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ABSTRACT

Cognitive human-computer interaction (HCI) requires systems that do not only estimate whether a user is under
high cognitive load, but also detect moments when interaction demands become unstable, disruptive, or cognitively
misaligned with the user’s current state. Existing cognitive-load models commonly treat workload estimation
as a static classification task, which limits their usefulness for adaptive interfaces. This paper introduces an
interaction-stability gated multimodal learning framework for detecting cognitive friction during HCI. The proposed
model combines subject-normalized physiological and gaze features with a temporal stability gate that adjusts the
contribution of electrocardiography (ECG), electrodermal activity (EDA), electroencephalography (EEG), and gaze
streams according to local signal reliability and cognitive-state fluctuation. A Cognitive Friction Index is further
proposed to identify transition periods where cognitive load rises sharply or remains unstable across modalities. The
study is designed for reproducibility using the public CLARE dataset, which contains multimodal physiological and
gaze recordings from participants performing Multi-Attribute Task Battery II (MATB-II) computer-based workload
tasks. Baseline evidence from the CLARE benchmark shows that multimodal learning improves cognitive-load
estimation, but leave-one-subject-out performance remains lower than random 10-fold validation, indicating a
strong personalization challenge. The proposed framework addresses this gap by modeling temporal instability and
subject-level calibration rather than only point-level workload labels. The paper contributes a reproducible Cognitive
HCI model, a friction-oriented interpretation layer, and an adaptive-interface decision mechanism.

Keywords: Cognitive HCI - Cognitive load = Cognitive friction = Multimodal learning « EEG - Gaze tracking -
Adaptive interfaces

1. INTRODUCTION tive capacity. Classical cognitive-load theory explains that
working memory has limited processing capacity, and exces-
sive task demands may reduce learning, decision quality, and
task performance [1, 2, 5]. Within HCI, this makes cognitive-
load estimation important not only as a measurement problem
but also as a mechanism for interface adaptation.

Human-computer interaction has moved beyond static us-
ability evaluation toward systems that sense, interpret, and
respond to the cognitive state of users. In safety-critical, edu-
cational, medical, and productivity environments, a user’s in-
teraction with an interface may deteriorate when the interface
imposes excessive mental effort, interrupts task continuity, or
requires attention switching beyond the user’s current cogni-

Most existing computational approaches formulate cognitive-
load estimation as binary or multiclass classification, such as
low versus high workload. Although this formulation is use-
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ful, it does not directly capture what adaptive interfaces need
most: the moment when the interaction becomes cognitively
unstable. For example, two users may both be classified as
having high cognitive load, but one may be stable and per-
forming effectively, while the other may be entering a rapid
overload transition caused by unexpected interface complex-
ity. This paper refers to such transition-oriented instability
as cognitive friction. Cognitive friction is defined here as a
short temporal period in which the user’s inferred cognitive
load becomes high, rapidly increasing, or inconsistent across
modalities, suggesting that the interface may be misaligned
with the user’s cognitive state.

The novelty of this paper is the shift from static cognitive-load
classification to cognitive-friction detection for adaptive HCI.
The proposed Interaction-Stability Gated Multimodal Model
uses ECG, EDA, EEG, and gaze signals to estimate cognitive
load while also producing a Cognitive Friction Index (CFI).
This index combines predicted load probability, short-term
load variation, and modality disagreement. The model is
intended to support real-time adaptive interfaces that can
simplify visual density, delay non-urgent notifications, reduce
task switching, or provide guidance when cognitive friction
is detected.

The paper uses the public CLARE dataset as the reproducibil-
ity basis. CLARE contains ECG, EDA, EEG, and gaze data
collected from 24 participants performing MATB-II tasks,
with subjective cognitive-load labels reported every 10 sec-
onds [18]. The dataset is well aligned with Cognitive HCI
because MATB-II is a computer-based multitask interface that
induces different workload levels through monitoring, track-
ing, communication, and resource-management tasks. The
public CLARE benchmark already reports 10-fold and leave-
one-subject-out (LOSO) results, showing that multimodal
learning is promising but subject-generalization remains chal-
lenging. This motivates the proposed stability-gated model.

The main contributions of this paper are summarized as fol-
lows:

* A new cognitive-friction formulation for Cognitive HCI,
focusing on unstable interaction moments rather than
only high/low load classification.

* A stability-gated multimodal fusion model that dynam-
ically weights ECG, EDA, EEG, and gaze streams ac-
cording to temporal reliability.

» A Cognitive Friction Index that translates model outputs
into adaptive-interface decisions.

* A reproducible evaluation design based on the public
CLARE dataset, with baseline comparisons using re-
ported public benchmark results.

2. RELATED WORK

2.1 Cognitive Load and Cognitive HCI

Cognitive-load theory provides the theoretical foundation for
measuring mental effort during task performance. Sweller
[1] explained that learning and task execution are constrained
by working-memory capacity, while Paas [2] emphasized the
role of mental effort measurement in instructional and perfor-
mance contexts. NASA-TLX is one of the most established

subjective workload measures and has been widely used in
human factors and HCI studies [3]. However, subjective tools
alone are not sufficient for real-time adaptive systems because
they interrupt the user and are often retrospective. In HCI,
cognitive load has been studied in contexts such as adaptive
tutoring, driving, simulation, human-machine teaming, and
information visualization [4, 6, 7].

2.2 Physiological and Gaze-Based Workload Sensing

Physiological and behavioral sensing has become important
in Cognitive HCI. EEG has been used to capture neural cor-
relates of cognitive load [8], while gaze and pupil-based mea-
sures have been associated with visual attention and mental
effort [9, 10]. ECG and EDA can reflect autonomic nervous
system activity, which is relevant when cognitive load is
accompanied by stress or arousal [11]. These signals are at-
tractive for adaptive interfaces because they can be collected
continuously and processed by machine learning models.

2.3 Public Datasets for Cognitive and Affective State
Recognition

Several public datasets have supported progress in cognitive-
state and affective computing. The SWELL-KW dataset
introduced multimodal recordings for stress and user mod-
eling in knowledge-work tasks, including computer activity,
facial expressions, body posture, ECG, and EDA [12]. WE-
SAD provided wearable physiological and motion data for
stress and affect recognition [13]. STEW introduced open-
access EEG recordings for mental workload induced by a
simultaneous-task experiment [14]. Other datasets have fo-
cused more directly on cognitive workload, including wear-
able sensor datasets for cognitive-load inference [15], MO-
CAS for objective cognitive workload assessment [16], CL-
Drive for in-vehicle cognitive load measurement [17], and
CLARE for real-time multimodal cognitive-load assessment
[18].

2.4 Machine Learning and Explainability

Deep learning has influenced cognitive-state modeling. CNN-
based models and compact EEG architectures such as EEG-
Net have been used for physiological signal decoding [22].
Attention mechanisms [20] and gradient-boosted models
such as XGBoost [19] have been widely applied in multi-
modal classification pipelines. Explainability methods such
as SHAP [21] are increasingly important because adaptive
HCIT systems must justify why an interface changes in re-
sponse to inferred user state. Despite this progress, three
gaps remain. First, most models classify cognitive load at
isolated windows without modeling interaction instability.
Second, multimodal fusion often assumes that all modalities
are equally reliable, even though physiological and gaze sen-
sors may differ in noise, missingness, and subject-specific
validity. Third, reported LOSO performance is often lower
than random validation, showing that personalization remains
unresolved. The proposed model directly targets these gaps.

3. PROPOSED INTERACTION-STABILITY GATED
MODEL

3.1 Cognitive Friction Definition
Let p; denote the predicted probability of high cognitive
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load at time window ¢. Classical workload detection focuses
mainly on whether p; exceeds a decision threshold. This
paper defines cognitive friction as a temporal state:

CFI, = ap; + B|p; — pi—1| +7Dx, (D

where CF1, is the Cognitive Friction Index, |p; — p,—1]| cap-
tures sudden workload change, and D, represents disagree-
ment among modality-specific predictions. The coefficients
o, B, and vy control the relative importance of high load,
temporal instability, and cross-modal disagreement.

This formulation is useful for HCI because an interface should
not always adapt merely because load is high. Some high-
load states may be expected and productive. Adaptation is
more justified when high load is accompanied by instability
or disagreement, suggesting that the user may be struggling
with the interaction.

3.2 Multimodal Input Streams

The model uses four input streams: ECG for cardiac and heart-
rate variability patterns; EDA for tonic and phasic electroder-
mal activity; EEG for neural frequency-band features; and
gaze for pupil diameter, fixation, blink, and saccade behav-
ior. Each stream is segmented into synchronized 10-second
windows to match the CLARE label interval. Subject-level
z-score normalization is applied to reduce inter-individual
physiological variability.

3.3 Interaction-Stability Gate

For each modality m, the model estimates a local stability
score:

1
Sm - 9
L Var(Xm—jet) + Missim,

@)

where Var(x,, ,—i;) is the recent signal variance and Miss;, ¢
indicates missing or unreliable sensor values. The modality
weight is then computed as:

S
g = e 2ma) 3)
j=1 exp(Sjy)
The fused representation is:
M
i = Z Winthim g, C))
m=1

where A, is the encoded representation of modality m. This
mechanism prevents noisy or unstable modalities from domi-
nating the prediction.

3.4 Dual-Obijective Learning

The model is trained with two objectives:
L="Ljpaa+ A'Lfrictiona 5

where L;,,4 is binary cross-entropy for high/low cognitive-
load classification, and L fcsion is a temporal transition loss
that penalizes incorrect detection of rapid load changes. The
transition label is derived from the difference between adja-
cent subjective cognitive-load ratings.

3.5 Adaptive HCI Decision Layer

The final output is not only a class label but also an interface
action recommendation. Low load with low friction suggests
maintaining the current interface. High load with low fric-
tion suggests continuing the task while avoiding additional
interruption. Moderate load with high friction suggests pro-
viding guidance or simplifying task display. High load with
high friction suggests delaying non-urgent prompts, reducing
visual density, or activating step-by-step assistance.

4. DATASET AND EXPERIMENTAL PROTOCOL

The study uses the public CLARE dataset [18]. CLARE
contains physiological and gaze data collected from 24 partic-
ipants while performing MATB-II tasks. The dataset includes
ECG at 512 Hz, EDA at 128 Hz, EEG at 256 Hz, and gaze
tracking at 50 Hz. Participants completed four nine-minute
sessions, and cognitive-load labels were collected every 10
seconds using a 9-point scale. Scores below 5 are treated as
low cognitive load, while scores of 5 or above are treated as
high cognitive load, following the public CLARE benchmark
protocol.

The evaluation protocol includes two settings. The first is
10-fold cross-validation, which evaluates general predictive
performance when data from the same participants may ap-
pear across folds. The second is LOSO validation, which is
more difficult and more relevant for real-world deployment
because the model is tested on unseen participants. Base-
line models include Logistic Regression, Linear Discriminant
Analysis, Support Vector Machine, Random Forest, Gradi-
ent Boosting, LightGBM, XGBoost, Multilayer Perceptron,
CNN, and Transformer models, as reported in the public
CLARE benchmark.

5. RESULTS AND DISCUSSION

This section reports non-fabricated numerical evidence from
the public CLARE benchmark and uses it to motivate the
proposed Cognitive HCI model. The numerical values in Ta-
bles 1-3 are reported benchmark results, not newly generated
results. The proposed model rows in Table 5 are intentionally
left as reproducibility targets and should be filled only after
executing the released implementation on the public dataset.

Table 1. Best reported 10-fold baseline results on CLARE.

Modality setting Best reported Accuracy (%) F1-score (%) Cognitive HCI interpreta-

model tion

ECG only CNN 78.45 76.41 Strong  single-modality
physiological baseline.

EDA only RF 71.98 70.93 Useful autonomic work-
load information.

EEG only Transformer 77.37 71.84 Neural stream benefits
from temporal modeling.

Gaze only Transformer 74.66 64.88 Useful but  context-
sensitive visual behavior.

ECG + EDA Transformer 80.85 73.55 Autonomic fusion im-
proves accuracy.

EEG + Gaze Transformer 82.59 76.79 Strong two-modality
cognitive-attentional
fusion.

All modalities Transformer 85.58 81.18 Best reported 10-fold re-

sult.
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Figure 1. Accuracy and F1-score comparison of the strongest re-
ported CLARE baseline models under 10-fold validation.

Table | and Fig. | indicate that multimodal learning improves
cognitive-load recognition under 10-fold validation. The
strongest reported performance is achieved by the Trans-
former using all modalities, with an accuracy of 85.58% and
F1-score of 81.18%. However, the table also shows that the
contribution of each modality is not uniform. ECG is strong
as a single modality, while gaze alone has lower F1-score
but remains useful when combined with other streams. This
observation supports the need for adaptive fusion rather than
a fixed assumption that all sensors are equally reliable.

Table 2. Best reported LOSO baseline results on CLARE.

Modality setting Best reported Accuracy (%) F1-score (%) Cognitive HCI interpreta-

model tion

ECG only Transformer 66.15 54.20 Cardiac patterns are less
transferable across users.

EDA only CNN 64.08 54.80 Electrodermal response is
moderately robust.

EEG only Transformer 67.77 57.03 Best single-modality
unseen-user accuracy.

Gaze only Transformer 65.10 57.21 Gaze contributes useful
unseen-user F1.

EDA + EEG Transformer 70.45 65.00 Strong two-modality
LOSO performance.

EDA + Gaze Transformer 69.59 63.20 Robust cognitive-affective
interaction cue.

All modalities Transformer 72.70 69.46 Best reported LOSO re-

sult.
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Figure 2. Accuracy and F1-score comparison of the strongest re-
ported CLARE baseline models under leave-one-subject-out valida-
tion.

Table 2 and Fig. 2 show that unseen-user evaluation remains
more difficult than 10-fold validation. Although the Trans-
former with all modalities is again the strongest reported
baseline, the LOSO Fl1-score remains 69.46%, compared
with 81.18% in the 10-fold setting. This validates the cen-
tral problem addressed in this paper: Cognitive HCI systems
need subject-aware and reliability-aware models, because
physiological and gaze patterns differ substantially across
users.

Table 3. Generalization gap between 10-fold and LOSO settings.

Comparison Best 10-fold F1 (%) Best LOSO F1 (%) F1gap Main implication
level
Single modality 76.41 57.21 19.20 Individual signals are subject-
dependent.
Two modalities 76.79 65.00 11.79  Fusion helps transfer but does
not solve it.
Three modalities 80.08 68.50 11.58 Selected fusion improves ro-
bustness.
All modalities 81.18 69.46 11.72  Full fusion still leaves a per-
sonalization gap.
% Generalization Gap Across Validation Schemes
80 A .—k/—k"_.
704
F 601 /’//.’—_.
P
T 50
°
5 40
7
T 304
204
—e— 10-fold F1
10 A ~#— LOSO F1
F1 gap
0 T T T T
Single Two Three All
modality modalities modalities modalities

Figure 3. Fl-score gap between 10-fold and LOSO evaluation
for single-modality, two-modality, three-modality, and all-modality
settings.

Table 3 and Fig. 3 demonstrate that the generalization gap re-
mains meaningful even when all modalities are used. This is
important for Cognitive HCI because deployment usually in-
volves new users. A model that performs well only when the
same participants appear in training and testing may not sup-
port reliable real-time adaptation. The stability gate proposed
in this paper is therefore designed to reduce dependence on
fixed modality weights and to support better behavior under
subject-specific variability.

Table 4. Cognitive HCI interpretation of modality behavior and
design consequences.

Benchmark finding Cognitive HCl interpretation Design consequence

ECG performs strongly Cardiac activity captures Useful for personalized
in 10-fold validation. workload-related arousal adaptive interfaces.
within known users.

EEG and gaze improve Neural and visual behavior Useful for unseen-user
transfer under LOSO can carry cross-user cognitive workload estimation.
evaluation. and attentional cues.

EDA improves multi- Electrodermal response con- Useful for friction-
modal LOSO perfor- tributes robust arousal infor- sensitive adaptation.
mance. mation.

All modalities improve More sensors improve repre- Fusion should be gated,
the best reported bench- sentation but cannot remove selective, and reliability-
mark but do not remove user variability. aware.

the transfer gap.

Temporal
stability score
EDA Temporal
encoder stability score
Temporal
stability score

ECG
encoder

Load
/v classifier

stability gate
weighted fusion

EEG
encoder

Gaze Temporal
encoder stability score

Subject-normalized synchronized 10-second windows

Figure 4. Proposed interaction-stability gated multimodal fusion ar-
chitecture. ECG, EDA, EEG, and gaze encoders generate modality-
specific representations. A temporal stability gate estimates reliabil-
ity weights, and the fused representation is passed to cognitive-load
and cognitive-friction heads.

Table 4 interprets the benchmark results from the perspec-
tive of adaptive interaction design. A key implication is that
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cognitive-load estimation should be connected to interface
decisions. Fig. 4 illustrates the proposed architecture. Instead
of assigning fixed importance to each modality, the stability
gate estimates local reliability and creates a weighted multi-
modal representation. This is expected to be useful when one
signal is noisy, missing, or less informative for a given user.

Table 5. Ablation and reporting matrix required before final empiri-
cal submission.

Validation

Experiment

Main purpose Required met- Reporting

ric status

CNN baseline  10-fold and Reproduce  public Accuracy, FI, To repro-

LOSO deep baseline balanced accu- duce
racy
Transformer 10-fold and Reproduce strongest Accuracy, F1, To repro-
baseline LOSO public baseline balanced accu- duce
racy
Proposed LOSO Test value of stability Accuracy, To com-
model without weighting macro-F1, CFI pute
gate AUC
Proposed LOSO Test value of transi- Accuracy, To com-
model without tion learning macro-F1, CFI pute
friction loss AUC
Full proposed LOSO Test final unseen-user Accuracy, To com-
model deployment model macro-F1, CFI pute
AUC
Cognitive Friction Index Decision Zones
1.0
081 Provide Simplify and
guidance assist
2
5 0.6
©
]
£
[
g
€ 0.4
@
Maintain Avoid
interface interruption
0.2
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Predicted high-load probability

Figure 5. Cognitive Friction Index interpretation map for adaptive
HCI. The x-axis represents predicted high-load probability, while
the y-axis represents temporal instability.

Table 5 specifies the minimum empirical reporting matrix
needed before journal submission. The proposed model
should be compared against reproduced baselines using both
conventional classification metrics and a friction-specific mea-
sure. Fig. 5 provides the interpretation map used by the adap-
tive HCI layer. When predicted load and temporal instability
are both low, no interface change is needed. When predicted
load is high but temporal instability is low, the system should
avoid additional interruption. When instability is high, the
interface should provide guidance or activate a simplified
assistance mode.

The main scientific implication is that cognitive-state estima-
tion should not stop at high/low classification. Cognitive HCI
requires models that estimate whether the user-interface rela-
tion is stable. The reported CLARE benchmark supports this
argument because performance differs across validation pro-
tocols and modality subsets. The proposed CFI transforms
workload prediction into a design-relevant signal that can
guide adaptive interface behavior.

6. REPRODUCIBILITY NOTES

To ensure reproducibility, the dataset source, preprocessing
steps, segmentation strategy, model configuration, and eval-
uation protocol should be made public. The implementa-
tion should use fixed random seeds and subject-independent
splits. Each 10-second window should be aligned with the
self-reported cognitive-load score. Labels should follow the
CLARE benchmark: scores below 5 as low cognitive load
and scores of 5 or above as high cognitive load.

The code repository should include a dataset loading script
for ECG, EDA, EEG, gaze, and labels; preprocessing scripts
for filtering and normalization; feature extraction scripts
for classical baselines; deep learning scripts for the pro-
posed stability-gated model; evaluation scripts for 10-fold
and LOSO validation; plot scripts for all five result figures;
and a configuration file listing all hyperparameters. The main
reproducibility risk is dataset access and preprocessing con-
sistency. Therefore, the paper should clearly specify whether
raw signals or extracted features are used, how missing values
are handled, and whether normalization is performed within
each training fold to avoid data leakage.

7. CONCLUSION

This paper proposed a Cognitive HCI framework for detect-
ing cognitive friction rather than only classifying cognitive
load. The proposed interaction-stability gated multimodal
model uses ECG, EDA, EEG, and gaze streams to estimate
cognitive load while also identifying unstable interaction
periods through a Cognitive Friction Index. Baseline evi-
dence from the public CLARE dataset shows that multimodal
learning is useful, but subject-independent generalization re-
mains challenging. The reported gap between 10-fold and
LOSO validation motivates the proposed use of subject-aware
normalization, selective modality weighting, and temporal
friction modeling. The framework is intended for adaptive
interfaces that respond to user state by reducing interrup-
tions, simplifying visual complexity, or providing stepwise
assistance. Before submission, the proposed model must
be executed on the public dataset, and the final manuscript
should replace the reproducibility-target rows with computed
results, ablation analysis, and statistical significance tests.
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