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AMUSED: A Multi-Modal Dataset for Usability
Smell Identification

Flávia de S. Santos , Marcos Treviso , Kamila R. H. Rodrigues , Renata P. M. Fortes , and Sandra P. Gama

Abstract—Understanding how users interact with systems and
experience usability issues is vital in Human-Computer Interaction
(HCI). Existing approaches often focus on isolated data types, such
as interaction logs or subjective reports, providing only a partial
view of the user experience. This work introduces AMUSED, a
multimodal dataset that integrates user interaction logs, physio-
logical signals, facial emotion features, and self-assessment reports.
The dataset includes expert annotations of eleven types of usabil-
ity smells, creating a rich resource for investigating relationships
between usability problems, user behavior, and emotional states.
We conducted experiments with 70 participants interacting with
three social networks containing usability issues. We then evalu-
ated various machine learning models to assess the feasibility of
automatically detecting these issues. The dataset comprises 24 h of
user recordings, with over 20,000 user events, such as clicks, scrolls,
and input changes. Our analysis reveals that (i) usability smells fre-
quently co-occur, (ii) negative emotions predominate when severe
usability issues arise, and (iii) Gradient Boosting models achieve
up to 92% accuracy in detecting usability smells, demonstrating
the potential for computational methods in automated usability
evaluation. Our findings emphasize the value of emotional metrics
in HCI research and highlight promising uses of machine learning
to automatically detect usability issues.

Index Terms—Dataset, usability evaluation, user experience,
usability smells, EEG, BVP, facial recognition, emotion recogni-
tion, multimodal data.

I. INTRODUCTION

IN the field of Human-Computer Interaction (HCI), capturing
the full scope of user interaction is crucial for evaluating
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and improving system usability. Traditional approaches often
focus on a single type of data, such as interaction logs or
self-assessment reports, providing a limited view of the overall
user experience. As digital platforms, particularly social media,
continue to shape our daily lives, it becomes essential to gather
comprehensive data that reflect not only how users interact with
systems, but also how these interactions can highlight usability
issues. For example, detecting and recognizing users’ emotions
during interactions with computational systems can be a key
aspect of understanding the full user experience and is increas-
ingly important in HCI research [1]. Emotional data allows not
only the evaluation but also the improvement of various aspects
of the interaction, interface design, and overall user experience.
As such, emotional design plays a crucial role in enriching user
engagement, fostering emotional resonance [2], and inspiring
greater user confidence [3].

Recent advances in neurological signal processing have in-
creasingly enabled Electroencephalography (EEG) applications
in user interface and usability evaluation [4], [5], while the
automation of usability evaluation with machine learning tech-
niques has emerged as a prominent research direction [6],
[7]. Building on the framework proposed by de Souza San-
tos et al. [6], we present a new dataset1 that integrates multiple
forms of interaction data in order to offer a holistic view of user-
system interactions. Concretely, our datasets include interaction
logs to capture the sequence of user actions, EEG and Blood
Volume Pulse (BVP) signals along with facial features to capture
insights into the user’s cognitive and emotional state during
interactions, and self-assessment reports to capture subjective
user feedback. To support a structured analysis of usability
issues, experts have annotated each interaction with usability
smells [8], which indicate inefficient or problematic interaction
patterns, such as high cognitive load or unclear feedback mech-
anisms. By annotating these smells across 70 user sessions, our
dataset enables researchers to explore the relationship between
user actions and potential usability issues in depth, offering a
more comprehensive understanding of how interaction patterns
impact user experience.

The following sections provide a structured overview of our
study. We begin by reviewing related work (Section II), followed
by a description of the dataset structure and the data collection
process, including setup details (Section III). Next, we outline
the data annotation process (Section IV) and the methodology
used for dataset construction (Section V), before presenting an

1Dataset available at: https://doi.org/10.5281/zenodo.15870704
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in-depth analysis of the dataset (Section VI). We then report re-
sults on automatic detection of usability smells on our dataset by
using different machine learning models (Section VII). Finally,
we discuss our conclusions and outline the study’s limitations
(Section VIII).

II. RELATED WORK

Traditional usability evaluation relies on expert inspection
methods that suffer from subjective interpretation variations
and evaluator expertise dependencies. While automated usabil-
ity smell detection provides behavioral indicators for poten-
tial problems [9], [10], [11], such detection has evolved from
rule-based pattern matching to sophisticated machine learning
approaches that leverage multimodal data [6].

Recent advances in emotion recognition have driven the de-
velopment of multimodal emotional expression datasets that
include physiological signals such as EEG and BVP. In this
section, we review key datasets labeled with emotions that
have contributed significantly to the field by collecting different
data sources, such as EEG/BVP signals, facial expressions,
self-assessments, among others.

DEAP [12], one of the most widely used datasets, contains
EEG, BVP, electromyogram (EMG), electrooculogram (EOG),
skin temperature, and galvanic skin response (GSR) recordings
from 32 participants watching music videos, with 22 of them
also having recorded facial videos. Participants rated their re-
sponses using the Self-Assessment Manikin (SAM) [18] in terms
of valence-arousal-dominance (VAD), along with a “liking”
scale (thumbs-up, neutral, thumbs-down). MAHNOB HCI [13]
contains EEG, eye movements, audio, and facial expressions
from 27 participants who watched emotional video clips, la-
beled on valence and arousal scales to the target emotions. The
eNTERFACE dataset [14] consists of two main subsets. The
first includes functional near-infrared spectroscopy (fNIRS),
peripheral signals, and EEG data from five participants who
viewed images from the International Affective Picture Sys-
tem (IAPS) [19]. The second subset contains facial expres-
sion and fNIRS recordings of 16 participants exposed to a
series of images and video sequences. Like other datasets,
eNTERFACE is labeled based on valence and arousal scales.
DREAMER [15] focuses on EEG, and electrocardiogram (ECG)
recordings, alongside heart rate variability (HRV) derived from
ECG signals, with participants reporting their emotional re-
sponses on the SAM scale. Unlike previous datasets, the DECAF
dataset includes brain signals from 30 participants exposed to
music and videos, acquired through magnetoencephalography
(MEG), near-infrared facial videos, horizontal electrooculogram
(hEOG), ECG, and trapezius electromyogram (tEMG). Similar
to the other datasets, participants rated their emotional responses
on the VAD scale. While these multimodal datasets support
emotion recognition research, datasets integrating user inter-
action data remain limited. The DUX dataset [17] addresses
this gap by combining keyboard and mouse activity with facial
emotion analysis from 50 participants using a travel expense
report application with embedded emotional triggers (inten-
tional interface flaws violating usability principles to induce

negative emotions—referred to as “bad UX triggers” in our
work) to explore the relationship between user interactions and
affective states. However, DUX does not include physiological
signals such as EEG and BVP and lacks data specifically focused
on usability-related contexts.

Although these datasets provide valuable insights, most do not
incorporate user interaction data or usability-related contexts,
which are crucial for understanding emotions in HCI scenarios.
To address this gap, we introduce the Affective Metrics &
Usability Smell Evaluation Dataset (AMUSED), a comprehen-
sive multimodal resource that incorporates facial expressions,
self-reported emotions, EEG and BVP signals, detailed user
interaction data, and usability smell annotations. Collected from
70 participants interacting with interfaces containing usability
issues, AMUSED uniquely enables the exploration of the rela-
tionship between user behavior, usability challenges, and emo-
tional responses. This combination fosters new opportunities
for analyzing and improving user experience through the lens of
emotion recognition and usability research. Table I summarizes
the discussed datasets, detailing the number of participants,
EEG channels, along with the presence of heart rate data, facial
emotion analysis, self-assessment methods, and interaction data.
We also detail the types of emotional stimuli used, and the target
emotions captured, showcasing the diversity of multimodal emo-
tion recognition resources. Finally, AMUSED does not contain
data from other sources such as fNIRS and tEMG, which could
further improve the dataset.

In the next section, we describe the structure of AMUSED
and detail the data collection process.

III. DATA COLLECTION

In our study, we collected data from three social networks
(SNs) to investigate usability issues and their impacts on user
interactions. We adopt the concept of usability smells, where
“bad smells” are indicators of inadequate application design,
with the potential to compromise usability [9].

Prior to the commencement of the study, approval
was obtained from the Research Ethics Committee of
the University of São Paulo (USP) under protocol num-
ber 46999521.0.0000.5390, with substantiated opinion no.
4.785.203, in June 2021, and from the Ethics Committee of
Instituto Superior Técnico - Universidade de Lisboa (approval
no. 29/2024).

A. Interfaces Information

The social networks used in this work include a custom-
designed website and two prototype websites with publicly
available source code, none of which were commercially avail-
able to users. To highlight the presence of usability smells during
user interactions, usability issues were deliberately introduced
in Perspective (SN1).2 This platform offers a variety of standard
social networking features, including searching and adding
friends, viewing profiles, sending private messages, adding
photos, creating HTML-rich posts on personal profiles or

2SN1: https://github.com/flassantos/perspective

https://github.com/flassantos/perspective
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TABLE I
OVERVIEW OF MULTIMODAL EMOTION DATASETS

Fig. 1. Electrode placement on the forehead and behind the ear for EEG
acquisition in 10-20 system configuration [22].

friends’ timelines, commenting on and liking posts, and chang-
ing account information. Love Social (SN2)3 and Social-
Network (SN3),4 are also simple social networks similar to SN1,
allowing users to carry out typical tasks. We identified usability
issues in both of these platforms as well.

B. EEG and BVP Setup

We use BITalino (r)evolution Plugged Kit BT5 with the addi-
tion of a Photoplethysmography (PPG) sensor,6 and the software
application OpenSignals7 to record the electroencephalography
(EEG) and Blood Volume Pulse (BVP) signals during user inter-
actions. The BITalino’s EEG sensor has a bipolar configuration,
comprising three electrodes. In its bipolar setup, two of these
electrodes measure the electrical potentials in a targeted area
of the scalp, while a reference electrode is positioned in a
region with minimal muscular activity. Electrodes I and II were
placed at FP1 and FP2 (forehead), respectively, according to
the 10-20 system [20], [21], and electrode III was placed at M1
(mastoid process, behind the left ear), as illustrated in Fig. 1. The
sensor connection cable was plugged on BITalino’s channel 1.
The two-channel EEG configuration was chosen for practical
constraints, such as minimal user interaction interference and
reduced cost.

To record the BVP, we use the PPG sensor (also known as
PulseSensor), placed in the ear lobe (positioned with the help of

3SN2: https://github.com/flassantos/react-social-network
4SN3: https://github.com/flassantos/social-network
5https://www.pluxbiosignals.com/collections/bitalino
6https://www.pluxbiosignals.com/products/photoplethysmography-ppg-

sensor
7https://support.pluxbiosignals.com/article-categories/opensignals

an ear clip), to record the heart-rate. The sensor connection cable
was plugged on BITalino’s channel 2. BITalino was attached to
the back collar of the participants’ shirts using its protective
cover. We connected the hardware device and the software
application via Bluetooth. Once connected, we configured chan-
nel 1 for EEG and channel 2 for BVP, as they were connected to
the hardware. Additionally, we set the sampling rate to 1,000 Hz.

C. Experiment Setup

Participants were recruited using convenience methods of
recruitment. Eligible participants included anyone interested
in taking part, provided they were at least 18 years old. The
participants were informed about the experiment and their rights
in a verbal introduction and through a consent form. They
were briefed on the objectives of the experiment, the types of
data that would be collected, and the methods of collection.
After addressing any questions or concerns, they were invited
to complete the consent form, as well as provide demographic
information before starting the session. There were no potential
risks and no expected benefits for the individual participants.
Each session lasted approximately 1 h. We used the Wildfire
browser extension8 to collect the user interaction logs, and a
screen recorder extension to capture the screen.

We invited participants to attend sessions in calm, quiet, and
comfortable environments. To ensure that all usability mea-
surements reflected authentic first-time user interactions, all
participants were confirmed to have no previous experience with
the social network platforms used in the study, as these were
prototypes rather than commercially available applications. For
participants where only interaction logs were collected, tasks
were performed using Google Chrome on an available computer,
and for participants whose EEG, BVP, and other physiological
data were collected, interactions were conducted on a notebook
running the Ubuntu 18.04 operating system, with a Core i7
(eighth generation). EEG and BVP sensors positioned according
to the predefined setup and connected to OpenSignals, alongside
screen recording and interaction log capture.

8https://wildfire.ai/

https://github.com/flassantos/react-social-network
https://github.com/flassantos/social-network
https://www.pluxbiosignals.com/collections/bitalino
https://www.pluxbiosignals.com/products/photoplethysmography-ppg-sensor
https://www.pluxbiosignals.com/products/photoplethysmography-ppg-sensor
https://support.pluxbiosignals.com/article-categories/opensignals
https://wildfire.ai/
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TABLE II
DATA STATISTICS OF THE AMUSED DATASET

At the start of data collection, participants were shown a
slideshow of six selected images for 5 min to induce a calm state.
The slideshow consisted of a repeated set of images from the
International Affective Picture System (IAPS) [19], specifically
images categorized as neutral to positive. Participants were then
instructed to complete the tasks outlined for the website under
evaluation, with the option to move on to the next task at any
time. Once the tasks were completed, the data recordings were
stopped, and the sensors were removed.

In a subset of tests, facial images were captured using the
notebook’s built-in camera. Additionally, in a small subset,
participants were also asked to complete a shortened SAM
questionnaire [18] after each task, reporting valence and arousal
levels, where valence ranges from positive (happiness) to nega-
tive (sadness), and arousal from calm to excitement [23]. Before
these assessments, participants were introduced to the concepts
of arousal and valence.

D. Participants

A total of 70 participants agreed to participate in the study
after the recruitment process, with an equal distribution of 35
women and 35 men, with ages ranging from 18 to 61 years (me-
dian age of 27 years). Among them, 35 subjects have completed
or are currently pursuing postgraduate studies, 23 have com-
pleted undergraduate degrees, seven are currently enrolled in
undergraduate programs, and five have completed high school.
Regarding computer usage, 64 participants reported frequent
use, while only two indicated they rarely use the device. As
for smartphone usage, 56 participants use it multiple times a
day, twelve use it moderately throughout the day, and only two
reported using it sparingly during the day. Consequently, 55
participants classified themselves as experienced users, 14 as
moderate users, and one as a beginner.

E. AMUSED Dataset

As previously mentioned, we collected interactions from a
total of 70 participants: 32 from SN1, 30 from SN2, and eight
from SN3, as outlined in Table II. The assignment of participants
to each SN was performed randomly. However, at the beginning
of the experiments, SN2 temporarily faced access issues, which
were later solved. Additionally, the SN3 was later removed from
the testing platform, leaving only its source code accessible. Al-
though the code for SN3 remained available, we were unable to
execute it locally, which hindered the continuation of sessions on

this network. This limitation impacted the volume and diversity
of data collected for SN3, as reflected in the table.

AMUSED dataset captures diverse interactions across the
three social networks, with tasks designed according to the typ-
ical user activities and platform affordances. A total of 44 tasks
were defined,9 distributed as 17 for SN1, eleven for SN2, and 16
for SN3. The total duration time was approximately 24h46 min,
with SN1 accounting for the largest portion (13h56 min). In
addition to interaction data, we collected EEG and BVP data,
facial images, and SAM questionnaire responses. EEG and BVP
were recorded in 56 sessions, facial images in 50 and SAM
questionnaires were completed in 29. The heterogeneous data
distribution also reflects progressive refinement of data collec-
tion protocols, with SAM questionnaires introduced after initial
SN1 sessions were completed.

IV. DATA ANNOTATION

To develop a machine learning model capable of identifying
usability issues, it is essential to annotate the collected interac-
tion data. In HCI, this stage is often referred to as the evaluation
phase, in which experts analyze user interactions to identify
usability problems. This process ensures that the dataset captures
meaningful usability insights, which can then be leveraged to
train models for automated detection.

For the data annotation process, we considered eleven subjec-
tive usability smells, as described by de Souza Santos et al. [6],
categorized into two levels of specificity: task-level and action-
level. Task-level smells refer to broader usability issues that
impact the overall completion of a task. These smells are typi-
cally related to the general structure and flow of tasks within
the user interface and include Laborious Task, Cyclic Task,
Too Many Layers, Missing Task Feedback, High Interaction
Distance, Repetition in Text Fields, and Late Validation. Action-
Level focus on specific user actions and include Undescriptive
Element, Missing Action Feedback, Unnecessary Action, and
Misleading Action.10

The evaluation was conducted by 20 experts with varying
levels of experience in usability assessment. The most experi-
enced group consisted of four experts with over seven years of
experience in usability evaluation. Additionally, five experts had
more than four years of experience. One expert had three years
of experience, and another expert had two years of experience.
Four experts had one year of experience. Finally, five experts
participated without prior practical experience but with theoret-
ical knowledge of usability evaluation.

Each expert received an annotation guide and a link to the
online annotation tool for each assigned annotation. This tool
allowed them to review screen recordings of interactions and
annotate perceived usability smells. Each interaction was evalu-
ated by three experts, with different experts assigned to distinct
users. To maximize the identification of usability issues, we
rotated experts across different evaluation trios rather than using

9The full list of tasks and the full dataset structure are available in https:
//github.com/flassantos/amused/tree/main/supplementary.

10A full description of all usability smells is available at: https://github.com/
flassantos/annotation-usability-smells/wiki/Usability-Smells.

https://github.com/flassantos/amused/tree/main/supplementary
https://github.com/flassantos/amused/tree/main/supplementary
https://github.com/flassantos/annotation-usability-smells/wiki/Usability-Smells
https://github.com/flassantos/annotation-usability-smells/wiki/Usability-Smells
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TABLE III
SMELLS STATISTICS

fixed teams. To ensure a high level of expertise in the annotation
process, each evaluation trio included at least one expert with
seven years or more of experience in usability evaluation.11 For
task-level smells, when identified in a task, the expert should se-
lect the corresponding checkbox. For action-level smells, when
identified, the experts should record the time (in minutes and
seconds) when the action occurred, according to the interaction
video’s timestamp. Multiple occurrences of the same action
smell can be identified within a single task.

We provide a comprehensive overview of the usability anno-
tation in Table III, where we analyze the occurrence of both
task and action-level usability smells across the three social
networks. The distribution of usability smells at task and action-
level aligns with the overall event distribution across social
networks. Notably, SN1, which logged the majority of events
(58%), also contributed the highest number of task-level (68%)
and action-level smells (57%), reflecting the prominence of
user effort and feedback issues in this network. At the task
level, the most frequent issues are Laborious Task and Missing
Task Feedback, each accounting for 27% of the total task-level
smells. These are followed by Late Validation (16%) and Too
Many Layers (10%). Less frequent task-related smells include
Repetition in Text Fields (4%), Cyclic Task (8%), and High In-
teraction Distance (8%). At the action level, Misleading Action
was the most frequently encountered smell, with a total of 1564
occurrences, making up 47% of all action-level smells, followed
by Missing Action Feedback (35%), Unnecessary Action (5%),
and Undescriptive Element (13%).

A. Annotation Agreement

We start by computing the Fleiss’ kappa metric [24] for
measuring the annotator agreement of binarized labels, which
represent whether an event was marked with a smell or not.
However, since our annotation consists of assigning a set of
smells for an event (e.g., for action-level, an event can be

11The annotation tool is available at: https://github.com/flassantos/
annotation-usability-smells/.

TABLE IV
AGREEMENT BETWEEN ANNOTATORS IN TERMS OF FLEISS’ KAPPA (F’κ),

INTERSECT-OVER-UNION (IOU), AND KRIPPENDORFF’S ALPHA (K’α)

considered both as “unnecessary” and “misleading”), we also
compute the annotation agreement using two standard metrics:
the weighted agreement percentage (intersect-over-union, IOU),
and the inter-rater agreement with Krippendorff’s alpha [25].
The results are illustrated in Table IV. For task-level smells,
we only consider URL change events, while for action-level we
consider all other events. Therefore, most action-level events
receive a “null” label, indicating that none of the annotators
detected a smell for that specific interaction.

Following Landis [26], our κ values indicate a fair agree-
ment between annotators for the binary case. For the multilabel
case, the IOU values suggest a moderate level of agreement,
typically falling between 0.4 and 0.6. Moreover, as expected,
Krippendorff’s alphas are usually lower, as this metric is more
punitive. However, they remain positive, indicating a modest
level of reliability. We note that the agreement is higher for
task-level smells compared to action-level ones, underscoring
the inherent subjectivity of the action-level events, which are
not only less frequent in the dataset but also more susceptible
to interpretation challenges. Moreover, for action-level events,
annotators must identify a specific set of smells and pinpoint
the exact timestamp of the “bad” event, which demands a high
level of precision and increases the complexity of the annotation
process.

To integrate the annotated usability smells into the dataset,
we structured them alongside user interaction logs and physio-
logical data. We detail this preprocessing in the next section.

V. DATASET CONSTRUCTION

The AMUSED dataset integrates multiple data sources, in-
cluding user interaction logs, physiological signals (EEG and
BVP), facial emotion features, and self-reported emotions.
These data streams were synchronized and preprocessed to
ensure consistency, enabling a comprehensive analysis of user
interactions and emotional states during tasks on social net-
works. In Fig. 2 we provide an overview of the data alignment
process, illustrating how different data sources—interaction
logs, physiological signals, facial expressions, and self-reported
emotions—are structured and synchronized. Each component
(A–D) represents a key aspect of dataset construction, which
will be further detailed in the following subsections.

A. User Interaction Logs

We filtered the log, which is in JSON format, to consider only
five event types: URL change, click, input change, keypress, and
scroll. Each event is composed of a timestamp, current URL,

https://github.com/flassantos/annotation-usability-smells/
https://github.com/flassantos/annotation-usability-smells/
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Fig. 2. Illustration of the data alignment process along the interaction timeline. Part (A) shows how the interaction log is segmented into tasks and episodes, with
usability smells marked at both task (across episodes) and action levels (single events inside an episode). Part (B) aligns EEG and BVP signals to episodes, capturing
users’ physiological responses over time. Part (C) depicts facial emotion recognition data synced to the same timeline, and Part (D) shows the corresponding SAM
(valence and arousal) reports for each task.

DOM information, and additional event-specific metadata, such
as the x and y coordinates for clicks, duration for scrolls, and the
text typed by the user for input changes. We further structured
the log into episodes, which consists of a sequence of events
tied to a particular URL, representing distinct user interactions
on a specific webpage. An episode starts with a URL change
and may include various other types of events. Therefore, the
full user interaction is a collection of episodes, and a task is
composed of one or more episodes, as illustrated in Fig. 2
(Part A). Importantly, all episodes in a task are labeled with
task-level smells, while a single event in an episode is labeled
with an action-level smell. Finally, to simplify the structure of
our dataset, we collapsed successive keypress and scroll events
into a single event, registering the total number of collapsed
events as metadata. Note that the content typed by the user in
input elements is still registered via the input change event.

B. EEG and BVP Signals

Despite having forehead sensors, BITalino outputs a single
array describing the EEG signal and another single array de-
scribing the BVP signal, both with a sampling rate of 1,000 Hz
(see Section III-B for more details). The EEG and BVP signals
were normalized between −1 and 1 to standardize the data and
reduce potential variability across different sessions or subjects.
Given the structured log, we delimited both signals per episode
and stored them in isolated arrays. Next, for each episode,
we extracted specific frequency bands (theta, alpha low, alpha

high, beta, and gamma) using the BioSPPY12 library for EEG
signals, as these frequency bands are known to relate to different
cognitive and emotional states [21], making them relevant for
subsequent analyses. Fig. 2 (Part B) illustrates how we structured
EEG and BVP signals by aligning them with the logs.

C. Facial Expressions

Facial emotion recognition involves detecting and interpreting
emotions expressed through facial expressions. For our study,
we focused on using techniques that analyze the spatial features
of the face to classify these emotions effectively. In order to
identify faces within each frame, we employed a pre-trained
model based on the widely used Viola-Jones method [27] with
a rate of 30 frames per second, allowing us to segment the video
into individual facial images for further analysis. Each detected
face was pre-processed by converting it to grayscale, resizing it
to a standard 48x48 pixel format, and adjusting the contrast to
improve facial feature visibility.

Then, we apply VGG16 [28], a pre-trained Convolutional
Neural Network (CNN) model, which enjoys high accuracy for
image recognition tasks [29]. After finetuning the model on the
undersampled Facial Expression Recognition 2013 (FER-2013)
dataset [30], it achieved a validation accuracy of 84.6%, indi-
cating a strong performance in classifying facial emotions into
one of the seven Ekman categories [31]: joy, sadness, anger,
surprise, fear, disgust, or contempt. As before, we aligned the
recognized emotions for each frame according to the logs, such

12https://biosppy.readthedocs.io/en/latest/biosppy.html

https://biosppy.readthedocs.io/en/latest/biosppy.html
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that all events between frames A and B were marked with the
emotions detected in frame A. We illustrate this synchronization
in Fig. 2 (Part C).

D. Self-Assessment Manikin (SAM)

For a subset of the experiments, we asked participants to com-
plete a shortened version of the SAM questionnaire [18], where
they provided self-reports on valence and arousal experienced
during task execution. This procedure occurred at the end of
each task, capturing participants’ emotional states at specific
moments. Since self-reports were collected at the task level (e.g.,
Task 1), we applied the same valence and arousal values to all
constituent episodes of that task (e.g., episodes 1 and 2). This
approach enabled emotional data integration at the episode level
despite the task-level granularity of the original assessments.
Fig. 2 (Part D) illustrates the temporal alignment of SAM data
with the task logs.

E. Ground Truth Labels

As discussed in Section IV-A, each expert marked events with
a set of possible usability smells. Since annotators may agree
on a subset of those and disagree on others, we take the union
set from all three annotators to create the final ground truth
label. This creates a ground truth in a “multilabel” format. For
example, if expert 1 marked {A, B}, expert 2 {A}, and expert
3 {B, C}, the final label will be {A, B, C}. Therefore, after
the individual evaluations, the results from all the experts were
consolidated into a single list of issues, undergoing steps of
grouping and duplicate removal. Furthermore, to simplify the
process of identifying usability smells, we also generate a binary
ground truth label, by assigning zero (0) if the multilabel ground
truth is the empty set, and one (1) otherwise.

VI. DATASET ANALYSIS

In this section, we provide an analysis of the dataset, focusing
on relationships between user interactions, emotional responses,
and usability smells. Our analysis is divided into key areas, each
exploring different aspects of the dataset.

A. Interaction Data

Our analysis starts with the interaction logs, which detail user
behavior across different tasks and social networks. We focus on
identifying and interpreting interaction patterns, which reveal
unique behavioral insights. We detail the distribution of event
types—click, URL change, scroll, input change, and keypress—
across all three social networks (SN1, SN2, SN3) and the overall
dataset in Table V.

A total of 20,050 events were captured across the social
networks, with SN1 contributing for the majority (58%), fol-
lowed by SN2 (28%) and SN3 (14%). Click events were the
most frequent, accounting for 52% of all recorded interac-
tions, representing user interactions with buttons, links, or other
clickable elements. The second most frequent event was URL

TABLE V
EVENT TYPE STATISTICS IN THE AMUSED DATASET

change, indicating user navigation within the social network.13

These results highlight a strong click-based interaction pattern
on these platforms, supplemented by navigation actions (e.g.,
URL changes and scrolling) and limited form-based inputs. The
low frequency of keypress events suggests that textual inputs
are infrequent, hinting at a user behavior focused more on
browsing and selection rather than text-based interactions. This
pattern underscores potential areas for interface optimization,
such as improving click-based functionalities and streamlining
navigation to align with predominant user behaviors.

Building on this analysis of event types, Fig. 3 (a) shifts focus
to the duration of these interactions by examining the distribution
of episode durations across the same three social networks. As
illustrated in the figure, user engagement tends to be short-lived,
with episode frequency peaking within the first few seconds of
interaction and declining after around 15 s across all platforms.
SN1 exhibits the longest sustained engagement, with a peak of
nearly 1,000 around the 10 s mark, followed by SN2, which
peaks slightly above 800 at around 6 s. SN3, in contrast, shows
a much lower peak frequency, at approximately 100 around 12 s,
then gradually decreasing to almost zero by 100 seconds. The
distribution suggests that users on these platforms may quickly
browse or scan through content, with limited sustained interac-
tions. This could reflect design elements that encourage quick
scanning rather than prolonged engagement in each episode.

Fig. 3 (b) delves deeper into event duration by examining
how long each event type persists across networks. Click events
remain consistently brief and frequent across all networks, typi-
cally lasting less than ten seconds, aligning with their role as
quick, repeated actions. Both URL change and scroll events
display short durations, concentrated at the lower end of the time
scale, with URL changes in SN1 lasting less than one second.
Notably, while input change events have a lower frequency
than scroll events in all networks, they have a higher duration,
suggesting a consistent trend where users engage in form-based
tasks for longer than they scroll. This duration trend of input
changes, especially on SN1, indicate that input tasks demand
more user engagement time. Moreover, the consistent pattern
of input changes outpacing scroll events highlights an area for
potential UI improvements. Reducing the need for frequent
scrolling could streamline the user experience while optimizing
form-based interactions for efficiency could help minimize time

13Scroll and keypress events are reported as “collapsed” occurrences rather
than their total count during user interactions, as described in Section V.
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Fig. 3. Duration distribution of episode (a), and event types (b), per Social Network.

spent on input tasks. Such adjustments can improve user ex-
perience by supporting more intuitive and efficient interactions
across these platforms.

B. Usability Smells Data

Table III summarizes the distribution of usability smells at
both task and action levels across the three social networks.
SN1 exhibits the highest share of usability smells, with 68%
of task-level smells and 57% of action-level smells, aligning
with its overall dominance in event activity (58%). SN2 follows
with 23% of task-level smells and 37% of action-level smells,
while SN3 accounts for the smallest share, with 8% of task-level
smells and 6% of action-level smells. Analyzing the distribution
of usability smells across individual networks reveals that certain
issues are prevalent in all of them. Notably, Laborious Task con-
sistently emerges as the most frequent smell, especially in SN2,
where it indicates significant user effort. Missing Task Feedback
follows closely, highlighting problems related to the lack of
guidance or confirmation during tasks. This pattern suggests that
users often face incomplete feedback loops and high-effort tasks,
potentially leading to frustration and inefficiency. In contrast,
Repetition in Text Fields is the least frequent smell in SN2,
SN3, and the overall distribution. These issues provide valuable
design insights, emphasizing the need to improve task feedback
mechanisms and minimize task complexity.

At the action level, although the number of identified smells
varies across the three social networks, Misleading Action and
Missing Action Feedback are consistently prevalent in all of
them. In contrast, Unnecessary Action remains consistently in-
frequent across the networks. The high frequency of Misleading
Action suggests that users are often confused or misled by
the interface, indicating that improving the clarity and intent
of actions could significantly improve usability. Similarly, the
prevalence of Missing Action Feedback underscores the need
for more immediate and informative responses to user actions,
ensuring that users are aware of the outcomes and can interact
with the system more effectively.

Following our analysis of individual usability smells, we
now turn our attention to the co-occurrence of these smells at
both task and action levels. Fig. 4 provide insights into how
frequently different usability smells appear together, offering
a deeper understanding of potential compounding effects that
could exacerbate user frustration or confusion.

Fig. 4. Task-level (a) and action-level smells (b) co-occurrence heatmap.

In Fig. 4(a), we observe the pairwise co-occurrence of task-
level usability smells across the social networks. The smell with
the highest co-occurrence is Laborious Task, which frequently
appears in combination with other smells. The most prominent
pairing is Laborious Task and Late Validation, co-occurring
148 times, reflecting the compounding effect of user effort
and delayed system responses. Similarly, Laborious Task and
Cyclic Task appear together 107 times, suggesting that tasks
requiring repetitive steps are often associated with excessive
laboriousness. The co-occurrence of less frequent smells, such
as Repetition in Text Fields and High Interaction Distance,
although lower, highlights specific interaction problems that,
when combined, could significantly hinder task completion. The
presence of these patterns can inform where improvements in
user experience design could alleviate multiple usability prob-
lems at once.

In Fig. 4(b), we focus on the co-occurrence of action-level
usability smells. The most frequent pair is Misleading Action
and Undescriptive Element, which appear together 101 times.
This pairing suggests that users often encounter unclear or
misleading interface elements, leading them to perform actions
that result in unintended outcomes. Such a scenario creates a
significant barrier to effective interaction, as users may struggle
to navigate or complete tasks due to confusion. On the other
hand, the co-occurrence of Misleading Action and Unnecessary
Action is much lower. This indicates that while users may be
misled by certain actions, they are less likely to perform entirely
redundant actions during these interactions.

By examining these pairwise relationships, we gain deeper
insights into how specific interaction patterns amplify usability
issues. Understanding these combinations allows for more pre-
cise and targeted design interventions that can address multiple
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Fig. 5. Facial emotion distribution across task-level usability smells, high-
lighting the emotional responses triggered by each usability issue.

problems simultaneously, ultimately improving the overall user
experience by reducing confusion and inefficiency.

C. Emotional Data

Our emotional data analysis starts with the distribution of
recognized facial emotions in response to different usability
task smells. This emotional data offers insight into user re-
sponses when encountering specific interface issues, allowing
us to gauge which emotional reactions are most frequently
associated with different types of task-level usability smells. The
data presented in Fig. 5, summarized in a series of horizontally
stacked bar charts, reveals the percentage distribution of seven
primary facial emotions (anger, contempt, disgust, enjoyment,
fear, sadness, and surprise) across task-level smells.

Contempt is the most frequently observed emotion across
all task-level smells, particularly for those requiring high in-
teraction distances, where it peaks at 46.7%. This suggests that
users feel frustrated or undervalued when the interface requires
excessive navigation or effort, indicating dissatisfaction with a
lack of efficiency or ease in task completion. Fear is the second
most prominent emotion across all task smells. The presence
of fear could be attributed to uncertainty or confusion when
interacting with complex or unintuitive interfaces, highlighting
areas where clarity and user guidance are lacking. Surprise and
sadness are present, but not dominant in the emotional profiles.
Surprise may occur due to unexpected interface behavior or
outcomes, while sadness could reflect disappointment with the
user experience. Their lower percentages indicate these emo-
tions are less commonly associated with the usability smells
analyzed. Both enjoyment and anger show relatively low pres-
ence across task-level smells, with enjoyment barely reaching
notable percentages. The low levels of enjoyment suggest that
these usability issues rarely lead to positive user experiences.
Similarly, the minimal presence of anger may indicate that while
users feel frustrated (as reflected by contempt and fear), they do
not necessarily experience intense irritation or hostility towards
the interface. Disgust is notably absent or has a negligible
presence in the emotional data for task-level smells. This absence
may suggest that, although users are frustrated or anxious about
usability issues, they do not feel a strong sense of repulsion or
aversion toward the interface.

The emotional data analysis reveals that negative emotions
like Contempt and Fear are predominant in response to task-
level usability smells. The consistent presence of these emotions

underscores the significant impact that usability issues have on
user experience, inducing feelings of frustration.

Building upon the insights derived from facial emotion recog-
nition, we further explore user emotional responses through
the Self-Assessment Manikin (SAM) questionnaire. This addi-
tional data allows us to interpret users’ self-reported emotional
states along two core dimensions: arousal (activation level) and
valence (positive or negative emotional tone). We specifically
selected these two dimensions from the SAM framework due
to their established correlations with physiological signals, in-
cluding EEG and BVP, which were collected as part of our
multimodal dataset. Although the complete SAM framework
includes a dominance dimension, our focus on valence and
arousal is motivated by the potential to map these emotional
dimensions directly to neural oscillations and cardiovascular
patterns observed in the physiological data [32]. The SAM ques-
tionnaire results can be plotted on a Cartesian plane, displaying
data points representing user responses to the tasks plotted along
the valence (x) and arousal (y) axes. Each point’s position on
the graph helps characterize the emotional tone associated with
specific tasks, categorized as follows [33], [34]:
� High valence, high arousal: corresponds to excitement.

Emotions here suggest that users found these tasks stimu-
lating and enjoyable;

� High valence, low arousal: indicates calmness or satisfac-
tion. Emotions here suggest contentment or a relaxed state,
implying that users felt positively engaged without being
overstimulated;

� Low valence, high arousal: represents distress or anxiety.
Emotions here indicate that users experienced a high level
of activation with a negative emotional tone, potentially
indicating frustration or discomfort with the task;

� Low valence, low arousal: corresponds to boredom or
sadness. Emotions here reflect a lack of interest or negative
feelings with low energy, suggesting user disengagement
or dissatisfaction.

VII. AUTOMATIC DETECTION OF USABILITY SMELLS

Next, we describe our approach to automatically detect usabil-
ity smells in user interactions using Machine Learning models,
along with reporting and discussing our results.

A. Experimental Setup

We formulate the detection of usability smells as a supervised
Machine Learning problem. Two types of classification scenar-
ios were addressed: binary classification (presence or absence
of usability smells) and multilabel classification (simultaneous
detection of multiple usability smells). Additionally, we engi-
neered new features and performed normalization to improve
the model’s ability to identify usability smells.

1) Features and Feature Engineering: Our dataset contains
event-specific features (e.g., event durations, scroll counts),
structural HTML features (e.g., XPath depth), and aggregated
measures at the episode level. Additional features include phys-
iological (EEG and BVP) and emotional signals (facial expres-
sions and SAM). We carried out feature engineering in order
to generate global aggregation features (e.g., max, min, mean)
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and local contextual features (e.g., values for preceding and
succeeding episodes). To ensure consistency across sessions,
we applied Z-score and min-max normalization to numerical
features.14

2) Classification Tasks: We address the detection of usability
smells at two levels, task-level classification for predicting us-
ability smells for entire episodes, and action-level classification
for predicting usability smells for individual actions. We perform
binary classification and multilabel classification at both levels.

3) Classifiers: Ideally, our classifiers should consider the
entire structure of the input, meaning that the model would
consider the full timeline illustrated in Fig. 2. However, in this
study, we relax this assumption and choose simpler yet fast
and interpretable classifiers that can use global features from
the entire episode or from neighboring events/episodes. Con-
cretely, we perform feature engineering to consider neighboring
events/episodes and experiment with Logistic Regression, K-
Nearest Neighbors (KNN), Linear SVM, Multi-Layer Percep-
tron (MLP), Random Forest, and Gradient Boosting classifiers,
which were implemented using the scikit-learn library [35].
We carry out hyper-parameter tuning with Grid Search using
the macro F1-score as the optimization metric. For multilabel
classification, we use wrappers, such asMultiOutputClas-
sifier and OneVsRestClassifier to adapt classifiers to
predict a set of labels. Finally, we also include a chance baseline
that always predicts the majority label for the binary case and
a classifier that generates random predictions uniformly for the
multilabel setting.

4) Evaluation Metrics: We evaluate the classifiers using 5-
fold cross-validation to ensure a robust performance assessment.
For both binary and multilabel classification tasks, we use mul-
tiple evaluation metrics to capture various performance aspects.
These include accuracy, precision, recall, and the F1-score, the
latter reported as macro average to better account for class im-
balance. Additionally, for the multilabel setting, we also report
Jaccard and Hamming scores [36].

B. Results and Discussion

1) Task-Level Classification: We present the results in Ta-
ble VI. Overall, the Gradient Boosting classifier consistently
outperforms other classifiers across all metrics in both binary
and multilabel settings. Specifically, in the binary case, Gradi-
ent Boosting achieves the highest accuracy (92.1%), precision
(90.3%), recall (82.5%), and F1-score (86.2%). These results
highlight its ability to detect usability smells with very high
accuracy while balancing false positives and false negatives.
Simpler models like Logistic Regression, KNN, and LinearSVM
perform better than the baseline but show limitations, particu-
larly in precision and recall. For the multilabel classification
setting, Gradient Boosting achieves a strong F1-score (91.3%)
and Jaccard score (83.9%). As before, simpler models struggle.
Overall, the gap between simple and advanced classifiers high-
lights the need for more sophisticated techniques that can not

14A full description of features and preprocessing steps is provided at: https:
//github.com/flassantos/amused/.

TABLE VI
TASK-LEVEL RESULTS FOR DIFFERENT CLASSIFIERS IN TERMS OF ACCURACY

(ACC.), PRECISION (P), RECALL (R), F1 SCORE, EXACT MATCH (EM),
JACCARD SCORE (JAC.), AND HAMMING SCORE (HAM.). FOR ALL METRICS,

THE HIGHER THE BETTER. BOLD REPRESENTS TOP RESULTS; UNDERLINE

REPRESENTS SECOND-BEST.

TABLE VII
ACTION-LEVEL RESULTS FOR DIFFERENT CLASSIFIERS IN TERMS OF

ACCURACY (ACC.), PRECISION (P), RECALL (R), F1 SCORE, EXACT MATCH

(EM), JACCARD SCORE (JAC.), AND HAMMING SCORE (HAM.). FOR ALL

METRICS, THE HIGHER THE BETTER. BOLD REPRESENTS TOP RESULTS;
UNDERLINE REPRESENTS SECOND-BEST.

only detect the presence of usability smell, but also distinguish
their specific types.

2) Action-Level Classification: Table VII illustrates the re-
sults for action-level usability smell detection. In the binary
classification setting, the Gradient Boosting classifier once again
delivers the best overall performance, with an accuracy of 87.6%
and an F1-score of 70.4%. However, an MLP gets a higher
recall (66.0%), suggesting it is better at capturing more instances
of usability smells, even if it introduces more false positives.
Linear models lag behind, indicating that finer-grained detection
requires deeper methods. Finally, we observe that multilabel
predictions at the action level pose a greater challenge, as re-
flected in the consistently lower F1 scores across all models. We
attribute this to three key factors. First, the action-level dataset

https://github.com/flassantos/amused/
https://github.com/flassantos/amused/
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TABLE VIII
TOP 10 GRADIENT BOOSTING FEATURES FOR TASK AND ACTION-LEVEL

SMELLS

is highly imbalanced, with non-empty action smells comprising
only 16% of the dataset (3,336 out of 20,050 instances). Second,
as shown in Table IV, annotator agreement is lower at the action
level (K ′α = 0.19) compared to the task level (K ′α = 0.26),
indicating an inherently more difficult classification problem.
Finally, accurately predicting action-level smells requires cap-
turing contextual information preceding the event in which the
smell occurs. This necessitates more sophisticated models that
are able to account for the sequential structure of the input, such
as Recurrent Neural Networks [37]. Given the strong perfor-
mance of our current classifiers in the binary setting, we defer the
analysis of sequence models for multilabel prediction to future
work. Next, we examine the most important features and error
cases of the Gradient Boosting classifier, our best-performing
model.

3) Feature and Error Analysis: We computed feature impor-
tance scores from the Gradient Boosting classifier by averaging
the importance values across all individual estimators of our
5-fold cross-validation. The top ten features, ranked by their nor-
malized importance, are shown in Table VIII. At the task level,
contextual features like Relative Task Distance and Relative
Episode Distance consistently rank high, highlighting the role of
spatial and temporal dynamics in user interactions. The length
of text in clicks and input changes also receive high importance
scores, which reflect the complexity and cognitive effort required
for interactions. Additionally, emotional signals such as SAM
(valence and arousal) and facial emotions highlight the value
of incorporating user emotions into usability evaluation. For
action-level smells, interface-specific features such as the DOM
object, click-related information, and XPath tags dominate. In-
terestingly, these features capture critical information about how
users engage with specific elements, such as buttons and forms,
where action-level usability issues are likely to occur. In turn,

TABLE IX
GRADIENT BOOSTING’S PERFORMANCE PER USABILITY SMELL ALONG WITH

THE TOP 2 CO-OCCURRING LABELS

this reflects the importance of structural and semantic properties
of UI elements to minimize confusion and ensure harmonious
interactions.

Building on the previous insights, Table IX presents a de-
tailed analysis of Gradient Boosting’s classification performance
for each usability smell, highlighting also the most frequent
co-occurring smells. Task-level smells such as Laborious Task
and Missing Task Feedback achieve high precision and recall,
indicating the model’s robust ability to identify these prominent
issues. However, we note a slightly lower recall for smells
like Too Many Layers, suggesting more difficulties in captur-
ing subtler patterns. Co-occurrence analysis reveals significant
overlaps between smells, such as Laborious Task frequently
pairing with Missing Task Feedback and Late Validation, which
underscores the compounding nature of usability problems.
Interestingly, the top 2 co-occurring smells are closely aligned
with the ground-truth co-occurrence ranking illustrated in Fig. 4,
suggesting that our classifier was able to capture well the relation
between usability smells. At the action level, the model identifies
Misleading Action and Missing Action Feedback effectively
but struggles with more rare smells like Unnecessary Action
and Undescriptive Element (c.f. Table III), which is expected,
since action-level smells present greater challenges due to their
granular nature and reliance on contextual data.

VIII. FINAL REMARKS

We introduced AMUSED, a comprehensive multimodal HCI
dataset annotated with usability smells within social networks.
By integrating interaction logs, physiological signals, facial
emotion features, and self-assessment reports, we provided a
rich resource for studying the interplay between user behav-
ior, emotional responses, and usability issues. Our findings
demonstrated that usability smells often co-occur and can im-
pact user experience, with emotions like contempt and fear
frequently associated with problematic interactions. Addition-
ally, our proposed Machine Learning approach achieved strong
performance in detecting usability smells, particularly at the task
level, highlighting the potential of computational methods in
usability evaluation. However, challenges remain, particularly
in action-level detection and the integration of methods that
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can leverage the sequential structure of the data. Future work
should focus on expanding the dataset’s cultural and applica-
tion scope and leveraging more sophisticated sequence-based
models to further improve the automatic detection of usability
smells.

Our dataset was exclusively gathered from Portuguese speak-
ers, which may limit the generalizability of the findings across
different cultural and linguistic contexts. For example, cul-
tural factors may influence how users express emotions and
perceive usability issues, limiting cross-cultural applicability.
Additionally, the dataset is heterogeneous, as not all participants
contributed the same types of data; some provided only inter-
action logs, while others included EEG signals, facial images,
and SAM reports. While this diversity enriched the dataset, it
introduced challenges in maintaining uniformity and consis-
tency during analysis. Furthermore, the scope of this work was
restricted to social networks with usability issues, which limits
the applicability of the findings to other systems with higher
usability standards.

Challenges also arose during the annotation process, par-
ticularly at the action level. Task-level annotations benefited
from well-defined tasks within the evaluated Websites, leading
to higher consistency among annotators. However, action-level
annotations—such as identifying misleading clicks—required
experts to pinpoint exact timestamps, often differing by only
a few seconds. This margin for alignment error introduces
variability in the dataset and highlights the inherent difficulty
of annotating granular usability issues.

Lastly, the automatic detection methods did not fully leverage
the sequential nature of the data. While our approach achieved
high scores for task-level classification and binary action-level
detection, incorporating sequential models could improve per-
formance, especially for multilabel action-level classification.
Sequential analysis could also better capture temporal patterns
in EEG and BVP signals, providing a more comprehensive
understanding of action-level usability smells. Thus, future work
includes experimenting with LLM-based approaches to more
comprehensively validate our dataset.
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