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Figure 1: Pipeline of the research methods used in this paper: participant recruiting (a), analytical tasks performed by the
participants (b), preprocessing of EEG signals (c) for task segmentation (d), workload estimation (e), and statistical analysis (f).

Abstract

Adaptive information visualization (InfoVis) systems aim to reduce
cognitive burden by tailoring the interface to the user’s needs. Yet
their evaluation typically relies on subjective, post-task measures
that lack temporal resolution and may not fully capture nuanced
cognitive processes during interaction. We investigate the rela-
tionship between subjective workload and electroencephalography
(EEG) indicators in the context of real-time adaptive InfoVis dash-
boards. We conduct a controlled user study (n = 20) comparing a
baseline (non-adaptive) interface with a real-time adaptive variant,
collecting both NASA-TLX ratings and continuous EEG signals.
Our results show that adaptivity significantly reduces perceived
workload, while EEG measures reveal a consistent tendency toward
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increased activity in the EEG theta band during task execution.
These findings suggest that subjective and physiological measures
capture complementary aspects of user cognition, such as perceived
effort and sustained attention. We discuss implications for evaluat-
ing real-time adaptive InfoVis interfaces and argue for multimodal
workload assessment in the engineering of interactive computing
systems.
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1 Introduction and Background

Information Visualization (InfoVis) dashboards are designed to sup-
port analytical reasoning by engaging perceptual mechanisms that
make patterns in complex data accessible at a glance [12, 36]. Yet,
dashboards can also impose substantial cognitive demands [9, 10]
when users must search, compare, and integrate information across
multiple coordinated widgets, specially under time pressure [18, 39].
Recent work in user-adaptive InfoVis demonstrates that dashboard
effectiveness is shaped not only by design choices but also by the
user’s cognitive state and individual differences in perceptual and
analytical ability [13, 14, 52]. Because static interfaces present the
same display to every user regardless of these factors, they risk
overloading some users while disempowering others [1]. This prob-
lem has motivated a growing interest in adaptive InfoVis systems
that modify the interface (either content or presentation, or both)
in response to the user’s inferred cognitive state [8, 18, 33, 48].

Evaluating whether such adaptations are genuinely helpful re-
quires reliable measurement of the construct they target: cognitive
task workload. In HCI, the most widely used instrument in user
interface (UI) evaluations is the NASA Task Load Index (NASA-
TLX) [24, 25], largely because it is quick to administer, straight-
forward to analyze, and enables comparison with a large body of
prior studies [28]. However, the NASA-TLX is a retrospective mea-
sure: participants rate their experience only after a task is complete,
collapsing any temporal variation in workload into a single aggre-
gate score. It therefore cannot reveal when during a task the user
was most burdened [46], nor distinguish a brief spike in demand
from sustained overload. Furthermore, as a subjective instrument,
it is susceptible to individual interpretation biases and expectation
effects [6, 29]. Recent reviews have noted both the continued domi-
nance of the NASA-TLX in HCI and the need for complementary
measures that offer finer temporal resolution and greater objectiv-
ity [6, 28].

Electroencephalography (EEG) is a promising complement be-
cause it provides a continuous, objective window into cognitive
processing. Well-established neural correlates of task workload
include increases in frontal theta power (4-8 Hz) and decreases
in parietal alpha power (8—12 Hz) as task demands rise [7, 21, 27].
EEG-based workload indicators have already been used to drive
real-time adaptive automation in operationally realistic settings;
for example, triggering interface assistance for air traffic controllers
when workload exceeded a personalized threshold [5]. Studies com-
bining EEG with subjective measures [20] have shown that the
two modalities can provide converging yet non-redundant infor-
mation about the user’s cognitive state [23, 40]. At the same time,
there is no agreed-upon method for translating EEG signals into a
robust workload estimate: existing approaches range from super-
vised classifiers trained on labeled calibration data [5], to simple
band-power ratios [30], to group-level spectral comparisons across
conditions [40]. This lack of standardization makes it difficult to
compare or generalize workload estimates across studies, and leaves
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open the question of which EEG-derived metrics most closely track
the workload variations that subjective instruments capture.

In this paper, we examine whether EEG-derived workload met-
rics (Figure 1) can serve as a useful complement to the NASA-TLX
for evaluating real-time adaptive interfaces (Figure 2). We compare
two conditions: a baseline (non-adaptive) interface and its adap-
tive variant that applies visual encodings in real time according
to ergonomic criteria [11] and linguistic levels [37, 47] under five
adaptation categories: (1) Color, (2) Size, (3) Proximity, (4) Line
thickness, and (5) Shape.

Participants completed five analytical tasks while wearing an
EEG headset and reported workload via weighted NASA-TLX after
completing each task. To account for individual differences in base-
line neural activity, EEG workload is computed relative to a short
pre-task fixation period for each user and task; see Section 2.2. We
then derive four EEG-based workload indicators and compare their
trends against NASA-TLX scores. This design allows us to address
three research questions:

RQ1: To what extent do NASA-TLX and EEG-derived workload
indicators exhibit convergent trends across interface condi-
tions?

RQ2: Does UI adaptation reduce workload on both subjective and
objective metrics?

RQ3: How useful are EEG-derived workload indicators as a com-
plement for evaluating adaptive Uls?

Beyond empirical findings, this work contributes an evaluation
perspective for adaptive interfaces by systematically comparing
subjective and physiological workload signals across multiple oper-
ationalizations. This perspective aligns with engineering needs for
multi-metric validation of user behavior, particularly in data-driven
and context-aware adaptive interfaces.

2 Research Method

2.1 Participants and Experimental Setup

Twenty participants aged 24-64 years (M = 36.9, SD = 13.13) were
recruited through university mailing lists. Self-reported gender was
balanced, with 10 participants identifying as male and 10 as female.
Participants had a range of professional and academic backgrounds,
including secretarial staff (n = 1), administrative staff (n = 2), ac-
countants (n = 2), professors (n = 4), researchers (n = 7), and
graduate students (n = 4). All participants reported at least general
computer literacy, and two participants had prior experience using
InfoVis dashboards in their work (one participated in the Base-
line and the other in the Adaptive condition). Participants were
randomly assigned to only one experimental condition (between-
subjects design): baseline interface (n = 10) and adaptive interface
(n = 10). Each participant completed five tasks, where each corre-
sponded to a question requiring analytical reasoning (see Figure 3
for an example) while interacting with the InfoVis dashboard.

After completing each task, participants reported their perceived
workload using the standard NASA-TLX questionnaire. The inter-
face presented multiple coordinated widgets, featuring a timeline,
a network graph, and a distribution chart; see Figure 2. These wid-
gets were intended to provide complementary perspectives on the
underlying data and support analytical reasoning.
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Figure 2: Baseline (left) and adapted (right) dashboards, showing timeline (a), network graph (b), and distribution chart (c).

Each task consisted of two main phases. In the question reading
phase, participants were presented with the task description (e.g.
Figure 3) and were allowed to read and understand it at their own
pace. Then they proceeded to the investigation phase, during which
they explored the InfoVis interface to solve the task.

As hinted before, the adaptive interface applied a set of visual
encodings, aimed at reducing visual search and cognitive load,
including for example changing background colors to highlight
nodes with high connectivity in the network graph, thickening
timeline event markers, etc. Each without altering the underlying
interface contents.

Given the exploratory nature of this work, the change of visual
encodings were performed at random and at different intervals
(5, 10, 20, 30, or 60 seconds), without any animated transition to
not affect workload [15]. This deliberate design choice allowed us
to isolate the presence of adaptation as an independent variable,
thus decoupling interface change from any specific triggering logic
rather than to evaluate a particular adaptation policy, which could
be based e.g. on unsupervised learning [17]. We note that investi-
gating principled, cognitive-state-driven triggering strategies is an
explicit direction for future work; see Section 5.

2.2 EEG Preprocessing and Task Segmentation

EEG signals were recorded continuously during the experiment
using a Unicorn hybrid black 8-channel headset [41] and processed
offline prior to analysis. To suppress power-line interference, a
50 Hz notch filter was applied. The signals were subsequently band-
pass filtered between 0.5 Hz and 80 Hz to remove slow drifts and

Prompt: A heist occurred between 14:00 and 15:30 in Brussels. The main
perpetrator had been arrested twice previously. The police suspected that the
perpetrator was instructed over the phone during the heist by someone related
to him who was currently in prison. More than four calls were exchanged
between them before, during, and after the crime.

Goal: You have to identify the exact time range during which the call between
the perpetrator and the imprisoned relative occurred during the heist.

Solution: The call was between 14:15 and 14:45.

Figure 3: Task example. Participants saw only the Prompt
and Goal parts.

high-frequency noise. Artifact-related activity was further miti-
gated using independent component analysis (ICA) [51], through
which components corresponding to ocular and muscle artifacts
were removed. The resulting cleaned signals were analyzed.

Each trial was segmented according to the task event logs. Four
phases were identified: (1) a pre-task baseline phase, (2) a ques-
tion reading phase, (3) an investigation phase, and (4) an answering
phase. The baseline segment corresponded to the 15 s interval im-
mediately preceding task onset and served as the reference for
baseline-relative EEG signal transformations; see Section 2.3. The
question reading phase spanned the interval between opening and
closing the question prompt. The investigation phase began after
the reading phase and ended when answer entry started, excluding
both the reading and answering intervals. The answering phase
covered the period between answer entry and answer submission.

We observed that the most consistent condition-related neural
differences occurred during the investigation phase, corresponding
to active visual exploration and information search. Consequently,
the primary EEG analyses reported in this paper focus on this phase
only.

2.3 EEG-based Workload Indicators

Temporal variations in neural activity were quantified using a
sliding-window spectral analysis. Power spectral density (PSD)
was estimated using Welch’s method with a 5s window and a 2.5 s
step size. Spectral power was computed in the theta (6, 4-8 Hz),
alpha (a, 8-12 Hz), and beta (f, 13-30 Hz) bands. Following prior
literature that links frontal 6 increases and posterior « decreases to
cognitive effort and sustained attention [16, 31, 43, 44], neural en-
gagement was characterized from the relative contribution of these
bands. Theta power was averaged across frontal-central electrodes,
whereas alpha power was averaged across posterior electrodes.
On the one hand, the bounded Theta-Alpha Ratio (TAR) is defined
as [44]:
0

TAR = e (1)

This formulation constrains the metric to the interval [0, 1], reduces
sensitivity to extreme ratio values, and provides an interpretable
measure in which larger values indicate stronger relative 6-band
dominance and, in the present context, greater task-related neural
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engagement. Importantly, TAR is interpreted as an index of neural
engagement rather than perceived workload [16]. On the other
hand, we also compute Engagement Index as follows [31, 42, 44]:

@

Engagement =

0+a

which is also a popular metric to quantify neural engagement from
EEG signals. Previous studies show that it can effectively distinguish
between neural states with high accuracy [2, 3, 38], so we report it
for the sake of completeness.

To further quantify workload-related indicators from EEG, two
complementary formulations were derived from TAR, following
the research literature. Let TaskFeature,, q ; denote the EEG-derived
feature for user u, task g, and window ¢, and let BaselineFeature,,
denote the corresponding baseline estimate derived from the pre-
task baseline windows. We compute Log-ratio Mental Work Load
(MWL) [4] and Burden [4, 40] as follows:

®)

1 + TaskFeature, g
MWL, = log

1 + BaselineFeature,,
where fibaseline,u aNd Obaseline,u denote the mean and standard devia-
tion of the baseline windows for that trial.

Tug

Burden,, 4 = Z Zuqt At (4)
=1
which captures the cumulative deviation from the baseline state
across the task duration, where
TaskFeature, , ; — i
,q.t — Hbaseline,u
Zuqt = (5)

Obaseline,u

is the per-trial z-score normalization, where ppaseline,w and Obaseline,u
denote the mean and standard deviation, respectively, of the base-
line windows for that trial.

Taken together, these indicators reinterpret neural engagement
dynamics as workload-related indicators, enabling comparison with
subjective workload measures such as NASA-TLX.

2.4 Temporal Normalization and Analysis

Because investigation durations varied across trials, direct tempo-
ral comparisons between participants are not straightforward. To
enable comparable workload trajectories, each trial was normalized
to relative task progress:

t
Progress = T 6)
uq
where t denotes the time of an EEG window and T, 4 represents
the total duration of the investigation phase for user u on task q.
This transformation thus maps each trial to the interval [0, 1].

For analysis and visualization, the normalized progress axis was
discretized into equally-spaced bins. User-level workload values
were first computed within each bin and then averaged across
participants. This procedure avoids bias toward participants with
longer exploration durations and yields a duration-invariant repre-
sentation of workload evolution. All EEG visualizations aggregate
results across tasks. Statistical comparisons were conducted using
Welch’s two-sample t-tests and Hedges’ g to report effect sizes.
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3 Results

We report results during the investigation tasks. Subjective work-
load was quantified using the weighted NASA-TLX score post-task,
whereas EEG-derived indicators were computed from engagement-
related spectral dynamics during the investigation phase and later
transformed into the previously mentioned workload-related indi-
cators.

3.1 Subjective Workload

Subjective workload differed significantly between both interface
conditions. Participants interacting with the adaptive interface re-
ported lower perceived workload than those using the baseline
interface. As shown in Figure 4, the mean weighted NASA-TLX
score decreased from M = 64.56 (SD = 8.81) in the non-adaptive
interface to M = 56.81 (SD = 8.09) in the adaptive interface. This re-
duction was statistically significant (¢(35.74) = 2.82, p = .008) with
a large effect size (g = 0.90). The distributional patterns illustrated
in the box plots indicate a consistent downward shift of workload
ratings across participants, suggesting that the adaptive interface
reduced perceived cognitive demand during tasks. Interestingly,
users finished tasks faster with the adaptive interface: M = 4.5
(SD =0.5) vs. M = 3.9 (SD = 1.1) minutes in Baseline vs. Adaptive
conditions, respectively. The differences were not statistically sig-
nificant (¢(12.27) = 1.29, p = .221), with a moderate-to-large effect
size (g = 0.58).

3.2 Neural Engagement Dynamics

Neural engagement, understood as focused and sustained attention
during the visual investigation tasks, was primarily examined using
the bounded TAR metric. Figure 5 shows the temporal trajectory
of this metric across normalized task progress. Across the investi-
gation phase, the adaptive interface exhibited consistently higher
TAR values compared with the baseline interface. At the participant
level, the overall mean TAR increased from M = 0.70 (SD = 0.17) in
the non-adaptive interface to M = 0.80 (SD = 0.15) in the adaptive
interface. However, the difference was not statistically significant
(t(17.84) = —1.48, p = .16), with a moderate-to-large effect size
(9 = 0.63). A comparable pattern was observed when summariz-
ing the trajectories using the area under the curve, indicating a
consistent tendency toward higher #-dominant neural engagement
during investigation in the adaptive interface.

3.3 Complementary Workload Indicators

To evaluate the robustness of the observed engagement patterns,
we considered the additional EEG-derived workload indicators in-
troduced in Section 2.3. The results are summarized in Figure 6.

Log-ratio MWL and Burden revealed lower workload-like values
under the adaptive interface, whereas Engagement Index indicated
elevated values relative to the non-adaptive interface. These dif-
ferences reflect the distinct properties of the metrics; for example
Log-ratio MWL emphasizes relative task-to-baseline change and
Burden reflects cumulative workload across the task duration. This
analysis confirms that the adaptive interface altered the temporal
dynamics of neural engagement during visual investigation rather
than producing a uniform shift across all workload metrics.
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4 Discussion

We have found convergent trends from subjective (self-reported)
and objective (EEG-derived) indicators of mental workload that
suggest that interface adaptation reduces cognitive load during
investigative tasks. Together, our results indicate that adaptive
interfaces can lower perceived cognitive burden while supporting
sustained task-related engagement. In the following we answer our
research questions.

RQ1: To what extent do NASA-TLX and EEG-derived work-
load indicators exhibit convergent trends across interface con-
ditions? Our results suggest partial convergence between sub-
jective workload and EEG-derived indicators. Subjective ratings
showed a statistically significant reduction in perceived workload
under the adaptive interface. A similar trend was observed in EEG-
derived workload indicators, particularly the log-ratio MWL, which
also indicated lower workload values under the adaptive condition.
In contrast, TAR engagement measures did not show a reduction;
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Figure 6: Comparison of subjective workload and EEG-
derived workload indicators across baseline (non-adaptive)
and adaptive interfaces. Error bars indicate standard error of
the mean (SEM). Lower values indicate lower cognitive load.

instead, they exhibited a tendency toward higher 8-dominant ac-
tivity during visual investigation. This pattern should not be inter-
preted as contradictory evidence, but rather as reflecting different
aspects of cognitive processing. NASA-TLX reflects retrospective
perceived effort after task completion, whereas TAR captures on-
going neural engagement during task execution. Increases in TAR
are commonly interpreted as indicators of task-related cognitive
engagement and attentional control rather than subjective task
difficulty [35, 44, 45, 53]. Consequently, the observed pattern sug-
gests that the adaptive interface reduced perceived effort while
maintaining or enhancing task-relevant neural engagement.

RQ2: Does UI adaptation reduce workload on both subjec-
tive and objective metrics? The subjective workload results pro-
vide strong evidence that the adaptive interface reduced perceived
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cognitive load. Participants reported significantly lower weighted
NASA-TLX scores under the adaptive condition, with a large effect
size. This indicates that the adaptive interface made the tasks feel
less demanding from a user-experience perspective. The EEG results
provide a complementary interpretation. Although the temporal
TAR differences did not reach statistical significance, the direction
of the effect was consistent across comparisons. The observed trend
suggests that the adaptive interface supported sustained attentional
engagement during information search rather than reducing neural
processing. We elaborate more on these findings in Section 4.1.

RQ3: How useful are EEG-derived workload indicators as a
complement for evaluating adaptive Uls? Our findings highlight
the value of EEG-derived indicators as complementary metrics in
adaptive Ul evaluation. While NASA-TLX provides a concise post-
task assessment of perceived workload, EEG offers a temporally
resolved view of cognitive engagement during interaction. The tem-
poral TAR analysis (Section 3.2) revealed how neural engagement
evolved throughout the investigation phase and the complementary
workload indicators (Section 2.3) demonstrate that different opera-
tionalizations of the EEG signal capture distinct aspects of neural
activity. These provide multiple perspectives on the underlying
cognitive processes during visual exploration.

4.1 Implications of Findings

A critical consideration in interpreting these findings is that EEG
frequency bands are not strictly inversely related. Rather, oscilla-
tory activity in the 0, a, and f§ bands co-varies as a function of task
demands, such that ratio-based metrics reflect their relative spectral
balance rather than isolated band-specific effects [19, 42]. It is worth
remarking that our participants performed time-bounded (5 min)
visual information search tasks, characterized by exploratory behav-
ior and moderate cognitive demands, without strong time pressure
or stress-inducing constraints. Under such conditions, the research
literature [16, 22, 34] associates increases in frontal 8 power and
decreases in posterior & power with sustained attention and task
engagement rather than elevated cognitive load. Accordingly, the
increased 0-dominant activity observed in the adaptive interface, as
captured by TAR, is interpreted as reflecting enhanced attentional
engagement during task execution.

The functional interpretation of EEG spectral components is
inherently context-dependent. In more demanding paradigms (e.g.,
mental arithmetic or complex problem solving), concurrent in-
creases in both 6 and f activity have been reported to reflect the
joint involvement of working memory, executive control, and ac-
tive processing [26, 32, 49, 50]. This highlights that band-specific
interpretations must be considered in relation to task demands.

Regarding f-based indices, such as Equation 2, our results sug-
gest that the  band contributes minimally to condition-wise differ-
ences. Instead, observed variations are primarily driven by the 6
(and to a lesser extent @) band, while the f band activity remained
relatively stable. This is consistent with the task design, which
does not strongly engage processes typically associated with f
dynamics, such as motor activity or high-frequency processing.
Therefore, although f-based metrics are reported for completeness,
their interpretability in this context is limited.
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Finally, the bounded TAR formulation (Equation 1) improves
interpretability and comparability by constraining it to the [0, 1]
range while preserving its role as an index of relative 6 dominance,
which is the most relevant band to consider in our study. Together,
our findings suggest that subjective measures can capture perceived
usability improvements, while EEG-derived signals can reveal sus-
tained engagement during interaction. A practical implication is to
incorporate both modalities in evaluation pipelines, or to use EEG
signals to monitor engagement in real time while validating user
experience through post-task measures.

Subjective measures such as NASA-TLX serve as post-task valida-
tors, while EEG-derived indicators provide continuous, in-session
quantification of focused attention and engagement that can feed
into a closed-loop real-time adaptation and monitoring pipeline [33].
Concretely, such a pipeline could operate as follows: EEG workload
is estimated per sliding window and compared against a per-user
baseline; when the signal crosses a personalized threshold, the sys-
tem selects and applies an available adaptation from a predefined
catalogue. Post-session NASA-TLX scores then validate whether
the triggered adaptations translated into perceived workload relief.

5 Limitations and Future Work

Our study involved a relatively small user sample, which partially
explains the lack of statistical significance in some cases. For ex-
ample, the observed effect size in Section 3.2 is consistent with an
underpowered comparison rather than a true null effect: a post-hoc
sensitivity analysis indicates that approximately 28 participants per
condition would be required (80% power at « = .05). On the other
hand, EEG recordings were obtained using a lightweight 8-channel
headset, which may constrain the precision of neural workload
estimates. Finally, because of our between-subjects design, individ-
ual differences in cognitive strategies and InfoVis expertise may
have contributed to variability in both subjective and physiological
responses.

Future work should replicate our experiment with more partici-
pants, to further validate the relationship between subjective and
objective workload measures. Another promising direction for fu-
ture work is to integrate these measures into a closed-loop adaptive
system, where real-time cognitive-state-driven triggering strate-
gies can dynamically guide Ul adaptations [33]. Our study provide
initial evidence for how EEG signals can complement traditional
user evaluation metrics.
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