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Abstract. Adaptive user interfaces provide personalized experiences
traditionally through customization menus, user profiling, or multi-
modal sensing. Stress and cognitive-load-aware AUls have received sig-
nificant attention due to their potential to improve accessibility and
performance for less tech-savvy users. Particularly, the use of wearable-
captured physiological signals allows practical implementations with high
usability. However, attention to bad user experience due to heterogeneous
skill levels is limited in the literature; studies are commonly found inter-
preting stress and frustrating user experiences (UX) as equal, and many
approaches rely on self-reported or post-hoc analyses. In this study, we
investigate the challenges lightweight machine learning models face when
inferring UX-induced frustration from wearable physiological signals us-
ing stress-trained datasets, highlighting how task specificity achieves up
to 19.3% performance gains in frustration recognition tasks, and label
granularity makes 4-class classification viable at above-random chance
performance (42.3%).
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1 Introduction and Motivation

Adaptive User Interfaces (AUISs) are commonly designed for homogeneous pop-
ulations such as trained operators, students, or users with specialized expertise.
While early AUIs emphasized static personalization (e.g., adapting layouts to
user expertise), recent HCI research has explored dynamic adaptation based on
users’ accessibility needs to reduce cognitive load and prevent confusion during
challenging tasks [3|. Despite performance gains, most systems overlook the wide
variation in technological familiarity, perceptual abilities, and emotional reactiv-
ity found in the general public, which intensifies marginalization of vulnerable or
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less tech-savvy users [6]. To address these considerations, several studies lever-
age physiological stress detection to identify struggling behavior during interac-
tion [5]. Although promising, these approaches are often constrained by limited
subject diversity and by ambiguously defined stress labels that may conflate
multiple emotional states.

In this study, we evaluate stress-trained multimodal traditional machine
learning models on smartphone user experience (UX) induced realistic frustra-
tion events. We demonstrated that by increasing task specificity, accuracy im-
provements as great as 19.3% can be achieved, and 4-class classification becomes
viable by reducing emotion-ambiguity.

2 Related Work

Recent advances in physiological and behavioral sensing have enabled AUIs to
adapt interface complexity, pacing, and visual emphasis based on cognitive load.
Vasiljevas et al. showed that gaze behavior can continuously estimate cognitive
load during interaction, enabling anticipatory difficulty adaptation [7]. Viviani
et al. reported strong correlations between fine motor behavior in smartphone
typing and cognitive function, with implications for learning and accessibility [§].

Although stress recognition is widely studied in mental health literature,
wearable-based adaptation remains an emerging approach. Most stress recogni-
tion datasets rely on coarse temporal windows and post-hoc analysis, with few
approaches supporting semi-real-time inference [4]. Liapis et al. demonstrated
mobile-compatible stress classification for UX evaluation using physiological sig-
nals; however, their approach does not address subject or task heterogeneity,
limiting generalization in realistic settings.

In contrast, our work directly examines the feasibility of real-time, on-device
UX-induced frustration recognition by evaluating stress-trained models against
both standardized stress tasks and a realistic, frustration-inducing smartphone
interaction, thereby addressing the combined challenges of task specificity, emo-
tion ambiguity, and practical deployment constraints.

3 Experiment and Results

To evaluate the performance of traditional stress recognition methods on a
frustration-inducing realistic smartphone interface, we modified an open source
calculator application? to reproduce UX friction points identified by elderly sub-
jects from a previous experiment on AR-based guidelines for the general pub-
lic [2]. Implemented friction points include reduced readability, random input
delays, missed interactions, and hard-to-access operator keys. To reduce the
presence of motion artifacts and increase reproducibility, video-based tasks were
selected as the baselines to be compared against. 21 subjects participated in our
experiment (6F/15M).

PPG and EDA physiological reactions were sampled with a Shimmer3 GSR+
wearable device at 51.2Hz during the execution of arithmetic calculations with

4 https://github.com/violiarns28/calculator



UX Frustration Recognition via Stress models and Biosignal Features 3

and without UX bugs present, and during video-based stress and relaxing elating
video clips according to the multi-modal StressID dataset protocol [1]. Every
phase was preceded by an emotional reset via a deep breathing and relaxation
activity as seen in Fig. 1.
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We observe classification performance being severely affected by experimental
setup—binary classification performance is reduced on unseen data, our exper-
iment video tasks—, performance is improved by training the models only on
the relevant StressID’s video tasks, as seen in the difference between validation
and video task (VTasks) rows in Table 1. To visualize the factors affecting fea-
ture clustering in our experiment and StressID’s data, we run a t-SNE analysis.
As seen in Fig. 2, regardless of a uniform distribution of all tasks in the fea-
ture space, the greatest clustering depends on the subject rather than label. To
increase specificity, we added a new classification schema, in which by consid-
ering the “Dominance” axis and redifining “Arousal”’s relevance, we successfully
achieved above-random classification power (42.3%) in the hardest 4-label clas-
sification task for the calculator task (CTasks).

4 Conclusion and Limitations

Though the authors recognize that generalization may be affected by the reduced
sample size and the need for further tasks comparison to better discern the nature
of UX-induced frustration, this report reveals the importance of label specificity
on under-studied emotion recognition tasks. Reducing emotion ambiguity can
achieve great improvements (19.3%) in difficult classification tasks such as 4-
label classification, showing the potential of lightweight machine learning models
for practical AUIs on the edge.
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Table 1: Baseline models’ accuracy performance comparison between models

trained with all StressID’s tasks and trained only with the relevant video tasks.
KNeighbors MLP RandomForest svcC

Cls. All Video Diff.  All Video Diff.  All Video Diff.  All Video Diff.

Bin. Validation 86.5 83.8 -2.7] 86.1 83.1 -3.0/ 84.4 87.1 271 864 899 3.,57
VTasks 51.1 66.7 15.6x 49.4 56.7 7.3x 55.6 54.4 -1.2] 522 489 -3.3)
CTasks 50.0 54.2 4.21 454 505 5.117 449 50.0 5.11 43.1 505 7.4%

Ter. Validation 79.1 86.1 7.0 77.0 87.4 10.4x 783 88.3 10.0x 784 91.3 12.9%
VTasks 44.3 47.2 297 342 432 9.0x 420 479 591 41.2 32.6 -8.6x
CTasks 31.5 39.9 84x 40.0 30.8 -9.2x 325 31.6 -09, 376 357 -1.9]

Qad. Validation 79.7 82.0 2.3 76.3 80.3 4.0 752 80.1 491 79.7 86.3 6.67
VTasks 21.0 239 2917 327 333 061 246 300 54T 29.2 237 -55]
CTasks 34.1 42.3 82+ 109 30.2 19.3x 22.1 33.0 10.9x 23.1 27.6 4.51

StressID: All Tasks
Experiment: Video Tasks
Experiment: Calculator Tasks
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(a) All tasks grouping. (b) All tasks, 6 subjects subset.

Fig. 2: t-SNE analysis on StressID (SID) and our experiment’s data (ED).
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