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Abstract
Automated usability evaluation using interaction logs offers a scal-
able way to identify potential usability problems. However, it re-
mains unclear how different representations of interaction data
influence the detection of usability issues. In this paper, we in-
vestigate usability smell detection from a representation-centric
perspective. Using the AMUSED dataset, we decompose interaction
logs into behavioral, structural, and contextual representations and
evaluate their contribution to task-level smell detection with smell-
specific gradient boosting models. We further compare learned
models with rule-based detectors derived from prior work. Our re-
sults show that usability smells are representation-dependent and
context-sensitive: no single representation performs best across all
smells or applications and combining representations is beneficial
only selectively. Learned models generally achieve more balanced
precision and recall than rule-based detectors, while rule-based
approaches remain useful for structurally explicit smells but de-
pend strongly on available telemetry. These findings suggest that
representation design should be treated as a central design decision
in log-based automated usability smell evaluation.
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1 Introduction
Usability testing can provide rich insight into usability problems,
but it is often resource-intensive and difficult to scale [4, 5]. In-
teraction logs offer a scalable basis for automated usability eval-
uation [18]. Building on this idea, Garrido et al. [8] formalized
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recurring interaction log patterns as usability smells: indicators
of potential usability problems. Existing approaches include rule-
based detectors that encode predefined smell patterns [9, 10, 16] and
more recent machine learning (ML) models trained on engineered
interaction-log features [17]. While these approaches demonstrate
that usability smells can be detected from logs, they primarily focus
on what to detect and on how accurately detectors perform. Less
attention has been paid to how the choice of representation influ-
ences detection performance. Here, representation refers to how
raw interaction logs are transformed into engineered features that
capture different aspects of user interaction. This matters because
representation choices can determine whether a usability smell is
visible at all to an automated detector.

This paper investigates the detection of usability smells from
a representation-centric perspective. We compare three types of
evidence available in interaction logs: (1) behavioral information
about user actions; (2) structural information about interacted in-
terface elements; (3) contextual information about tasks. Instead of
investigating which model has the best detection performance, we
ask how different representations of interaction logs affect the de-
tectability of task-level usability smells, and how learned detectors
compare with rule-based detectors.

We evaluate gradient boosting (GB) models, an ensemble of de-
cision trees, trained on individual and combined representations,
and compare their performance with rule-based detectors derived
from prior work [10, 11, 16]. For this, we use the only available
dataset with expert-annotated usability smells, AMUSED [17]. Our
results show that no single representation is universally optimal.
Instead, the most effective representation varies across smells and
application contexts: some smells are captured by behavioral sig-
nals, others require structural or contextual information, and some
benefit from combining multiple representations.

We make the following contributions: (1) an empirical compar-
ison of behavioral, structural and contextual representations for
task-level usability smell detection; (2) evidence that usability smells
detection performance is representation-dependent and application-
sensitive: the most effective representation varies across smells and
applications, and adding more features does not necessarily im-
prove detection; and (3) practical guidance for automated usability
smell detection, clarifying when learned models are preferable,
when rule-based detectors remain sufficient and why both depend
on the availability of appropriate interaction log evidence.
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2 Usability Smells from Interaction Logs
Early research has shown that interaction logs can support scalable
usability evaluation by identifying recurring behavioral patterns
associated with usability problems [18]. Building on this idea and
code smells [7], Garrido et al. [8] introduced usability smells to
formalize such patterns as indicators of potential usability issues.
Subsequent work established smell catalogs, linked them to usabil-
ity refactorings, and proposed rule-based detectors over web and
mobile interaction logs [8–10, 15, 16].

Rule-based detectors are interpretable and useful when usability
smells correspond to stable patterns such as repeated actions or
excessive navigation [9]. However, they depend on predefined as-
sumptions about how smells manifest and on whether the required
telemetry such as interaction events, dwell times, or scroll depth,
is actively captured. More recent work by Santos et al. [17] lever-
ages ML-based approaches that combine behavioral, structural, and
contextual features to detect usability smells from interaction data.
Although they demonstrate promising performance, it remains un-
clear how interaction-log representations affect the detection of
different usability smells.

This gap motivates our representation-centric analysis. We in-
vestigate how different representations of interaction data influence
the detectability of usability smells using learned models.

3 Methodology
3.1 Dataset and Data Representation
Our analysis is based on the AMUSED dataset [17], which contains
interaction logs from 70 users performing 44 tasks across three so-
cial web applications (SN1-3), together with expert annotations for
seven task-level and four action-level usability smells. The descrip-
tions of all smells are provided in Table 3. AMUSED is an appropriate
dataset for this study because it provides three elements required
for a representation-centric analysis: event-level interaction logs,
task and application context, and usability-smell annotations. The
dataset captures five types of user interactions (clicks, keypresses,
scrolls, input changes, and URL changes) with event-specific meta-
data. Interaction logs are segmented into episodes, where each
episode represents a sequence of user interaction events on a spe-
cific webpage. Because [17] reported low inter-rater agreement for
action-level smells, we focus on task-level smells that reflect issues
that emerge across sequences of interactions. Following established
perspectives in process mining and HCI, we decompose interaction
logs into three complementary representations. Process mining
models event logs as activities executed within task instances and
can be enriched with contextual attributes [20]. In parallel, the
Object-Action Interface model conceptualizes interaction as users
performing actions on interface objects [19]. Combining these per-
spectives, we therefore distinguish between behavioral, structural,
and contextual representations:

• Behavioral Representation (B) captures what users do,
independent of specific interface elements. It includes event
counts and proportions, inter-event timing, event rates, and
transition patterns.

• Structural Representation (S) captures properties of the
interface elements involved in interaction. It includes DOM

object information, XPath-based hierarchy, and element di-
versity.

• Contextual Representation (C) captures task-level con-
text. It includes task duration, task completion status, and
number of episodes.

This decomposition separates three practically distinct sources
of evidence available for automated usability smell detection. A
complete list of all engineered features for each representation is
provided in Table 7.

3.2 Experimental Design
Santos et al. [17] showed that gradient boosting models consis-
tently outperform other ML classifiers across all evaluated metrics
for multilabel smell classification. Motivated by these findings, we
trained GB models on individual and combined representations to
evaluate their contribution to smell detection. As model selection
or optimization was not the focus of this work, we did not inves-
tigate alternative ML approaches. We trained one GB model per
smell instead of a multilabel classifier to isolate the effects of data
representations on each smell. For GB evaluation, we used 5 × 5
repeated stratified cross-validation. We computed precision, recall,
and F1-score on each held-out test fold. The reported performance
corresponds to the mean across 25 folds. Stratified splitting was
used to preserve class proportions across folds, while class-balanced
sample weighting was applied during model training to reduce the
influence of class imbalance. However, performance estimates may
still be influenced by the particular cross-validation partitions and
the characteristics of the dataset [6].

For the ablation study, we excluded SN3 with only 8 users, and
compared results from SN1 (570 task instances, 32 users) with SN2
(356 task instances, 30 users). To compare GB models with rule-
based detectors, we evaluated only on the SN1 dataset to avoid
application-specific effects. We also performed a feature subsam-
pling experiment to control for the substantially higher dimen-
sionality of the structural representation. As subsampled and full
structural representations achieved comparable performance, subse-
quent experiments used the full representation to retain all available
information.

To contrast learned and rule-based detection, we implemented
rule-based task-level smell detectors based on prior work where
the required signals are available in the dataset: Cyclic Task [16],
Laborious Task [16], Missing Task Feedback [16], Repetition in Text
Fields [10], Too Many Layers [16]. Some rules could not be im-
plemented reliably because the required telemetry, such as screen
resolution normalization forHigh Interaction Distance [11] and clear
form-submission triggers for Late Validation [16] was unavailable.
Instead of treating this only as a limitation, we used it to illustrate
a practical constraint of rule-based usability detection: rules often
depend on specific instrumentation assumptions. Table 6 summa-
rizes the adaptations made to the rules to account for differences
between the original assumptions and the available interaction
data. We assessed agreement between rule-based and ML-based
methods by reporting the raw agreement rate and Cohen’s kappa
coefficient [2] to account for chance agreement [14].
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Table 1: Comparison of rule-based (𝑅𝑢𝑙𝑒) and gradient boosting (𝐺𝐵) approaches for usability smell detection in SN1. Only
smells for which rule-based detection can be reliably implemented are included. For each smell, we report the total number of
positive instances (𝑛+), and the mean values obtained from 5 × 5 repeated stratified cross-validation for F1-score (F1), precision
(P), recall (R), agreement rate (Agr. (%)), and Cohen’s kappa (𝜅).

Smell 𝑛+ F1𝑅𝑢𝑙𝑒 F1𝐺𝐵 P𝑅𝑢𝑙𝑒 P𝐺𝐵 R𝑅𝑢𝑙𝑒 R𝐺𝐵 Agr. (%) 𝜅

Cyclic Task 80 .236 .603 .307 .650 .200 .578 84.4 .188
Laborious Task 192 .406 .748 .904 .764 .270 .725 75.2 .303
Missing Task Feedback 233 .330 .615 .655 .632 .223 .603 68.2 .245
Repetition in Text Fields 44 .447 .731 .460 .892 .451 .642 92.5 .394
Too Many Layers 84 .433 .424 .404 .507 .475 .373 83.3 .325

4 Results
4.1 Representation Ablation: Per Smell and Per

Application Classification
As shown in Table 2, no single feature representation consistently
achieved the best performance across all smells and applications.
Five of the six smells exhibited partial overlap in their best-performing
representations between SN1 and SN2, indicating that certain repre-
sentations remained informative across applications. In particular,
structural features appeared in the best-performing combinations
for High Interaction Distance, Late Validation andMissing Task Feed-
back in both applications. However, the optimal feature combina-
tions still varied across applications. For example, Laborious Task
was best detected using B+S+C in SN1 but only C in SN2, while
Cyclic Task favored B+S in SN1 and B+C in SN2. Too Many Layers
showed no overlap, suggesting that its most informative represen-
tation is highly application dependent. For Repetition in Text Fields,
no comparison could be performed due to insufficient test data for
SN2. The complete ablation results can be found in Table 4 and 5.

4.2 Rule-based vs ML comparison
Across the evaluated smells, the GBmodel consistently outperforms
the rule-based approach in terms of F1-score except for the smell
Too Many Layers, as shown in Table 1. As for precision and recall,
the rule-based method achieves considerably higher precision for
Laborious Task and higher recall for Too Many Layers than the GB
model. Agreement rates between the two approaches range from
68.2% to 92.5%, with corresponding Cohen’s kappa values between
.188 and .394, showing slight to fair agreement [13].

5 Discussion
Representation Dependence of Usability Smell Detection. In re-

sponse to our research question on how different representations
of interaction logs affect the detectability of task-level usability
smells, the ablation results show that usability smell detectability
is representation-dependent and application-sensitive: no single
feature representation consistently performs best across smells
or applications. This finding is consistent with prior work that
treats usability smells as indicators inferred from different kinds of
observable evidence in user interaction data, including task struc-
tures, user actions, interface elements and interaction event pat-
terns [1, 9, 10, 12, 15, 16].While some smells benefit from combining
multiple representations, others are best detected using individual

representations or smaller feature combinations. This variability
suggests that feature representation should be treated as a primary
modeling decision rather than a fixed preprocessing step. Because
the best-performing representations varied across applications, a
representation that performs well in one application may not trans-
fer directly to another.

Rule-based vs Learned Detection. To answer our question of how
learned detectors compare with rule-based detectors, the results
show that learned models generally provide a more balanced preci-
sion and recall trade-off, while rule-based detectors remain useful
for smells tied to explicit behavioral or structural patterns when the
required telemetry is available. Across all evaluated smells except
Too Many Layers, GB achieves substantially higher F1-scores, pri-
marily because it balances precision and recall more effectively. In
contrast, rule-based detectors can achieve relatively high precision
but low recall, indicating that they accurately identify only a subset
of smell instances. Agreement analysis further highlights this differ-
ence: although agreement rates range from 68% to 93%, Cohen’s 𝜅
remains low across all smells, indicating limited agreement beyond
chance. This suggests that the two approaches often identify dif-
ferent positive instances despite agreeing on many negative cases,
which is consistent with prior work showing that automated smell-
based approaches do not necessarily reproduce the same findings
as traditional usability evaluation methods [9]. The comparatively

Table 2: Best-performing feature representation for each
smell and application. Representations correspond to the
highest F1-score in the within-application (SN1, SN2) abla-
tion study. The Overlap row indicates agreement across ap-
plications (Partial = at least one shared feature type, No = no
overlap).

Smell SN1 SN2 Overlap

Cyclic Task B+S B+C Partial
High Interaction Distance S B+S+C Partial
Laborious Task B+S+C C Partial
Late Validation B+S+C B+S Partial
Missing Task Feedback S S+C Partial
Repetition in Text Fields B+S - -
Too Many Layers S C No



MuC ’26, August 30–September 02, 2026, Duisburg, Germany Foo et al.

better performance of the rule-based detector for Too Many Lay-
ers suggests that smells tied to explicit structural properties can
be captured effectively through deterministic rules. However, the
performance gap for Cyclic Task, Laborious Task, Missing Task Feed-
back, and Repetition in Text Fields suggests that many smells are
characterized by combinations of interaction signals that are dif-
ficult to encode as fixed thresholds or patterns. Earlier rule-based
approaches typically define smells through specific event patterns,
task-tree properties, or threshold-based criteria [9, 10, 16]. Our re-
sults show that such definitions are useful, but may not capture the
full variability with which smells appear across applications and
users. Several rule-based methods from prior work [11, 16] could
not be implemented reliably because the required telemetry was
unavailable. In contrast, learned models can exploit broader feature
representations when labeled data are available, making them less
dependent on hand-crafted thresholds and exact instrumentation
assumptions.

Overall, these findings refine how usability smells should be un-
derstood in log-based evaluation. Usability smells are not uniformly
observable from interaction traces, and their detectability depends
on whether the log representation captures the relevant behavioral,
structural, or contextual evidence. This helps explain why fixed
rule sets can work well for some smells but miss others, and why
adding more features does not automatically improve detection.
For automated usability evaluation tools, the key design question is
therefore not only which detector to use, but which representation
makes the target smell observable.

Implications for Practitioners. Figure 1 summarizes a decision
flow for applying usability smell detection. The first step is to iden-
tify the smells of interest and verify that the available telemetry
captures the behavioral, structural, or contextual evidence needed to
make the smells observable. When labeled usability smells are avail-
able, practitioners should use learned models, since they provide
more balanced precision and recall across most smells. However,
practitioners should evaluate multiple feature representations and
validate the selected model in the target application, rather than as-
suming a single representation or representation combinations will
generalize across smells or applications. When labeled data are un-
available, rule-based detectors can be used if the target smell has a
clear rule and the telemetry supports it. They are more interpretable
than learned models, but less suitable for smells expressed through
complex signal combinations or when the required instrumentation
assumptions are not met.

Limitations and Future Work. This study is based on a single
dataset and two applications from the same domain. While the
observed differences between applications suggest that application
context influences smell detection, additional datasets are needed
to assess the generalizability of these findings. Furthermore, only
smells for which sufficient positive instances were available could
be analyzed, and some rule-based detectors could not be imple-
mented due to missing telemetry. Moreover, the subjective nature
of usability smell annotations introduces uncertainty in the ground
truth, which may limit achievable detection performance regardless
of the detection approach.

Want to detect
usability smells

Identify smells
and check

available telemetry
Labeled interaction
data available?

Use learned models

Evaluate
representations
(B, S, C, B+S, . . . )

Validate on
target

application

Best representation
depends on smell
and application

Use rule-based
detectors

Limited to
smells with

implementable rules

Yes

No

Figure 1: Decision flow for applying usability smell detection.
Practitioners should first identify the target smells and ver-
ify that the available telemetry can make them observable.
When data labeled with usability smells are available, prac-
titioners should use learned detectors, compare alternative
feature representations, and validate the chosen approach in
the target application context. Without labeled data, detec-
tion is limited to smells that can be implemented as rules.

6 Conclusion
This paper examined usability smell detection from a representation-
centric perspective. Using interaction logs from theAMUSEDdataset,
we compared behavioral, structural, and contextual representations
for task-level smell detection, and compared learned ML models
with rule-based detectors. Our results show that the most effec-
tive representation varies across smells and applications, indicat-
ing that usability smell detection is representation-dependent and
application-sensitive. While some feature types remain consistently
informative, no single representation is universally optimal. The
comparison with rule-based detectors further shows that ML mod-
els generally achieve better detection performance and identify
smell instances that are not captured by predefined rules. At the
same time, the inability to implement some rule-based detectors
highlights the practical dependence of rule-based approaches on
specific instrumentation assumptions. Overall, these findings sug-
gest that representation design should be a central design consid-
eration in automated usability smell detection, and data-driven
approaches such as learned models provide a more flexible founda-
tion for detecting diverse usability issues across applications.

LLM Usage and Open Science
LLM is used to improve the phrasing of sentences within the paper.
We encourage readers to review, reproduce, and extend our findings.
To achieve this goal, our analysis script is available via OSF (https:
//osf.io/myt9e/).
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A Appendix

Table 3: Description of (7) task-level and (4) action-level us-
ability smells in the AMUSED dataset.

Usability Smell Description

Task-level Smells

Cyclic Task [16] Occurs when the task requires
performing many repetitive ac-
tions.

High Interaction Distance [11, 15] Occurs when related content is
arranged too far apart.

Laborious Task [16] Occurs when the task execution
demands the execution of a large
number of actions and time.

Late Validation [9] Occurs when input errors are only
checked after task submission.

Missing Task Feedback [3] Occurs when a task is repeated
for the same inputs.

Repetition in Text Fields [10] Occurs when the same text is en-
tered multiple times in a task.

Too Many Layers [9, 16] Occurs when users need to scroll
through many pages to perform a
task.

Action-level Smells

Misleading Action [9] Occurs when the user clicks on
an element that switches pages
but quickly returns to the previ-
ous page.

Missing Action Feedback [10, 16] Occurs when an action is con-
stantly repeated.

Undescriptive Element [9, 16] Occurs when too many users try
to hint at a particular element on
the page.

Unnecessary Action [11] Occurs when a page contains only
one action.
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Table 4: Representation ablation results for SN1: mean F1-scores from 5 × 5 repeated stratified cross-validation using smell-
specific one-vs-rest gradient boosting classifiers. Feature counts are shown in parentheses. For each smell, the best score is
highlighted in bold and the second-best score is underlined.

Smell B (51) S (178) C (6) B+S (229) B+C (57) S+C (184) B+S+C (235)

Cyclic Task .566 .561 .533 .608 .568 .579 .602
High Interaction Distance .153 .169 .120 .141 .125 .131 .143
Laborious Task .702 .715 .672 .721 .716 .728 .733
Late Validation .590 .536 .474 .602 .601 .566 .603
Missing Task Feedback .579 .616 .513 .609 .598 .606 .611
Repetition in Text Fields .690 .667 .576 .719 .674 .656 .700
Too Many Layers .360 .488 .334 .417 .363 .472 .424

Table 5: Representation ablation results for SN2: mean F1-scores from 5 × 5 repeated stratified cross-validation using smell-
specific one-vs-rest gradient boosting classifiers. Feature counts are shown in parentheses. For each smell, the best score is
highlighted in bold and the second-best score is underlined.

Smell B (51) S (90) C (6) B+S (141) B+C (57) S+C (96) B+S+C (147)

Cyclic Task .618 .331 .374 .574 .633 .408 .549
High Interaction Distance .528 .499 .450 .584 .522 .541 .589
Laborious Task .770 .714 .783 .768 .763 .756 .760
Late Validation .515 .552 .427 .582 .554 .574 .551
Missing Task Feedback .394 .437 .324 .456 .385 .469 .437
Too Many Layers .139 .184 .271 .112 .133 .178 .133

Table 7: Overview of engineered features by representation
type.

Feature Group Features

Behavioral (B) Event type count, event proportions, total events,
inter-event time (mean, std, median, max), event rate,
transition bigrams (consecutive event pairs), bigram
entropy, repetition rate, back-and-forth rate, scroll
time (mean), scroll count (mean), input change value
length (mean, std), click position (x, y), click statistics
(mean, std), click range

Structural (S) DOM object count, DOM object proportions, DOM
object entropy, unique DOM elements, unique XPath
(the location of an element within the DOM hierar-
chy), XPath diversity, XPath depth (mean, std, max),
input events target elements, per task top-3 clicked
elements counts and proportions

Contextual (C) Number of episodes, events per episode (mean, std,
max), task duration, task completion status

Table 6: Mapping of rule-based detectors to prior work and
implemented adaptations.

Smell Adaptation

Cyclic Task [16] Use only click, input change and
tabchange events

Laborious Task [16] Use Z-score to detect outliers in action
count and task duration instead of IQR

Missing Task Feedback [16] Group event sequences into episodes
and compare within tasks

Repetition in Text Fields [10] Approximate repetition using input
length due to lack of raw input text

Too Many Layers [16] Use threshold of 4 unique pages
(within recommended range 3–5)

High Interaction Distance [11] Not implemented (requires screen res-
olution normalization)

Late Validation [16] Not implemented (missing form sub-
mission trigger)
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