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Abstract. Real-time measurement of cognitive load is important for
interactive, adaptive systems where task difficulty could be adjusted to
match the user’s level of engagement. Although some attempts have been
made towards windowed versions of earlier offline measures, to date
no real-time measurement of cognitive load is as yet available. Here,
three different interactive scenarios are used to evaluate performance
of Duchowski’s [14] recently introduced real-time cognitive load metric
based on pupil oscillation in response to task difficulty. Although analy-
sis re-streams offline data, results suggest that the approach is effective
in distinguishing between high and low levels of cognitive load.

Keywords: Cognitive load - Real-time filtering - Human-computer in-
teraction.

1 Introduction

Traditional approaches to cognitive load assessment rely on subjective instru-
ments such as NASA-TLX [22], secondary-task paradigms [5], or batch analy-
sis of physiological recordings [17]. While these methods have produced robust
findings in controlled laboratory settings, they impose unacceptable latency for
closed-loop adaptive systems: a measure computed in minutes or hours after an
interaction cannot guide real-time interface adaptation. This limitation moti-
vates the need for real-time or near-real-time cognitive-load measurement.
Cognitive load is not static across an activity; it can increase during complex
subtasks, decrease after feedback, or spike when users encounter uncertainty,
interruptions, or unfamiliar interface elements [3,34,44]. A single post-task score
can indicate that a task was demanding, but it cannot identify when the demand
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occurred or which task event caused it. Real-time measurement is therefore im-
portant for adaptive systems, intelligent tutoring systems, human-computer in-
teraction, safety-critical work, and immersive learning environments, where sys-
tems may need to adjust task difficulty, pacing, feedback, or interface complexity
while the user is still engaged in the task. The development of a validated, low-
latency physiological proxy for cognitive load, therefore, represents a key open
problem in human-centered computing [12].

2 Background & Related Work

Metrics related to the measurement of cognitive load have traditionally been
derived from pupillometry, where the Task-Evoked Pupillary Response (TEPR)
was used to show pupil dilation in response to cognitively demanding tasks rela-
tive to baseline [1]. Typical tasks involved arithmetic [23]. Although TEPR-type
metrics have endured, more recent approaches to cognitive load measurement
have considered evaluation of microsaccade magnitude and amplitude [13,29]
and pupil diameter oscillation [12,16]. However, although Duchowski [14] pro-
vided real-time implementation of their earlier Index of Pupillary Activity (IPA)
And Low/High Index of Pupillary Activity (LHIPA), validation of its efficacy
has mainly been restricted to simulation and analysis of data from one study
involving the n-back and Color Visual Short-Term Memory (CVSTM) tasks.

2.1 Cognitive Load and the Need for Real-Time Measurement

Cognitive load refers to the mental effort required to process task-relevant in-
formation, maintain task goals, and execute cognitive operations under lim-
ited working-memory capacity [26,41]. In human-computer interaction, cognitive
workload is an important construct for evaluating interactive systems because
modern interfaces often require users to divide attention across multiple infor-
mation sources, decisions, and interaction channels [28].

Prior work has explored several real-time indicators of cognitive load. Eye
tracking and pupillometry are commonly used because pupil dilation, fixation
patterns, blink behavior, and gaze dynamics can reflect changes in processing de-
mand [2,10,20,31]. Eye tracking is a promising approach for real-time cognitive-
load estimation because gaze and pupil data can be collected continuously during
interaction. Pupil diameter has long been associated with mental effort. A foun-
dational study showed that pupil diameter changes with memory load during
short-term memory processing [27]. Subsequent eye-tracking research has used
pupil diameter, fixation behavior, saccades, blink patterns, and related measures
to infer attention, task difficulty, and cognitive processing [24,31]. Nevertheless,
raw pupil diameter is difficult to interpret directly because it is affected by lumi-
nance, fatigue, arousal, individual differences, and measurement artifacts. These
limitations motivate derived pupillometric measures that attempt to isolate cog-
nitively meaningful components of pupil dynamics.
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2.2 Pupillary Oscillation Metrics: IPA, LHIPA, RIPA, and LF/HF

The measurement of cognitive load through pupillary oscillation rests on a well-
established physiological foundation. Pupil diameter is continuously modulated
by the autonomic nervous system, producing spontaneous oscillations commonly
described as pupillary hippus or pupillary unrest [4,40]. Turnbull et al. further
examined the autonomic origin of pupillary hippus and found evidence that
hippus is primarily linked to parasympathetic rather than sympathetic nervous
system activity [43]. These spontaneous fluctuations make the pupil not only a
light-regulating aperture, but also a dynamic physiological signal that can reflect
arousal, autonomic regulation, and cognitive effort.

Frequency-domain analysis provides a way to decompose this signal into
components that may respond differently to luminance and cognitive demand.
Peysakhovich et al. analyzed task-evoked pupil responses using power spectral
density (PSD) and defined a low-frequency (LF) band from 0 to 1.6 Hz and a
high-frequency (HF) band from 1.6 to 4 Hz [38]. Their results showed that the
LF /HF ratio of pupillary PSD was sensitive to cognitive load while being less af-
fected by luminance than raw pupil diameter, making it promising for ecological
workload measurement. This result is important because luminance sensitivity
is one of the main obstacles to using pupil diameter directly as a cognitive-load
measure outside tightly controlled laboratory conditions.

Duchowski’s recent LF/HF formulation extends this frequency-domain ap-
proach by providing a first-principles treatment of pupillary oscillation as a
real-time cognitive-load signal [14]. The method derives three computational
approaches for estimating the LF/HF ratio: the Fast Fourier Transform (FFT),
the Discrete Wavelet Transform (DWT), and a real-time Butterworth infinite
impulse response (IIR) filter. The IIR implementation is particularly important
for adaptive systems because it can operate on short streaming windows with
approximately one second of latency, making it suitable for moment-to-moment
interaction analysis than earlier metrics requiring longer temporal windows.

A key implication of the LF/HF approach is that the direction of change is
task-dependent. Duchowski distinguishes between at least two task archetypes
[14]. In computation-dominated tasks, such as mental arithmetic, both LF and
HF amplitudes may increase, but LF increases disproportionately, producing an
increase in the LF/HF ratio. In information-processing tasks, such as memory
recall, HF activity may increase while LF remains comparatively stable, produc-
ing a decrease in the LF/HF ratio. Therefore, LF/HF should not be interpreted
as a universal monotonic scale in which higher values always mean higher load.
Instead, LF/HF changes must be interpreted in relation to task demands and,
where possible, supported by convergent behavioral or physiological evidence.

3 Validation Across Diverse Contexts

Three disparately varied scenarios are used to evaluate performance of the LF /HF
real-time cognitive load filter: visual search of a jumbled image by two participant
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groups; those with (mild) Cognitive Impairment and Healthy Controls; interac-
tion with an Artificial Intelligence agent, where the agent was set up to produce
LLM-generated responses to either align or not align with students’ learning
styles; and perusal of web Search Engine Response Pages (SERPs). Analysis
was performed offline but in a simulated real-time manner, i.e., re-streaming (or
re-playing) of the data in a manner similar to Jayawardena et al. [25].

3.1 Data from Detection of Mild Cognitive Impairment

The first study is part of the CogET project and aims to evaluate whether eye
movement parameters could serve as digital biomarkers for the early detection
of cognitive decline [7,3].

Experimental Design and Conditions. The study was conducted in ac-
cordance with the Declaration of Helsinki, received approval from the Ethics
Commission of eCampus University (Protocol No. 07/2024, 5 December 2024),
and was pre-registered on the Open Science Framework (OSF). All participants
provided written informed consent prior to participation. This cross-sectional
study included two groups: healthy controls (HC) and individuals with cognitive
impairment (CI). Participants were pre-screened and assigned to the HC or CI
group based on a comprehensive battery of neuropsychological assessments. Eye
movements were recorded using a Gazepoint GP3 remote eye tracker operating
at a sampling rate of 60 Hz, with a manufacturer-reported spatial accuracy of
0.5°-1.0° of visual angle. The experiment was run on a Dell Inspiron 15 laptop
equipped with an Intel Core i5-1235U processor, 16 GB of RAM, and Win-
dows 11. The eye tracker was controlled via a custom PsychoPy script (Release
2023.1.3) [37]. Stimuli were shown on a 24-inch Dell HD monitor with a resolution
of 1920 x 1080 pixels, positioned approximately 60-65 cm from the participants’
eyes (mean distance 62.45 cm) and at a 45° angle, in accordance with the Gaze-
point manual instructions. Participants were seated comfortably in front of the
screen in a quiet, darkened room. Although no chin rest was used, they were in-
structed to minimize head movements throughout the recording session. Before
data acquisition, a standard five-point calibration procedure was performed.

Stimuli. Participants were presented with a single visual stimulus for 90 s
and instructed to perform a visual search task to find, recognize, and name the
figures displayed on the screen [15]. The stimulus consisted of a black-and-white
line drawing containing 50 overlapping figures, including animals, objects, letters,
and numbers. The superimposition of the figures makes individual items difficult
to identify, requiring participants to actively scan the entire visual field and
segment target elements from the background. The image was adapted from the
original stimulus of Rey [39], which included 72 figures; in the present version, 22
figures were removed, resulting in a final set of 50 figures. This type of stimulus
is commonly used to assess figure-ground segmentation abilities [33] and has
previously been employed in memory assessment protocols [6,36], see Fig. 1(a).
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Fig. 1. The task featured (a) a jumbled image Test Delle Figure Aggrovigliate (trans-
lated to “Tangled Figure”), from Mondini and Mapelli (©) 2022 [35], used with per-
mission. Example smoothed and normalized LF/HF ratio captured during each of the
tasks performed by a (b) representative Healthy Control (HC), and (c) patient with
(Mild) Cognitive Impairment (CI). In this instance, the HC appears to be more en-
gaged over the jumbled image then the CI individual.

Participants. Participants were recruited from a nursing home in Cavallermag-
giore, Cuneo, Italy. The study included 60 older adults, comprising 30 healthy
controls (HC) and 30 individuals with cognitive impairment (CI). All partic-
ipants underwent a neuropsychological assessment, including the Mini-Mental
State Examination (MMSE) [19], a brief screening measure of global cognitive
status with scores ranging from 0 to 30, and the Repeatable Battery for the
Assessment of Neuropsychological Status (RBANS), administered to obtain a
broader profile of cognitive functioning. Frontal-executive abilities were further
assessed using the Frontal Assessment Battery (FAB) [11], which is sensitive
to impairments in cognitive flexibility, inhibition, self-monitoring, and planning.
Affective status was gauged using the Geriatric Depression Scale (GDS) [47],
administered as an oral yes/no interview. Functional independence was assessed
using the Barthel Index [32], which provides an index of autonomy and need
for assistance in daily activities. When applicable, raw scores were corrected
using the respective standardized and validated neuropsychological norms. Neu-
ropsychological assessment was followed by a 30-minute eye-tracking protocol
consisting of four tasks previously used in related studies [9].

Results. We used Generalized Additive Models (GAMs) to compare the tem-
poral trajectory of the low-frequency to high-frequency (LF/HF) ratio between
Healthy Controls (n=22) and participants with Cognitive Impairment (n=23)
in a between-subjects design. Fifteen participants were excluded a priori because
they failed pre-registered validation criteria (eye tracker calibration).

An analysis-of-deviance comparison of nested GAMs showed that allowing
the smooth time course of LF /HF to differ between groups significantly improved
model fit (F(10.04,206,669)=184.43, p < 0.01).

Visualization of the estimated difference curve (see Fig. 2(b)) indicates that
Healthy Controls exhibited a slightly lower LF/HF ratio (hence increased cog-
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Difference: Cognitive Impairment ~ Healthy Controls
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(a) LF/HF ratio. (b) LF/HF ratio difference.

Fig. 2. Butterworth filter response when inspecting the scrambled image. The LF /HF
ratio decreases for (a) Healthy Controls suggesting greater cognitive load. The differ-
ence in the Generalized Additive Model (GAM) estimate is (b) significant. Increased
cognitive load could suggest greater cognitive engagement.

nitive load) (see Fig. 2(a), peak difference ~ 1.163), although the absolute mag-
nitude of the effect was small (mean |A|~0.087).

3.2 Data from Interaction with an Artificial Intelligence Agent

This study examined whether aligning responses generated by a Large Language
Model (LLM) with students’ learning styles influenced cognitive load during
problem-solving interaction.

Experimental Design and Conditions. This study used a within-subjects
experimental design. The independent variable was the response condition, with
two levels: aligned and non-aligned. The primary dependent variable for the
cognitive-load analysis was the LF /HF ratio, computed from the pupil-diameter
signal captured during interaction. Each participant completed two tasks within
the same self-selected topic: one in the aligned condition and one in the non-
aligned condition. Participants’ learning styles were assessed using the Index of
Learning Styles (ILS) questionnaire [18]. The resulting ILS profile was used to
prompt the LLM to generate responses aligned with each participant’s identified
learning style in the aligned condition.

In the aligned condition, the LLM generated responses tailored to the partic-
ipant’s ILS profile. Alignment was operationalized by adapting response aspects
including representational format, level of abstraction, interaction style, and or-
ganizational structure, according to the participants’ ILS profile.

In the non-aligned condition, the LLM generated responses not adapted to
the participant’s learning style and followed a generic explanatory format.

The order of the two conditions was counterbalanced across participants to
reduce order and learning effects. Different but comparable problems were used
across the two conditions to avoid repetition effects while maintaining similar
task difficulty and structure. Across both conditions, the interface layout, topic
domain, interaction modality, and task format were held constant.
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(a) LLM stimulus. (b) aligned response.  (c) not aligned response.

Fig. 3. Heatmaps showing gaze in the aggregate from a representative individual in-
teracting with (a) the AI agent, (b) where responses were aligned or (c) not aligned.
Gaze data, such as depicted by these heatmaps do not readily divulge any particular
differences in visual attention between the two conditions.

Operationally, after completing the ILS questionnaire, participants completed
an eye tracker calibration procedure and selected a topic of interest. They then
completed two problem-solving tasks within that topic: one in the aligned con-
dition and one in the non-aligned condition. During both tasks, participants
interacted with the LLM while gaze and pupil data were recorded continuously.

Stimuli. The task stimuli consisted of problem-solving prompts presented to the
LLM. During interaction, the LLM generated instructional responses intended
to support students during problem-solving. Problem pairs were designed to
require similar forms of reasoning, including interpreting the problem statement,
consulting the LLM-generated explanation, and formulating follow-up questions
or solution steps.

Participants completed two different problems within the same self-selected
topic. Available topics included psychology, data science, and computer networks.
The paired problems differed in surface content to avoid repetition effects, but
were matched within topic for general structure, expected difficulty, and inter-
action demands.

All tasks were presented within the LLM interface, see Fig. 3(a), which was
organized into three predefined functional regions corresponding to the AOIs
used in the eye-tracking analysis. The operational definitions of these AOIs are
provided in Table 1.

Table 1. Areas of Interest (AOIs) Used in the Eye-Tracking Analysis

AOI Operational definition

Problem box Region containing the problem statement or task prompt.

Solution box Region containing the LLM-generated explanation or response.

Text box Region in which participants typed or reviewed their own prompts,
questions, or solution steps.
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During the problem-solving tasks, eye movements and pupil diameter were
recorded using a Gazepoint GP3 eye tracker operating at 60 Hz. Participants
were seated approximately 60 cm from a 1920 x 1080 monitor. Before beginning
the task, each participant completed a standard 9-point calibration procedure.
Calibration quality was checked before data collection, and recalibration was
performed when tracking quality was insufficient.

Participants. The study recruited 52 undergraduate students from a public
university in the southeastern United States. Participants were reached through
in-class announcements facilitated by the instructor. To ensure a qualified sam-
ple, participants had to be at least 18 years old, currently enrolled as undergrad-
uate students, and had prior experience using LLMs in an educational context.

Participation was entirely voluntary, and students received extra credit as
compensation. To maintain ethical standards and ensure there was no coercion,
an alternative assignment of equivalent effort was provided to those who opted
out or discontinued the study. This research was reviewed and approved by the
university’s Institutional Review Board (IRB).

Results. We examined the time course of the Low-Frequency/High-Frequency
(LF/HF) ratio using Generalized Additive Mixed Models (GAMMs) in a within-
subjects design. The model included fixed smooth functions of time that were
allowed to differ by condition (aligned vs. not aligned) plus a random intercept
for participant to account for repeated measures.

Model comparison via analysis of deviance (a direct GAMM analogue of
ANOVA for model comparison) showed that the condition-specific curves sig-
nificantly improved fit over a common curve (£(10.17,3,106,405)=261.36,p <
0.01). The estimated difference curve (see Fig. 4(b)) indicates that the non-
aligned condition produced a modestly lower LF/HF ratio (hence increased cog-

Difference: Not Aligned — Aligned
GAV estimate | p=<2e-16

Time (soconds) Time (seconds)

(a) LF/HF ratio. (b) LF/HF ratio difference.

Fig. 4. Butterworth filter response during interaction with the LLM agent when re-
sponses were aligned or not aligned. The LF/HF ratio decreases when responses are
not aligned (a) except for the central section during the trial. The difference in the
Generalized Additive Mixed Model (GAMM) estimate is (b) significant. A decrease in
the LF/HF ratio suggests increased cognitive load.
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Fig. 5. Example AASERP trial with typed-AOI bounding boxes overlaid: organic re-
sults, top-of-page advertisements, native advertisements, and content widgets along the
main column. Right-rail content is excluded from the rank-position analysis.

nitive load) for much of the task (see Fig. 4(a) peak difference ~ —0.098), al-
though the absolute magnitude of the effect was small (mean |A|~0.035).

3.3 Data from Advertising Search Engine Results (Web) Pages

We reanalyzed a public dataset of mouse and eye movements on Web Search
Engine Results Pages (SERPs) [30], see Fig. 5, applying the Butterworth IIR
variant of the LF/HF ratio [14] to every visit to each rank position on each
SERP, whether a first-pass evaluation or a later return.

Experimental Design and Conditions. The independent variable is the
SERP rank that a participant chose to evaluate; rank position is an ordinal,
participant-driven covariate rather than an experimenter-imposed condition. We
computed one LF/HF value per rank-segment that contained at least one second
of valid pupil samples (150 samples at the dataset’s 150 Hz sampling rate) [14].
A high-water-mark classifier then labeled each segment as a first-pass visit or a
later return, by replaying the fixation sequence and marking the first time each
rank position was reached; subsequent analyses (the forward-pass rank gradient
in §Results, and the first-vs-return contrast in Re-evaluation on return) split on
this label rather than recomputing LF /HF.

Stimuli. Stimuli were 2,776 transactional product-purchase queries of the form
“buy brand product,” spanning 1,320 distinct brands. Each query was executed
against a live Google SERP, and the resulting page was captured as a full-page
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Fig. 6. Pupillary cognitive load at two granularities from the AASERP corpus: (a)
median Butterworth LF/HF per rank position during forward-pass scanning, with 95%
bootstrap confidence intervals (2,000 iterations) shaded around the medians; the dashed
line marks the steep (PO-P3) / plateau (P4-P10) boundary, with sample sizes from
N = 1,488 rank-segments at PO down to N = 109 at P10; (b) trial-mean LHIPA
decreases with within-trial regression rate across participants (p = —0.568, p < 0.01,
N = 46): high-regression participants carry higher cognitive load.

screenshot together with the SERP HTML [30]. Participants were instructed to
click the result they would typically choose for product purchase within a one-
minute window, extended to two minutes after a confirmation prompt; every trial
ended with a click. Data were collected before Google’s Al Overviews rollout.

The released dataset ships bounding boxes for advertisements only. To sup-
port per-position LF/HF analysis we extracted bounding boxes for organic re-
sults from the captured screenshots and joined them with semantic types parsed
from the captured HTML, then assigned each card a display-order rank position
along the main column. The rank scale covers organic results and main-column
advertisements (top-of-page ads and native ads); content widgets (knowledge
panels, image packs, “People also ask,” top-places, related searches) and right-
rail material are off-axis and excluded from the rank-position analysis.

Participants. The dataset contained 2,776 trials from 47 adult participants
recorded on a Gazepoint GP3 HD desktop eye tracker at 150 Hz [24,30]. Of
these, 2,719 trials yielded at least one rank-segment that satisfied the one-second
LF/HF window requirement and were retained for analysis.

Results — forward-pass rank gradient. Per-position median LF/HF de-
clined with rank position during forward-pass scanning of the SERP. A Spearman
rank correlation across the nineteen position medians in the corpus confirmed a
strong monotonic decline (p = —0.749, p < 0.01; Fig. 6(a)).

The decline split cleanly into a steep early phase (P0-P3) and a plateau
(P4-P10). The steep phase was perfectly monotone (p = —1.000 across position
medians, the mathematical limit). Pooled across raw rank-segments, a Mann-
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Whitney comparison confirmed a sharp discontinuity between the two phases
(U = 4,728,133, p < 0.01; steep median 22.15, N = 4,056 vs. plateau median
15.41, N = 2,005). The plateau itself showed a directional but non-significant
slope (p = —0.393, p = 0.38).

The same direction held at the single-trial level. Among the 1,074 trials with
at least three valid rank-segments, the median per-trial slope was p = —0.400,
with 62.0% of slopes negative. Restricting to trials with at least five or seven
valid rank-segments yielded median slopes of —0.200 and —0.161, with 62.3%
and 65.9% negative respectively.

We tested against three alternative hypotheses for the gradient. First, that
it was an artefact of scroll-related segment selection: restricting to forward-pass
segments visited before the participant’s first significant downward scroll tight-
ened the cross-position Spearman to p = —0.857 (p < 0.05, N = 7 medians).
Second, that the gradient reflected a small subset of participants who scrolled
deeper than the rest: with each participant’s contribution capped at ten seg-
ments per rank position, the full-range Spearman held at p = —0.689 (p < 0.01),
a population-wide effect consistent with schema acquisition [42,44]. Third, that it
indexed individual differences in evaluation strategy rather than the within-trial
cognitive operation: with the 46 participants split by within-trial regression rate
(median split), per-participant within-trial slopes were uncorrelated with regres-
sion rate (p = —0.020, p = 0.90). The load trajectory is therefore orthogonal to
evaluation strategy.

The pupillary signal carries cognitive load at two granularities, and the right
tool depends on the question. Per-segment LF/HF resolves the cost of eval-
uating each result candidate within a trial. The established trial-level LHIPA
metric [12] resolves how much load a participant carries across the trial as a
whole. Trial-mean LF/HF and LHIPA were anticorrelated as the polarity rule
predicts (p = —0.125, p < 0.01, N = 2,416). Across the 46 participants, trial-
mean LHIPA was lower — i.e., load was higher — on participants with higher
within-trial regression rates (p = —0.568, p < 0.01; Fig. 6(b)): the participants
who deliberate more thoroughly across the result set also carry more load.

Re-evaluation on return. LF/HF rises on revisits, and it rises more on can-
didates the participant will reject than on the one they will choose. Across 46
participants and 2,646 paired (trial, position) records, return-visit LF/HF was
higher than first-visit LF/HF on the same item, with median paired A = +6.31,
mean +12.55 (Wilcoxon p < 0.01; 59.8% of pairs positive). At the partici-
pant level the mean-of-means A was +10.73, with 80% of participants positive
(p < 0.01).

Splitting paired records by whether the return is to the position eventually
clicked sharpens the result. Returns to a candidate the participant rejects carried
median paired A = 4+7.05 (n = 1,697, p < 0.01); returns to the candidate the
participant will choose carried median paired A = 4+4.03 (n = 742, p < 0.01).
Both rise above the first-visit baseline; the rise is larger on the rejected items.
The cost is paid once per return, not amplified across successive returns to the
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same position: paired LF/HF on the second return did not differ from the first
(median A = +0.03, n = 1,486, Wilcoxon p = 0.09).

Most return visits began well before the click. The median visit began 10.6 s
before the click, and only 5% began within 2 s of it. Revisit fixations are shorter
than first-pass fixations, and revisit episodes contain fewer fixations than first-
pass episodes. The window is brief, and the pupillary signal reads elevated load
per second of dwell.

Baseline drift across trial time runs in the opposite direction. Across forward-
pass-only segments, LF/HF at the latest forward-visited position was lower than
at the earliest (median A = —1.97, p < 0.01, N = 1,241). The elevation is also
not a trial-difficulty artefact: 89% of trials (2,391 / 2,676) eventually regressed,
and first-visit LF/HF on those trials did not separate from first-visit LF/HF on
the 285 trials that never regressed (Mann-Whitney p = 0.14).

The elevation extends earlier in the trial. We classified every (trial, position)
segment by replaying the fixation sequence: first visits before any regression in
the trial (first-pre), first visits to a previously-unseen position after the trial
had already regressed (first-post), and return visits (return). On a position the
participant had not yet seen, LF/HF was higher when the trial had already
begun regressing than when it had not (median across matched ranks P1-P4,
A = +5.22; pooled Mann-Whitney p < 0.01, Npre = 1,982, Nposy = 3,904).

Under the computation-dominated polarity rule, the return-visit elevation
reads as more effort on the return than on the original encounter, consistent with
re-application of an evaluation criterion that has sharpened across the trial [21].
By the time the user returns to a previously-seen result they have evaluated addi-
tional candidates and are comparing against a tighter standard. The asymmetry
between rejected and chosen candidates fits this reading: rejecting a candidate
against the tighter standard is the comparative work, while the candidate that
survives that work is the one that will be clicked.

4 Conclusion

Three different interactive scenarios were used to evaluate performance of Du-
chowski’s [14] recently introduced real-time cognitive load metric based on pupil
oscillation in response to task difficulty. Results suggest that that the approach
is effective in distinguishing between high and low levels of cognitive load. These
findings indicate the potentially robust response of the IIR filter for cognitive
load detection, carrying implications for interactive systems where task difficulty
could be adjusted to match the user’s level of engagement in real time. However,
real-time evaluation of this approach is still needed and relegated to future work.
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