplementary File 2 (Table S10).

Inference emphasizes effect estimates and confidence intervals. As a sensitivity benchmark, with N = 31
a single two-sided Pearson correlation test against zero at α = 0.05 has approximately 80% power to
detect |ρ| ≈ 0.48 under a bivariate-normal model. The study therefore had greater sensitivity to moderate-
to-large between-participant associations than to smaller effects.

Participant characteristics and questionnaire responses are reported in Table 1. Age was calculated in
completed years at questionnaire completion, and body mass index (BMI) was calculated as body mass
in kilograms divided by height in metres squared. Pre-task ratings assessed sleep, sleepiness on the
Karolinska Sleepiness Scale (KSS; [21]), fatigue, stress, and discomfort. Immediately after the task,
participants completed the six NASA Task Load Index (NASA-TLX) subscales on 0–100 scales [22].
Higher ratings indicate greater demand or poorer perceived performance; performance anchors were 0
(perfect) and 100 (failure). The raw NASA-TLX score was the unweighted mean of all six subscales [23],
and was available for every participant.

Procedure and adaptive computer task
Participants completed individual sessions in the same laboratory room. Sensors were attached and
signal quality was checked before a 5-min seated baseline. Standardized instructions preceded the
Vienna Test System Determination Test (DT; SCHUHFRIED GmbH, Mödling, Austria), S2 adaptive long
form, lasting approximately 8 min. Recording markers separated baseline, instructions, and task;
instruction and transition periods were excluded from phase summaries.

The DT presents successive visual and acoustic stimuli associated with predefined responses [24].
Visual stimuli appeared on a 17.3-inch LCD screen at 1920 × 1200 pixels, approximately 45 cm from the
participant; auditory stimuli were delivered through speakers. Participants responded through the VTS
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interface as quickly and accurately as possible. The VTS reports describe a performance-contingent rule
under which incorrect or omitted responses lengthen the presentation times of subsequent stimuli
during a fixed-duration test. Response quality can therefore alter subsequent response opportunities,
and achieved stimulus count is an outcome of this feedback.

Physiological recording, PPG-derived PRV, and electrodermal
processing
Electrodermal activity and raw photoplethysmography (PPG) were recorded at 128 Hz using a Shimmer3
GSR system and ConsensysPRO v2.0.23. HR was generated by the built-in PPG-to-HR algorithm. SC
electrodes were placed on the proximal phalanges of the index and middle fingers of the non-dominant
hand, and the optical pulse sensor on the left earlobe. The recording also contained inter-beat intervals
and inertial channels.

Baseline and task HR and mean SC were taken from participant-level phase summaries; reactivity was
task mean minus baseline mean. The exported HR interval means were weighted by their durations to
check the phase means. Completeness checks for the 464 exported HR summaries are reported in
Supplementary File 2 (Table S7).

PPG-derived PRV was calculated independently from the built-in HR summaries by re-detecting systolic
pulse peaks in the raw 128-Hz PPG using an Elgendi-based peak-detection pipeline [25]. The default
analysis windows were the last 300 s of baseline and the first 300 s of the cognitive task. A documented
post hoc extension allowed an actual phase duration from 295 to 300 s when the phase itself was
shorter; use of this allowance was flagged. Pulse intervals outside 300–2000 ms or deviating by more
than 20% from the local median of 11 intervals were rejected. No interpolation was used.

A phase required at least 200 retained intervals, at least 190 pairs of genuinely adjacent retained
intervals, and at least 80% temporal coverage. The original QC limit allowed at most 10% rejected
intervals; a documented post hoc extension allowed at most 15% while leaving all interval filters
unchanged. RMSSD was calculated only from accepted interval pairs that were adjacent in the original
detected sequence, so rejected or missing intervals were not bridged. SDNN was the sample standard
deviation of accepted pulse intervals. Primary PRV analyses required both phases to pass final QC.
Membership of the strict-QC and designated borderline sensitivity sets is detailed in Fig. 1 and
Supplementary File 2 (Table S10).

Tonic and phasic EDA measures were obtained through continuous signal processing. Non-finite values
and SC outside 0.2–125 µS were rejected. Adjacent-sample changes above 0.25 µS were masked with 1-
s margins, and constant runs lasting at least 10 s were excluded. Gaps longer than 1.5 times the median
sampling interval separated segments; retained segments lasted at least 30 s. A fourth-order
Butterworth low-pass filter at 2 Hz was applied bidirectionally, followed by resampling to 8 Hz within
valid segments. Interpolation did not bridge rejected gaps.
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Decomposition used the cvxEDA model [26], implemented with a sparse primal–dual solver in SciPy.
Parameters were τ₀ = 2.0 s, τ₁ = 0.7 s, tonic spline knots every 10 s, α = 0.0008, and γ = 0.01. Signals were
standardized for fitting and restored to µS for quantification. Five-second margins at phase and valid-
segment boundaries were excluded. Phase eligibility required confirmed boundaries, at least 80%
retained coverage after phase margins, at least 120 s of analyzable data, and non-negative tonic
estimates. Signal exclusions were documented explicitly [27].

Tonic SCL was the mean of retained tonic samples. SCR amplitude was the difference between a local
phasic peak and its preceding local minimum within the same valid segment and phase. Accepted
responses had amplitude ≥ 0.05 µS. SCR frequency was the accepted count divided by analyzable
minutes; mean SCR amplitude was the sum of accepted amplitudes divided by their count. A phase
without an accepted SCR has zero frequency but undefined mean amplitude. The tonic and phasic
measures were checked against the archived sample masks, tonic traces, and event lists. Reactivity was
task minus baseline for each of the five original HR/EDA measures and for each PRV metric.

Ordered responses and temporal outcomes
Participant identifiers linked physiological measurements, aggregate DT outcomes, and ordered
response series. Individual RT values, stimulus order, and response classifications were obtained from
the VTS test reports. RT values were read from native vector-plot coordinates and calibrated to each
participant’s printed RT scale. Missing RT values were not imputed. Normalized progress was (position − 
1)/(total stimulus positions − 1), ranging from 0 to 1. It represents relative task order rather than elapsed
time.

The primary temporal outcome, termed RT slope, quantified the linear change in response latency across
each participant’s ordered response series. It was calculated by ordinary least squares, with individual
available RT values as the dependent variable and normalized progress as the predictor. The fitted
coefficient expresses the estimated change in milliseconds from progress 0 to 1: positive values indicate
slowing, negative values indicate faster responding, and values near zero indicate little linear change. RT
slope therefore describes change across relative stimulus order, rather than change per unit of elapsed
time or the participant’s average response latency.

For separate analyses of local trajectories, each ordered series was divided into 20 equal-width progress
bins. Bin medians, median absolute deviations (MAD), and response counts described local behavior; the
bin midpoint represented progress. These bin summaries were not used to calculate the participant-level
RT slope. Additional temporal outcomes were late-third minus early-third median RT, MAD, failure rate,
and omission rate.

Aggregate accuracy was correct responses divided by the sum of correct, incorrect, and omitted
responses; aggregate omission proportion used the same denominator. At bin level, failures comprised
incorrect plotted responses and omissions. The failure rate was their combined count divided by the
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number of stimulus positions in the bin. Exported aggregate response counts and plotted stimulus
positions have different counting units; consequently, bin failure rate is not interchangeable with one
minus aggregate accuracy. Stimulus count and correct-response count were retained as distinct
throughput measures.

Statistical analysis
Statistical analyses used jamovi (version 2.7.4) and custom Python scripts. The scripts implemented the
permutation procedures, repeated-bin models, and bootstrap change-point tests described below.
Continuous variables were summarized using means and standard deviations, with t-based confidence
intervals for paired physiological changes. Pearson correlations related each physiological change to
participant RT slope; individual 95% confidence intervals were calculated using Fisher’s transformation.
Two-sided participant-label permutation tests used 99,999 draws and the plus-one correction [28]. Holm
adjustment [29] covered the five physiological correlations as one family. Spearman correlations
provided a rank-based sensitivity check.

Separate repeated-bin models included participant fixed intercepts, normalized progress, and its
interaction with each standardized physiological change. The interaction estimates the difference in RT
change across full progress per 1 SD higher reactivity. Inference used participant-clustered covariance
with the finite-sample correction and a t distribution with G − 1 degrees of freedom, where G is the
number of participants [30]. Holm adjustment covered the five interaction tests. For permutation
sensitivity analysis, a linear slope was first fitted to each participant’s 20 bin medians; with a common
progress grid and equal bin weights, regressing these slopes on standardized reactivity gives the same
interaction coefficient as the repeated-bin model. Participant slope values were then randomly
reassigned relative to the physiological values 99,999 times, and the absolute observed Pearson
correlation was compared with its permutation distribution using the plus-one correction; the statistic
was not divided by a robust standard error. The same five-test Holm adjustment was applied, and results
from the two inferential procedures were reported separately.

Associations with aggregate accuracy, omission proportion, stimulus count, and correct-response count
formed a 20-test family (five physiological predictors by four outcomes). The four late-minus-early
temporal outcomes formed another 20-test family. Each family used permutation p values and Holm
correction. Sensitivity models added the corresponding baseline physiological value, global median RT,
accuracy, or stimulus count individually. These adjustments assess dependence on model specification.

PRV analyses were added post hoc and were therefore kept in separate multiplicity families rather than
retroactively expanding the original five-predictor HR/EDA families. RMSSD was the primary PRV metric
and SDNN was complementary. Baseline and task values and task-minus-baseline changes were
summarized on the raw millisecond scale. Paired t tests used t-based 95% confidence intervals for mean
change; Cohen’s dz and 20,000-resample percentile-bootstrap confidence intervals described paired

effect size. Holm correction covered the two paired PRV tests. Distribution diagnostics were examined
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for raw RMSSD and its paired change; lnRMSSD was analyzed as a sensitivity because logarithmic
transformation reduced phase-value skew without changing the substantive inference.

For the primary PRV–trajectory analysis, Pearson correlations related RMSSD and SDNN change to the
participant RT slope, using 99,999 participant-label permutations and a separate two-test Holm
correction. The corresponding correlations with the 20-bin RT slope and Spearman coefficients were
sensitivity analyses. The same four aggregate outcomes used for HR/EDA formed an eight-test PRV
family (two PRV changes by four outcomes), and the four late-minus-early temporal outcomes formed a
separate eight-test PRV family. Key results were repeated in the strict-QC and designated borderline
sensitivity sets (Fig. 1). Descriptive HC3 regressions assessed whether the RMSSD–accuracy estimate
changed after adjustment for baseline RMSSD or HR change; these regressions were not used to define
the primary inference.

For within-person coupling, each bin’s median RT was centered on that participant’s mean bin median
and scaled by the pooled standard deviation of the centered deviations. Failure and omission counts
were transformed to empirical logits, log[(y + 0.5)/(n − y + 0.5)], where y is the event count and n the
number of stimulus positions. Separate unweighted least-squares models contained participant fixed
intercepts, progress, and standardized RT deviation. Participant-clustered t inference used 30 degrees of
freedom and Holm adjustment across the two RT coefficients. These coefficients describe empirical-
logit associations rather than fitted event-level odds ratios.

An additional sensitivity analysis for H2 fitted grouped-binomial logistic models to failure and omission
counts, with the number of stimulus positions in each bin as the denominator. Both models included
participant fixed intercepts, normalized progress, and within-person-centered bin median RT divided by
the primary pooled SD (38.27 ms). Participant-cluster sandwich covariance used the same finite-sample
correction as the primary analysis, with a t reference distribution on 30 degrees of freedom; the two RT
coefficients formed a separate Holm correction family. No continuity correction or additional frequency
weights were applied. Details are provided in Supplementary File 2 (Table S6).

The association between RT slope and change in MAD was reported descriptively, with Pearson and
Spearman coefficients. Supplementary analyses assessed influence, covariate adjustment, dimensional
summaries, internal prediction, and PRV QC sensitivity. All intervals are individual rather than
simultaneous. Corrected p values below 0.05 were the inferential threshold within the stated families.
Saved outputs for the original analyses and the post hoc PRV analyses are provided in Supplementary
File 3 (Statistical Results). Additional estimates and measurement checks are reported in Supplementary
File 2 (Tables S1–S13).

Rounding-sensitivity checks are reported in Supplementary File 2 (Table S8).

Directional change-point analysis
Continuous piecewise-linear models were fitted to each participant’s 20 bin medians. Candidate
breakpoints ranged from 0.25 to 0.75 in increments of 0.05. A descriptive candidate required a Bayesian

Page 10/31



information criterion (BIC; [31]) improvement of at least 6 over a linear model, a positive change in slope,
and a positive post-break slope. The estimated breakpoint was treated as an additional model
parameter.

Inference for upward departure from linearity used the largest BIC improvement among candidates
satisfying both directional conditions. Block resampling preserves local serial dependence [32]. Centered
residuals from the fitted linear null model were resampled in circular blocks of three consecutive bins
and added to the fitted trajectory. Each of 9,999 bootstrap samples repeated the complete search. Plus-
one bootstrap p values were Holm-adjusted across 31 participants. This procedure tests an upward
departure from a linear RT trajectory.

Use of generative AI
During preparation of this work, ChatGPT (OpenAI),, was used to support language editing and editorial
refinement. The tools were used under the direction of the corresponding author. The authors retain
responsibility for the scientific interpretation and final content.

Results

Available observations and physiological reactivity
Participant characteristics and self-reported state and workload are summarized in Table 1.
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Table 1
Participant characteristics and self-reported state and workload (N = 31).

Characteristic Mean ± SD

or n (%)

Median [Q1, Q3] Range

Demographic and anthropometric characteristics

Age, years 19.55 ± 1.12 19.00 [19.00, 20.00] 18.00–23.00

Female, n (%) 21 (67.7) — —

Male, n (%) 10 (32.3) — —

Right-handed, n (%) 31 (100.0) — —

Height, cm 172.55 ± 10.66 169.00 [164.50, 179.00] 160.00–196.00

Body mass, kg 64.56 ± 13.84 59.00 [55.00, 69.00] 47.00–98.00

BMI, kg/m² 21.47 ± 2.58 20.70 [19.65, 23.71] 16.65–26.58

Pre-task self-reported state

Sleep duration, h 6.29 ± 1.62 6.00 [6.00, 7.00] 2.00–10.00

Sleep quality, 0–10 6.32 ± 2.26 7.00 [5.00, 8.00] 1.00–10.00

Sleepiness (KSS), 1–9 4.74 ± 1.59 5.00 [3.50, 6.00] 2.00–7.00

Physical fatigue, 0–10 3.94 ± 2.22 4.00 [2.50, 6.00] 0.00–7.00

Mental fatigue, 0–10 4.81 ± 2.07 5.00 [3.00, 6.00] 1.00–8.00

Stress, 0–10 3.65 ± 2.60 4.00 [2.00, 6.00] 0.00–9.00

Pain/discomfort, 0–10 1.55 ± 1.52 1.00 [0.00, 2.00] 0.00–5.00

Post-task subjective workload (NASA-TLX, 0–100)

Mental demand 68.06 ± 15.09 70.00 [60.00, 77.50] 30.00–95.00

Physical demand 40.16 ± 24.44 45.00 [17.50, 57.50] 5.00–90.00

Temporal demand 77.26 ± 14.48 80.00 [67.50, 85.00] 40.00–100.00

Performance 52.10 ± 18.52 50.00 [40.00, 65.00] 10.00–90.00

Effort 70.16 ± 15.99 75.00 [65.00, 80.00] 20.00–90.00

Frustration 60.65 ± 25.68 65.00 [42.50, 80.00] 10.00–95.00

Raw NASA-TLX (unweighted mean) 61.40 ± 10.25 60.83 [54.17, 67.92] 40.83–82.50

Values are mean ± SD, median [Q1, Q3], and observed range unless stated otherwise. BMI, body mass
index; KSS, Karolinska Sleepiness Scale; NASA-TLX, NASA Task Load Index. Higher sleep-quality scores
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indicate better sleep; higher KSS, fatigue, stress, and discomfort scores indicate greater sleepiness,
fatigue, stress, and discomfort, respectively. All characteristics were available for the 31 included
participants.

The ordered response data contained 17,320 stimulus positions and 16,304 available RT values, with 973
omissions and 43 positions without a plotted RT. The repeated-bin dataset contained 620 observations.
Mean global median RT was 746.23 ± 57.71 ms, and the mean individual RT slope was 8.87 ± 50.31 ms
across full progress, ranging from − 126.44 to 160.88 ms. The slope range included both increasing and
decreasing RT trajectories.

All 62 EDA phases met the quality criteria. Retained coverage was 100% at baseline and 97.44–100%
during the task. No baseline SCR met the acceptance criterion for one participant; consequently, the
amplitude analysis comprised 30 paired observations and its trajectory model included 600 bins. Final
PPG-derived PRV quality control was passed in both phases by 26 participants. Of these, 22 had status
OK in both phases; four primary inclusions used the documented post hoc extension for a rejection
fraction up to 15% or an actual phase duration of 295–300 s. Physiological phase summaries are
presented in Table 2. HR, mean SC, tonic SCL, and SCR frequency increased in every participant;
amplitude changes varied in direction. In the PRV sample, RMSSD decreased from 46.13 ± 19.19 to
37.32 ± 16.68 ms (mean change − 8.82 ms, 95% CI − 14.11 to − 3.53; Holm-adjusted p = 0.002), and
SDNN decreased from 62.20 ± 18.59 to 43.22 ± 15.47 ms (mean change − 18.98 ms, 95% CI − 25.18 to − 
12.78; Holm-adjusted p < 0.001).

 
Table 2

Baseline and task physiology and paired changes.
Measure n Baseline

Mean ± SD

Task

Mean ± SD

Change

Mean (95% CI)

HR, bpm 31 76.01 ± 9.99 96.68 ± 11.74 20.66 (17.59 to 23.73)

Mean SC, µS 31 4.13 ± 2.88 8.82 ± 4.28 4.69 (3.81 to 5.56)

Tonic SCL, µS 31 3.58 ± 2.58 7.91 ± 4.25 4.33 (3.45 to 5.21)

SCR frequency, min⁻¹ 31 5.06 ± 3.59 11.83 ± 4.67 6.78 (5.29 to 8.26)

Mean SCR amplitude, µS 30 0.184 ± 0.087 0.248 ± 0.091 0.064 (0.025 to 0.102)

PPG-derived RMSSD, ms 26 46.13 ± 19.19 37.32 ± 16.68 −8.82 (− 14.11 to − 3.53)

PPG-derived SDNN, ms 26 62.20 ± 18.59 43.22 ± 15.47 −18.98 (− 25.18 to − 12.78)

Change = task minus baseline. SCR-amplitude summaries use the same 30 participants in both phases.
PPG-derived PRV rows use the 26 participants passing final QC in both phases. CI, confidence interval;
PRV, pulse rate variability; RMSSD, root mean square of successive differences; SDNN, standard
deviation of accepted pulse intervals; SCL, skin conductance level; SCR, skin-conductance response.
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Autonomic reactivity and response trajectories
The five original HR/EDA correlations with RT slope and the separate post hoc PRV correlations are
reported in Table 3. HR reactivity was positively associated with RT slope, although its permutation p
value exceeded 0.05 after adjustment across the original five-test family. None of the EDA associations
met the corrected criterion. No association between PRV change and RT slope was detected: RMSSD r = 
− 0.060 (95% CI [− 0.437, 0.335]) and SDNN r = − 0.143 (95% CI [− 0.503, 0.258]); both two-test Holm-
adjusted p values were 0.974. The HR association is shown in Fig. 2. Figure 3 shows the paired PRV
phase values and the RMSSD-change–RT-slope relation. The analogous 20-bin RT-slope correlations
were also near zero (Supplementary File 2, Table S12). Mean-SC and tonic-SCL changes were correlated
(r = 0.945).

 
Table 3

Physiological changes and participant RT slope.
Predictor n r 95% CI for r Permutation p Holm p

HR 31 0.452 0.116 to 0.695 0.014 0.070

Mean SC 31 0.126 −0.239 to 0.460 0.503 1.000

Tonic SCL 31 0.172 −0.195 to 0.496 0.359 1.000

SCR frequency 31 −0.094 −0.434 to 0.269 0.623 1.000

Mean SCR amplitude 30 −0.192 −0.516 to 0.181 0.296 1.000

PPG-derived RMSSD 26 −0.060 −0.437 to 0.335 0.765 0.974

PPG-derived SDNN 26 −0.143 −0.503 to 0.258 0.487 0.974

Pearson coefficients; Fisher’s z intervals are unadjusted. The original HR/EDA rows form the five-test
Holm family used for the planned and original exploratory physiology analyses. The two PPG-derived
PRV rows form a separate post hoc two-test Holm family because they use a distinct QC-defined
sample. Reactivity is task minus baseline.

Consistent with the participant-level association, the HR–progress interaction was positive in the
repeated-bin model (Table 4). Cluster-t inference met the five-test Holm criterion, whereas the
participant-label permutation sensitivity did not. EDA interaction intervals included zero. Figure 4
displays the model-implied RT trajectories at different levels of HR reactivity; the lines describe the fitted
association and do not represent distinct participant groups.

 

Page 14/31



Table 4
Physiological moderation of RT change across normalized progress.

Predictor β

ms/SD

95% CI Cluster-t p Holm

cluster-t p

Holm

permutation p

HR 18.87 5.78 to 31.95 0.006 0.031 0.148

Mean SC 8.90 −11.00 to 28.80 0.368 1.000 0.935

Tonic SCL 10.65 −9.00 to 30.29 0.277 1.000 0.899

SCR frequency −2.09 −15.83 to 11.66 0.759 1.000 0.935

Mean SCR amplitude −7.93 −22.14 to 6.28 0.263 1.000 0.935

Separate models contain participant fixed intercepts, progress, and progress × standardized reactivity. N 
= 31 and 620 bins, except amplitude (N = 30; 600 bins). CI uses participant-clustered t inference. Each p-
value column with Holm adjustment covers five predictors; permutation inference is a separate
sensitivity procedure.

Response quality and local slowing
Across participants, HR reactivity correlated positively with aggregate accuracy (r = 0.454) and
negatively with omission proportion (r = − 0.436). Their permutation p values were 0.012 and 0.014,
respectively; the corresponding values after adjustment across the 20 quality/exposure tests were 0.243
and 0.267. No association in that family met the corrected criterion. Full estimates are available in
Supplementary File 2 (Table S1).

In the separate eight-test PRV family for the same aggregate outcomes, RMSSD change was negatively
associated with accuracy (r = − 0.560, 95% CI [− 0.779, − 0.221], permutation p = 0.004, Holm-adjusted p 
= 0.029). Because change was calculated as task minus baseline, this direction indicates that a larger
RMSSD reduction was associated with higher aggregate accuracy. RMSSD change was positively
associated with omission proportion before correction (r = 0.472, permutation p = 0.014), but not after
Holm adjustment (p = 0.098). The SDNN-change–accuracy association was r = − 0.423 (Holm-adjusted p 
= 0.183). No other PRV association in this family met the corrected threshold (Supplementary File 2,
Table S12). In the strict QC set (n = 22), the RMSSD–accuracy estimate remained negative (r = − 0.498)
but the eight-test Holm-adjusted p value was 0.146; the designated borderline sensitivity gave n = 27, r = 
− 0.558 and adjusted p = 0.031 (Supplementary File 2, Table S13).

Within participants, coefficients for the associations of local RT with failure and omission rates were
negative (Table 5). Neither coefficient met the two-test Holm criterion.

In the grouped-binomial sensitivity analysis, a one-SD increase in within-person-centered bin median RT
was associated with lower failure odds (OR = 0.906, 95% CI [0.841, 0.975], Holm-adjusted p = 0.021) and
omission odds (OR = 0.916, 95% CI [0.847, 0.990], Holm-adjusted p = 0.029). Both directions agreed with
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the primary empirical-logit models, for which both adjusted p values were 0.060. Full estimates are
reported in Supplementary File 2 (Table S6).

 
Table 5

Within-person associations between local RT and response quality.
Outcome β 95% CI Cluster-t p Holm p

Failures −0.083 −0.158 to − 0.009 0.030 0.060

Omissions −0.069 −0.139 to 0.002 0.056 0.060

Coefficient per pooled SD of within-person RT deviation (38.27 ms). Failure = incorrect plotted response
or omission. Models use empirical logits, participant fixed intercepts, and progress; 31 participants and
620 bins. Holm correction covers the two RT coefficients.

Temporal variability and trajectory changes
Figure 5 shows individual response trajectories alongside HR reactivity and RT slope, with positive and
negative slopes among participants with similar HR changes.

More positive RT slopes were associated descriptively with larger late-minus-early changes in MAD (r = 
0.462, 95% CI [0.129, 0.701]; Spearman ρ = 0.406). None of the 20 original HR/EDA associations with
late-minus-early temporal outcomes met the Holm criterion. None of the eight PRV associations with
those same outcomes met the separate Holm criterion. Individual covariate adjustments retained
positive HR trajectory estimates. Complete sensitivity estimates are reported in Supplementary File 2
(Tables S2–S4, S9, S12 and S13).

One participant met the descriptive piecewise criterion, with a breakpoint at normalized progress 0.65
and a BIC improvement of 13.75. The residual-block bootstrap p value was 0.0038 and the 31-test Holm-
adjusted value was 0.118. No participant met the multiplicity-adjusted criterion for an upward RT change
point (Supplementary File 2, Table S5).

Discussion
The findings address two distinct questions about behavior under performance-contingent pacing and
add a post hoc PRV description. Participants with greater task-minus-baseline HR change tended to have
more positive RT slopes, whereas locally slower responding tended to accompany lower failure and
omission rates. These directions were consistent with the hypotheses, but the evidence remained
sensitive to statistical inference. In the final-QC PRV sample, RMSSD and SDNN both decreased from
baseline to task. Neither PRV change was associated with RT slope, so the PRV results did not
reproduce the specific HR–slowing relation. Instead, a larger RMSSD reduction was associated with
higher aggregate accuracy in the corrected primary PRV family; its magnitude remained similar under
strict QC, although the corrected threshold was not retained at n = 22. The cardiac analyses describe
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related observations from overlapping participants, rather than independent replications. Together, the
results indicate that mean HR, pulse-interval variability, and response quality carry partially different
information without establishing that autonomic adjustment sustained performance or that slowing
represented effective compensatory control.

The inferential divergence preceded multiplicity adjustment: unadjusted p values were 0.0062 for cluster-
t and 0.0297 for permutation. In this balanced design, both procedures assess the coefficient relating
participants’ 20-bin RT slopes to standardized HR reactivity, which equals the repeated-bin interaction.
Cluster-t inference divides the coefficient by its participant-clustered standard error (6.41 ms/SD) and
uses t(30); permutation compares an unstudentized correlation with correlations obtained by randomly
reassigning participant labels. The procedures therefore use different uncertainty assumptions: the t
reference is approximate, whereas permutation requires exchangeable pairings under its null. Their
differing decisions with 31 independent participants warrant cautious interpretation.

Associations were estimated at two levels: the cardiac analysis compared participants, and the local
response-quality analysis compared bins within participants. Physiological predictors summarized
baseline-to-task changes.

The adaptive controller shapes the setting in which these associations arise: earlier errors and
omissions modify subsequent presentation conditions. Adaptive automation and game-difficulty
adjustment have improved performance [33, 34], yet participants in a vigilance task performed similarly
when schedules were controlled by their own EEG or generated from another person's EEG [35]. Effective
scheduling and matching support to an individual's state are therefore distinct achievements. Here,
adaptation was driven by response performance, and task-wide physiological reactivity was related
retrospectively to behavioral trajectories. The associations characterize behavior within an adaptive
environment, where participant regulation and computer-supplied changes in response opportunities can
both contribute to performance.

Greater HR reactivity could reflect mobilization accompanying a temporal cost of task engagement.
Cardiovascular responses vary with attainable task demands, temporal pressure, and ability [36, 37].
Greater working-memory demand can increase HR while reducing high-frequency heart-period variability,
consistent with altered parasympathetic regulation [10]. The present PRV results add a related but non-
equivalent observation: PPG-derived RMSSD and SDNN were lower during the task than at baseline, yet
no association between their changes and RT slope was detected. A larger RMSSD reduction was
instead associated with higher aggregate accuracy. This pattern is compatible with greater autonomic
adjustment among participants who maintained more accurate responding, but it does not establish
compensatory effort, vagal withdrawal as the sole cause, or a causal benefit of reduced variability. PPG-
derived PRV is influenced by peripheral pulse-wave timing and should not be treated as interchangeable
with ECG-derived HRV, particularly under cognitive or other non-resting conditions [11].

Task-minus-baseline reactivity must also be distinguished from a physiological trend: HR can decline as
fatigue develops [38], even when task-average HR remains above baseline. Slowing and reduced
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attentional efficiency in 20-min vigilance [39] and 3-h visual-attention tasks [40] provide comparisons
with this approximately 8-min adaptive task, whose RT slope represents normalized stimulus order rather
than elapsed time. Fatigue, disengagement, motivation, and autonomic arousal need not change in
parallel during prolonged cognitive performance [41, 42, 43]. The present slopes therefore cannot be
attributed to any one of these processes.

For H2, longer bin median RT relative to a participant's own average accompanied lower failure and
omission rates after accounting for progress. The grouped-binomial sensitivity estimates were OR = 
0.906 for failures (95% CI [0.841, 0.975], Holm-adjusted p = 0.021) and OR = 0.916 for omissions (95% CI
[0.847, 0.990], Holm-adjusted p = 0.029), per one pooled SD (38.27 ms) of within-person-centered RT.
Both directions agreed with the primary empirical-logit models, although only the binomial models met
the two-test Holm criterion. Binomial likelihood incorporates the denominators and mean–variance
relation of event counts; the primary models give equal weight to continuity-corrected empirical logits.
This difference indicates dependence on outcome modeling, not independent replication. A more
conservative evidence criterion offers one account of slower, more accurate responses [44], although the
present task involves multiple stimulus–response mappings. Slowing can also accompany poorer
accuracy under greater n-back load [45], and the time–accuracy association varied with difficulty across
29 cognitive-task datasets [46]. The negative coefficients therefore describe local covariation without
demonstrating a change in decision threshold or a causal benefit of slowing.

Pacing and response history provide alternative explanations. When unsuccessful responses reduce the
subsequent presentation rate, relief from temporal competition could improve later response quality
while response timing changes. Slower presentation does not necessarily lengthen measured RT, so the
coefficient's sign alone cannot identify this mechanism. Slowing can also reflect orienting to infrequent
events or perceptual and motor adjustments after errors [47, 48]; with sufficiently long interstimulus
intervals, larger error-related pupil responses predicted both slowing and greater subsequent accuracy
[49]. Because the present bins combine observations before and after errors, they cannot distinguish
caution preceding an error from orienting, recovery, or controller adjustment following it.

The EDA findings distinguish responsiveness to task conditions from information about behavioral
trajectories. HR, mean SC, tonic SCL, and SCR frequency increased in every participant, yet EDA–
trajectory associations did not meet corrected thresholds. Tonic activity and SCR counts responded to
simulation demands [50], whereas SCR frequency showed no clear relation to working-memory accuracy
in another task [51]. A changing Tetris task also showed limited differentiation in electrocardiography-
and EDA-based physiological stress despite changes in load and performance [52]. Event-related
research linked errors to larger SCRs and cardiac deceleration, with SCR magnitude covarying with post-
error slowing [53]. Task-wide SCR frequency and mean accepted amplitude pool such events with
different elicitors and consequences; mean-SC and tonic-SCL changes also overlapped strongly here (r = 
0.945). Aggregation may therefore obscure temporal relationships, without establishing an unobserved
EDA–performance association.
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Response variability and change points provided additional descriptions of the behavioral sequence.
Prior work links variability, momentary slowing, and reduced processing of external events to
fluctuations in attention [54, 55, 56]. The present RT-slope–MAD association involved two summaries
derived from the same response series and did not independently index deterioration. One participant
met the descriptive piecewise criterion, but no upward change point survived multiplicity adjustment.
Twenty-bin trajectories may be insensitive to brief or controller-interrupted changes.

For adaptive human–computer interaction, measurement, prediction, and intervention require separate
evaluation. EEG workload classification accuracy declined across days [57], and a personalized
multimodal workload algorithm that initially appeared promising failed a subsequent test of task-
response matching [58]. A between-person HR association cannot itself define an individual warning
threshold. Physiological information must improve decisions beyond recent responses and current task
conditions, with intervention effectiveness assessed against a separately defined outcome.
Synchronized physiological and behavioral measurements, together with the computer's actual
adjustments, would clarify what physiology adds to interpreting adaptive interaction.

Limitations
The sample size limited precision for between-participant associations, particularly for small effects and
analyses subject to multiplicity correction. PRV had a smaller final-QC sample (n = 26; strict n = 22) than
the full analytical sample, which further reduced precision. The predominantly young and female sample
limits generalization to broader populations.

The observed trajectories combine participants' responses with changing response opportunities under
adaptive pacing.

The physiological predictors were phase-level contrasts. PRV covered the first 300 s of the task, whereas
the HR and EDA summaries used data across the full task phase. Comparisons among their
associations therefore concern different summary windows. The PRV analyses, the QC extension from a
10% to 15% rejected-interval limit, and the 295–300 s short-window allowance were post hoc. The
extensions were documented before the final analyses. The strict-QC sensitivity showed that inference
for the RMSSD–accuracy association varied with the PRV sample.

RT observations were extracted from VTS report plots, with numerical consistency assessed through
vector-coordinate and rounding checks.

Inference for the HR trajectory association differed between cluster-based and permutation procedures.
The change-point analysis was exploratory and based on 20-bin trajectories.

Future research
Future research should prioritize synchronized recording of event-level physiology, behavior, and
controller state. This temporal distinction matters because neural changes can precede errors [59], while
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error-related cardiac deceleration can depend on conscious error detection [60]. Sustained deterioration
should be defined independently, for example as repeated failures or persistent loss of accuracy over a
predefined interval.

Comparisons of fixed, yoked, and adaptive pacing would quantify the contribution of system
adjustments to performance maintenance. Fixed-demand blocks and counterbalanced or programmed
difficulty schedules would help separate workload from time-on-task effects and show how response
trajectories develop when errors do not automatically slow presentation.

Candidate physiological markers should then be evaluated prospectively for predictive value beyond
recent errors, RT variability, and current difficulty. Individual baselines, standardized practice, repeated
sessions, and independent participants would support this evaluation, using warning lead time, false
alarms, missed deterioration, and recovery as outcomes. Randomized comparisons of assistance,
breaks, and unchanged task conditions could establish whether acting on a warning improves
performance. The improvement in sustained attention obtained with closed-loop neurofeedback relative
to yoked feedback illustrates the value of testing intervention benefits directly [61].

Conclusions
RT trajectories varied across participants during the adaptive computerized task. Greater HR reactivity
was associated with more positive RT slopes, but evidence depended on the inferential procedure and
did not consistently meet corrected thresholds. PPG-derived RMSSD and SDNN decreased from baseline
to task; no association between either change and RT slope was detected. Greater RMSSD reduction
was associated with higher aggregate accuracy in the primary PRV sample, while strict QC retained a
similar estimate without meeting the corrected threshold. EDA associations with temporal outcomes did
not meet corrected thresholds. Locally slower responding accompanied lower failure and omission
rates, although corrected inference depended on outcome modeling. These results distinguish task-
related autonomic reactivity from temporal response change; they do not establish physiological
compensation, a transition to performance breakdown, or an individual warning threshold.
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Figure 1

Participant inclusion in the analysis sets. The analytical sample comprised 31 participants who
completed the same baseline and cognitive-task protocol. All 31 contributed to behavioral, HR, mean SC,
tonic SCL and SCR-frequency analyses. Mean SCR-amplitude change was available for 30 participants.
Primary PRV analyses included 26 participants meeting final QC in both phases. Of these, 22 met the
original QC criteria and four qualified under documented post hoc extensions: a rejected-interval fraction
of up to 15% in three participants (one task phase and two baseline phases), or a 295–300 s baseline
window in one participant. The strict-QC sensitivity included the 22 participants meeting the original
criteria. The n = 27 sensitivity added one borderline participant using candidate PRV values, with a
baseline rejected-interval fraction of 17.7%. Analysis sets overlap. HR, heart rate; EDA, electrodermal
activity; SC, skin conductance; SCL, skin conductance level; SCR, skin conductance response; PRV, pulse
rate variability; QC, quality control.
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Figure 2

Task-minus-baseline HR change and participant RT slope. Each point represents one participant (N= 31);
the line is the unadjusted least-squares fit. Positive slopes indicate increasing RT over normalized
stimulus progress. The five-predictor permutation family gives Holm-adjusted p = 0.070 for HR.
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Figure 3

PPG-derived pulse rate variability during the adaptive task and its relation to RT slope. (a) Paired
participant RMSSD values at baseline and during the task; filled squares and error bars show the mean
and 95% CI. (b) Corresponding SDNN values. (c) Task-minus-baseline RMSSD change and participant RT
slope. Points represent the 26 participants passing final PRV QC; the line is the unadjusted least-squares
fit and shading is its 95% confidence band. The RMSSD-change–RT-slope association was r = −0.060
(95% CI [−0.437, 0.335]; two-test Holm-adjusted permutation p= 0.974).
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Figure 4

Model-implied RT change at mean HR reactivity and at ±1 SD, centered at mid-task for display. The
progress × HR interaction is 18.87 ms/SD (cluster-t95% CI 5.78–31.95). Holm-adjusted p values are
0.031 for cluster-tinference and 0.148 for participant-label permutation. The lines represent model
predictions, not participant categories.
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Figure 5

Participant trajectories ordered by increasing HR reactivity. (a) Each cell shows a bin median RT minus
the participant’s unweighted mean of 20 bin medians. Blue/orange denote locally faster/slower
responses; the common ±150-ms scale involves no clipping, smoothing, or interpolation. (b) Task-minus-
baseline HR change. (c) RT slope estimated across full normalized progress using the individual
available RTs rather than bin medians. Each row represents one participant (N = 31). Progress represents
stimulus order, not elapsed time.
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