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Abstract

Mental workload assessment using physiological signals has gained increasing attention
for applications in human–computer interaction and occupational monitoring. Among
these signals, electrodermal activity (EDA) is widely recognised as a reliable indicator of
sympathetic activation associated with cognitive effort. However, most existing machine
learning- based approaches are evaluated within a single dataset, limiting their generalis-
ability across different populations and experimental conditions. This study investigates
the cross-dataset performance of machine learning models for mental workload detection
using EDA features. Two independent datasets were employed, and a cross-dataset evalu-
ation framework was adopted to simulate realistic deployment scenarios under domain
shift. Three classifiers (Random Forest, XGBoost, and Support Vector Classifier (SVC))
were evaluated, together with two domain adaptation techniques: Correlation Alignment
(CORAL) and Subspace Alignment (SA). The results show that model performance is
strongly dependent on the direction of transfer, with a notable performance drop when
generalising across datasets. Domain adaptation improved performance in several con-
figurations, particularly for SVC with CORAL, achieving the best overall F1-score (0.815).
However, improvements were not consistent across all models and target domains. Overall,
this study highlights the challenges of cross-dataset generalisation in EDA-based workload
detection and demonstrates the potential, yet limited robustness, of domain adaptation
techniques in mitigating distribution shifts.

Keywords: Human Factors; Mental Arithmetic; machine learning; wearable sensors;
explainable artificial intelligence; nested cross-validation

1. Introduction
Globalisation has significantly transformed the nature of work. The widespread

adoption of computer-based systems and digital technologies has driven a shift from
physically demanding occupations to cognitively intensive tasks [1–3]. As a result, mental
workload has become a central factor in many professional environments [4].

Mental work primarily involves cognitive processes such as problem solving, decision
making, and sustained attention. These activities are typically performed over extended
periods, often in sedentary settings such as office environments [5]. Occupations in infor-
mation technology, finance, research, and administrative domains exemplify this trend,
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where high cognitive demands highlight the importance of effectively managing mental
workload to preserve both performance and well-being [6,7].

Recent reports have emphasised the growing prevalence of mental health problems
associated with excessive cognitive demands on the job [4,8]. Elevated mental workload
has been linked to reduced concentration and energy levels [9], increased stress [10], and
long-term mental fatigue [11]. Importantly, such effects are frequently observed even in
non-pathological populations exposed to prolonged cognitive demands [12].

Mental workload is inherently complex, dynamic, and highly individual-dependent [6].
It reflects the amount of cognitive resources required to perform a task and is influenced by
task characteristics, environmental conditions, and individual differences [13,14], as well
as the nature of secondary tasks and interaction modalities, which can significantly affect
cognitive demand and performance [15]. Consequently, accurate monitoring of mental
workload remains a challenging but essential objective.

In this context, Human Factors research has increasingly focused on developing
methods to objectively assess and manage workload [8,16]. Automated monitoring systems,
often based on wearable and Internet of Things (IoT) technologies, have emerged as
promising solutions for continuous and unobtrusive workload assessment [17]. These
systems rely on physiological signals to provide objective indicators of cognitive states.

Among laboratory-based approaches, several standardised protocols have been widely
used to induce mental workload under controlled conditions, including the N-Back task,
the Stroop test, and the Mental Arithmetic Test (MAT) [14,18–20]. In particular, MAT is one
of the most commonly used paradigms due to its effectiveness in eliciting cognitive load
and sympathetic activation [21,22].

Despite significant progress, a key limitation in the field lies in the lack of generalisation
across datasets. Most existing studies evaluate models within a single dataset, often
resulting in performance degradation when applied to unseen data due to distribution
shifts [23]. This limitation restricts the practical deployment of workload monitoring
systems in real-world scenarios.

To address this challenge, this study investigates cross-dataset mental workload de-
tection using electrodermal activity (EDA) signals. In this work, cross-dataset refers to
the setting in which models are trained on data collected under one experimental proto-
col (source domain) and evaluated on data acquired under different conditions (target
domain). This setting involves variability in experimental protocols, acquisition condi-
tions, and measurement systems, which can affect both the magnitude and statistical
properties of physiological signals, introducing domain shift, defined as differences in
data distributions between source and target domains. In addition, it evaluates the effec-
tiveness of domain adaptation techniques, specifically Correlation Alignment (CORAL)
and Subspace Alignment (SA), to mitigate distribution mismatches between datasets. Fur-
thermore, several machine learning algorithms, including Random Forest (RF), Extreme
Gradient Boosting (XGBoost), and Support Vector Classifier (SVC), are compared under
cross-domain conditions.

The main contributions of this work are as follows:

• A cross-dataset evaluation framework for mental workload detection using electro-
dermal activity (EDA) enables the assessment of model generalisation under domain
shift conditions.

• A systematic comparison of classical machine learning models (RF, XGBoost, and SVC)
in cross-dataset scenarios using subject-independent validation.

• The application and evaluation of two feature-based domain adaptation techniques
(CORAL and SA) to mitigate distribution differences between datasets.
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• An analysis of the impact of domain adaptation on classification performance,
highlighting that improvements depend on the combination of model and adap-
tation method.

The remainder of this paper is structured as follows. Section 2 reviews the related
literature on workload assessment using electrodermal activity and cross-domain learning
approaches. Section 3 outlines the materials and methods. The results are presented in
Section 4, followed by the discussion in Section 5, and the conclusions in Section 6.

2. Related Work
2.1. Workload Assessment Using Electrodermal Activity

EDA, also referred to as galvanic skin response, has been widely adopted as a physi-
ological indicator for assessing mental workload [24,25]. Due to its non-invasive nature,
low cost, and ease of acquisition, EDA is particularly suitable for real-world and wearable-
based applications [22,25]. Its physiological origin lies in the activity of eccrine sweat
glands, which are exclusively innervated by the sympathetic nervous system. As a result,
EDA provides a direct and relatively uncontaminated measure of sympathetic activation
associated with mental effort and stress [21,25,26].

EDA signals are typically analysed through skin conductance measurements, which
can be decomposed into tonic (slow-varying) and phasic (event-related) components. In
particular, skin conductance responses (SCR) have been shown to reflect transient changes
in mental demand and are commonly used in workload analysis [27,28]. These properties
have motivated a wide range of studies investigating the use of EDA for mental workload
detection [29].

Early work by Setz et al. [30] demonstrated that EDA features such as peak amplitude
and peak rate can effectively distinguish between stress and cognitive load, achieving
classification accuracies of up to 82.8%. Subsequent studies have explored the integration
of EDA into adaptive systems. For example, Zhou et al. [31] proposed a dynamic workload
adaptation framework that adjusts task difficulty in real time based on EDA measure-
ments. Similarly, Androutsou et al. [5] developed an unobtrusive monitoring system using
EDA sensors embedded in a computer mouse, highlighting the feasibility of continuous
workload assessment in office environments.

More recently, machine learning approaches have been increasingly applied to EDA-
based workload classification. Saha et al. [25] reported that random forest classifiers
can achieve high accuracy when using EDA features, emphasising their discriminative
capability. In parallel, Ding et al. [14] highlighted the importance of physiological signals
for improving classification performance in cognitively demanding tasks. These studies
collectively demonstrate the potential of EDA as a reliable signal for workload assessment.

However, most existing work evaluates models under within-dataset conditions,
where training and testing data are drawn from the same distribution. While this setup
facilitates controlled experimentation, it does not reflect real-world deployment scenarios,
where models are expected to generalises across different populations, devices, and exper-
imental protocols. As a result, performance often degrades when models are applied to
unseen datasets, highlighting the need for cross-dataset evaluation strategies.

2.2. Domain Adaptation for Physiological Signal Analysis

To address the challenges associated with distribution shifts across datasets, domain
adaptation techniques have been proposed as a means to improve model generalisation.
Domain adaptation aims to reduce discrepancies between source and target data distribu-
tions, allowing models trained on one domain to perform effectively on another [32,33].
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These approaches have been successfully applied in various fields, including computer
vision, speech recognition, and biomedical signal processing.

Among feature-based domain adaptation methods, Correlation Alignment (CORAL)
and Subspace Alignment (SA) have gained attention due to their simplicity and effective-
ness. CORAL aligns the second-order statistics of the source and target feature distributions
by transforming the covariance of the source data to match that of the target domain [34].
This method does not require labelled target data and can be easily integrated into existing
machine learning pipelines. Subspace Alignment (SA), on the other hand, projects source
and target data into lower-dimensional subspaces and learns a transformation matrix that
aligns these representations [35]. By operating in a shared latent space, SA aims to reduce
domain discrepancy while preserving discriminative information.

Although these methods have shown promising results in general pattern recogni-
tion tasks, their application to physiological signals remains relatively limited. In recent
years, more advanced domain adaptation approaches based on deep learning, such as
domain-adversarial learning and deep transfer learning, have been proposed to learn
domain-invariant representations [33]. These methods rely on end-to-end optimisation and
have demonstrated strong performance across several domains. However, their perfor-
mance is often influenced by data availability and computational resources. In the context
of physiological signal analysis, where datasets are typically limited and heterogeneous,
these factors may affect their applicability and performance. In particular, several studies
have investigated transfer learning methodologies within the context of biosignal anal-
ysis, including applications in emotion recognition and brain–computer interface (BCI)
systems [36,37]. However, systematic evaluations of classical domain adaptation methods
in EDA-based mental workload detection are still scarce.

In particular, there is a lack of studies that combine (i) cross-dataset evaluation,
(ii) EDA-based feature representations, and (iii) classical machine learning models within
a unified framework. Addressing this gap is essential for understanding the practical
applicability of workload detection systems in real-world scenarios.

In this context, the present work investigates the use of CORAL and SA in combination
with three widely used machine learning algorithms: RF [38], XGBoost [39], and SVC [40].
This provides a systematic evaluation of their effectiveness in improving cross-dataset
generalisation for EDA-based mental workload detection.

3. Materials and Methods
3.1. Datasets

This study employed two independent datasets to evaluate cross-dataset generali-
sation in mental workload detection using EDA: the Worker H&P dataset [41] and the
UNobtrusIVE measuRement of mental workload and stress in uncontrolled environments
(UNIVERSE) dataset [42].

The Worker H&P dataset comprises physiological recordings collected in a controlled
office-like environment designed to simulate real-world working conditions. Data were
acquired using a BIOPAC MP160 system (Biopac Systems Inc., Goleta, CA, USA), with
EDA recorded via EL507 electrodes placed on the palmar surface of the hand. Signals were
sampled at 250 Hz. In this study, only the second cohort was considered, consisting of
41 healthy participants (20 males, 21 females; mean age: 32.5 ± 10.8 years). Participants
were seated during the experiment and performed the Mental Arithmetic Test (MAT), with
different difficulty levels corresponding to distinct cognitive load conditions.

The UNIVERSE dataset consists of multimodal physiological recordings collected from
24 participants in both controlled laboratory and real-world environments. EDA signals
were acquired using a wrist-worn Empatica E4 device (Empatica Inc., Cambridge, MA,
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USA), with sensors positioned on the wrist and sampled at 4 Hz. In the controlled setting,
participants were seated and performed cognitive tasks including Mental Arithmetic,
Stroop, N-back, and Sudoku at varying difficulty levels.

To ensure comparability between datasets and minimise bias due to differences in data
amount and task variability, the Mental Arithmetic task (MAT) was selected, as it is common
to both datasets and effective in eliciting cognitive load and sympathetic activation [21,22].
Accordingly, only data corresponding to the MAT from the first laboratory session was
retained from the UNIVERSE dataset. Furthermore, data from three participants (IDs: 102,
103, and 114) were excluded due to a significant amount of missing or null EDA data. After
preprocessing and filtering, the final UNIVERSE subset included 21 participants.

Both datasets were harmonised in terms of preprocessing and feature extraction to
enable a fair cross-dataset evaluation.

3.2. Classification Strategy

In this study, a binary classification framework was adopted to distinguish between
the absence and presence of mental workload. Specifically, the classification task aimed to
differentiate between a no mental workload condition (baseline) and a mental workload
condition induced during task execution.

For both datasets, the original labels describing different levels of cognitive load (e.g.,
low and high workload) were merged into a single mental workload class. This unified
class was then contrasted against the corresponding baseline condition. In the Worker
H&P dataset, the baseline condition corresponds to periods in which participants were
instructed to remain relaxed while observing a neutral grey screen. In the UNIVERSE
dataset, the baseline condition corresponds to relaxation periods recorded prior to task
execution. Although both datasets include a baseline condition, these are not strictly
equivalent. Differences in experimental context may lead to variations in physiological
signals, as baseline EDA levels are known to depend on prior activity and recording
conditions. Consequently, these discrepancies may affect data comparability and contribute
to the observed domain shift between datasets.

This label harmonisation was performed to ensure consistency across datasets and to
facilitate a robust cross dataset evaluation. By reducing the problem to a binary classification
task, the study focuses on detecting the presence of cognitive load independently of its
intensity. This formulation simplifies the cross-dataset comparison by reducing label
variability and enables a consistent evaluation framework across datasets. However, this
simplification reduces the granularity of the problem by merging different workload levels
into a single class. As a result, the model is expected to capture dominant differences
between baseline and task conditions, while being less sensitive to variations associated
with different levels of cognitive demand. This trade-off reflects the need to balance label
consistency with representational detail and defines the scope of the analysis, which is
focused on workload detection rather than fine-grained workload differentiation. Table 1
summarises the distribution of the data for both datasets after merging the original labels
into a binary classification problem.

Table 1. Duration of data (in minutes) for the UNIVERSE and Worker H&P datasets after relabelling
into a binary classification task.

Dataset Baseline Mental Workload (MAT) Total

UNIVERSE 190.8 370.8 560.8
Worker H&P 246.8 262.8 508.8
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As shown in Table 1, the UNIVERSE dataset exhibits a higher proportion of cognitive
load data relative to baseline, whereas the Worker H&P dataset presents a more balanced
distribution between the two classes. In terms of total duration, both datasets are compa-
rable, with the UNIVERSE dataset containing a slightly larger amount of data than the
Worker H&P dataset.

3.3. Signal Preprocessing

EDA signals from both datasets were resampled to a common sampling frequency of
4 Hz, which is sufficient to capture the slow dynamics of skin conductance signals [42,43].
This harmonisation was performed to ensure consistency across datasets, as EDA signals
are typically band-limited to low frequencies (generally below 2 Hz) and are therefore
commonly analysed at reduced sampling rates [44,45]. Such sampling frequencies are also
consistent with those adopted in many consumer grade wearable devices for continuous
skin conductance monitoring [46], and support consistent feature extraction across datasets.
However, reducing the sampling frequency may limit the temporal resolution required to
accurately capture fast phasic components, particularly for SCR peak detection and related
features, for which higher sampling rates (4–10 Hz) are generally recommended [46]. As
a result, peak-based and spectral features may be less precisely characterised under this
sampling configuration, reflecting a trade-off between cross-dataset harmonisation and
temporal resolution

The preprocessing pipeline was implemented and applied uniformly across datasets
using an environment with Python (version 3.9.21) and the libraries Scipy (version 1.9.3)
and Biobss (version 0.1.1). First, a fourth-order zero-phase Butterworth low-pass filter with
a cutoff frequency of 1 Hz was applied to remove high-frequency noise. Then, a Gaussian
smoothing filter of 40-point window and sigma of 400 ms was applied to reduce motion
artefacts, as proposed in Campanella et al. [47].

Subsequently, signals were normalised using z-score normalisation computed on a
per-subject basis to reduce inter-subject variability. Finally, the processed signals were
segmented into fixed-length windows using a sliding window approach.

3.4. Segmentation and Feature Extraction

EDA signals were segmented into 60-s windows with 80% overlap. High-overlap
sliding windows are commonly used in physiological signal analysis to preserve temporal
continuity and increase the number of training samples [42]. Recent EDA-based studies
have adopted near-maximum overlap strategies, further supporting the use of high overlap
in this context [43]. However, the use of high overlap may introduce correlations between
adjacent segments from the same recording. To avoid this affecting model evaluation, a
subject-independent splitting strategy was used, assigning all windows from each partici-
pant to a single data subset (e.g., train, test, or align). This ensures that correlated segments
remain within the same subject and do not appear across training and evaluation sets. As a
result, dependencies are limited to within-subject data, while independence across subjects
is preserved due to the inherent variability in EDA signals [26,48].

Given the differences in data acquisition between datasets, distinct labelling strategies
were applied. For the Worker H&P dataset, where data were collected continuously,
a majority voting approach was used to assign a label to each window based on the
predominant class within the window. In contrast, the UNIVERSE dataset provides labelled
data in discrete chunks corresponding to specific experimental conditions. Therefore, a
direct labelling strategy was applied, assigning each window the label associated with its
corresponding annotated segment.

https://doi.org/10.3390/app16104673
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From each window, a set of 30 features was extracted using the Biobss library (version
0.1.1). These features capture both tonic (SCL) and phasic (SCR) characteristics of the
EDA signal, including statistical descriptors, peak-related features, and temporal dynamics.
Although the majority correspond to statistical descriptors, they are grounded in standard
EDA analysis through the decomposition into tonic and phasic components, which reflect
underlying sympathetic activity [26,49]. A summary of the extracted features is presented
in Table 2.

Table 2. Summary of extracted EDA features (30 features).

Component Feature Group Description # Features

Peak-based features Number of detected skin conductance responses (SCR peaks) 1
Statistical features Statistical descriptors (mean, standard deviation, max, min, range) 5
Distribution features Higher-order statistics (skewness, kurtosis) 2

SCR Hjorth parameters Activity, mobility, and complexity of the signal 3
Signal properties Momentum, RMS, arc length, and integral of the signal 4
Spectral features Frequency-domain descriptors (F1, F2, F3, max frequency) 4
Energy features Energy and average power measures 2
Entropy features Entropy-based measure of signal complexity 1

Statistical features Statistical descriptors (mean, standard deviation, max, min, range) 5
SCL Distribution features Higher-order statistics (skewness, kurtosis) 2

Signal properties Momentum of the tonic component 1

To assess potential redundancy among features, a correlation analysis using the Pear-
son correlation coefficient (r) was conducted across all extracted descriptors, including
those derived from SCR and SCL components. Correlation analysis was performed on the
combined dataset.

Furthermore, to characterise the domain shift between datasets, a statistical com-
parison of feature distributions was performed. Feature-wise comparisons between the
UNIVERSE and Worker H&P datasets were conducted using the Mann–Whitney U test,
and effect sizes were quantified using Cliff’s delta.

3.5. Machine Learning Models

To evaluate the capability of EDA features to discriminate between mental workload
and the baseline, the following machine learning algorithms were considered: RF, XGBoost,
and SVC. These algorithms were selected due to their robustness, complementary learning
strategies, and proven effectiveness in physiological signal classification tasks [10,29,50].

RF is an ensemble learning method based on decision trees, which improves gener-
alisation performance by aggregating multiple weak learners [38]. XGBoost is a gradient
boosting framework that iteratively minimises prediction errors through additive model
optimisation, often achieving high predictive performance in structured data [39]. The SVC,
on the other hand, is a margin-based method that seeks optimal decision boundaries in
high-dimensional feature spaces [40].

For each model, hyperparameters were optimised using a grid search strategy em-
bedded within a nested cross-validation framework. The optimisation aimed to maximise
the (macro) F1-score, ensuring balanced performance across classes. The hyperparameter
search space for the three machine learning algorithms was defined based on previous
studies evaluating multiple algorithms in cross-dataset settings [51,52] and is summarised
in Appendix A (Table A1). The optimal hyperparameters for each model and experimental
configuration are reported in Appendix A, Table A2 for the UNIVERSE dataset as target,
and Table A3 for the Worker H&P dataset as target.

https://doi.org/10.3390/app16104673

https://doi.org/10.3390/app16104673


Appl. Sci. 2026, 16, 4673 8 of 23

Deep learning approaches were not considered in this study, as the study focuses on
domain adaptation and the interpretability of the resulting models under heterogeneous
data conditions. Classical machine learning algorithms provide greater transparency and
facilitate explainability analyses. In addition, deep learning methods typically rely on
larger amounts of data to achieve optimal performance, which is not aligned with the
cross-dataset setting considered in this work.

All the machine learning experiments were conducted using an environment with
Python (version 3.11.14) and the Scikit learn library (version 1.8).

3.6. Domain Adaptation

Given the distribution differences between datasets collected under different experi-
mental conditions, domain adaptation techniques were employed to improve cross-dataset
generalisation. In this study, two feature-based unsupervised methods were considered:
CORAL and SA.

CORAL performs alignment in the original feature space by matching the covariance
structure of the source data to that of the target domain. In contrast, SA projects source and
target data into a lower-dimensional latent space and aligns these representations through
a linear transformation.

These methods were selected as well-established approaches that enable a controlled
evaluation of cross-dataset generalisation within a classical machine learning framework.
However, both CORAL and SA rely on linear transformations, which may limit their
ability to capture more complex, non-linear discrepancies between domains. Therefore, this
study can be interpreted as a first step towards cross-dataset mental workload detection,
providing a baseline for future work exploring more advanced adaptation strategies.

Both methods were integrated into the training pipeline as feature transformation
steps, using only the training data from the source domain and the alignment subset of the
target domain. This strategy enables the model to learn domain-invariant representations
without requiring labelled data from the target domain. The methods were implemented
within the nested cross-validation framework using the Awesome Domain Adaptation
Python Toolbox (ADAPT, version 0.4.5) [53].

3.7. Experimental Design and Validation

A cross-dataset evaluation framework was adopted to assess the generalisation ca-
pability of the proposed approach under domain shift conditions. In this setup, models
were trained on one dataset (source domain) and evaluated on a different dataset (target
domain), simulating realistic deployment scenarios. The overall evaluation pipeline is
illustrated in Figure 1.

Figure 1. Cross-dataset evaluation framework with nested cross-validation and domain adaptation.
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To ensure subject independence and prevent data leakage, both source and target
datasets were handled using subject-wise splits. The source dataset was split within a
nested cross-validation framework using subject-wise grouping, while the target dataset
was partitioned into an alignment subset (70%) and a test subset (30%), ensuring that no
participant appeared in both subsets. This target split was performed at the subject level
and kept fixed throughout the evaluation. The alignment subset was used exclusively for
domain adaptation using unlabelled data, whereas the test subset remained fully indepen-
dent and was not involved in any stage of model training, hyperparameter optimisation, or
model selection. This design ensures that the evaluation on the target domain reflects a
realistic deployment scenario, where no target labels are available and no information from
the test subset is used during model development.

Following the subject-wise splitting strategy, model development on the source dataset
was conducted using a nested cross-validation framework. Specifically, a 10-fold outer
GroupKFold was employed to estimate generalisation performance across subjects. Within
each outer fold, a 5-fold inner GroupKFold was used for hyperparameter optimisation via
grid search. In both cases, subject identifiers were used as grouping variables to ensure that
samples from the same participant were not shared across folds. The optimisation criterion
for model selection was the macro F1-score.

Within each outer fold, the model was trained on the source training data obtained
from the outer split. When domain adaptation was applied, the model was subsequently
aligned using unlabelled data from the target alignment subset. The resulting model was
then evaluated on two independent sets: (i) the held-out source fold (source test) to assess
in-domain performance, and (ii) the target test subset to assess cross-domain generalisation.

The final performance metrics are reported as mean (standard deviation) across the 10
outer folds. Baseline results include both source and target test evaluations, while domain
adaptation results are reported only on the target test set.

To evaluate whether the observed differences in performance between baseline and
domain adaptation methods were statistically significant, a Wilcoxon signed-rank test was
applied to the F1-scores obtained across the outer cross-validation folds, enabling paired
comparisons between methods. Additionally, 95% confidence intervals of the performance
differences were computed to quantify the variability of the observed effects. Statistical
significance was assessed at a level of p < 0.05.

3.8. Performance Evaluation

The performance of the proposed approaches was evaluated using three standard
classification metrics: accuracy, F1-score, and the Area Under the Receiver Operating
Characteristic Curve (AUC) [54]. These metrics were selected to provide a balanced
assessment of classification performance in the binary workload detection task.

In this context, true positives (TP) correspond to correctly identified cognitive load
samples, true negatives (TN) to correctly identified baseline samples, false positives (FP)
to baseline samples incorrectly classified as cognitive load, and false negatives (FN) to
cognitive load samples incorrectly classified as baseline.

Accuracy measures the proportion of correctly classified samples over the total number
of instances and is defined as:

accuracy =
TP + TN

TP + TN + FP + FN
(1)
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The F1-score, defined as the harmonic mean of precision and recall, is particularly
suitable in scenarios where class distributions may be imbalanced. It is computed as:

F1-score =
2 · Precision · Recall
Precision + Recall

(2)

where precision and recall are defined as:

Precision =
TP

TP + FP
Recall =

TP
TP + FN

(3)

The AUC metric evaluates the ability of the classifier to distinguish between classes
across all possible decision thresholds and is commonly used as a threshold-independent
performance measure. It summarises the Receiver Operating Characteristic (ROC) curve
and provides insight into the discriminative capability of the model [55].

For the computation of classification metrics, a decision threshold was applied to the
probability output of the binary classifiers. This threshold was determined using the Equal
Error Rate (EER) computed on the training data and subsequently applied to the test data,
ensuring a consistent evaluation across all experiments.

3.9. Model Explainability Analysis

To better understand the contribution of individual features to the model predictions,
a post-hoc explainability analysis was conducted using SHapley Additive exPlanations
(SHAP) [56]. This method provides a unified framework to estimate the contribution of
each feature to the model output.

The explainability analysis was performed exclusively on the baseline models (i.e.,
without domain adaptation). The application of domain adaptation techniques modifies
the original feature space through transformations such as CORAL or SA, altering the
direct correspondence between input features and their physiological meaning. As a result,
interpreting feature contributions after adaptation becomes less straightforward.

To provide a concise interpretation, SHAP values were aggregated across classifiers (RF,
XGBoost, and SVC) by averaging normalised mean absolute SHAP values. This aggregation
highlights feature importance patterns that are consistent across models while reducing
model-specific variability. In addition to the aggregated analysis, a subject-level SHAP
evaluation was conducted using the baseline model. For each participant, mean absolute
SHAP values were computed to assess variability in feature importance across individuals.

4. Results
4.1. Baseline Performance

The baseline performance of the evaluated classifiers, obtained without applying
any domain adaptation technique, is summarised in Tables 3 and 4 for both cross-
dataset configurations.

When the UNIVERSE dataset was used as the target domain (Table 3), all models
achieved comparable performance across evaluation domains. RF and XGBoost showed
similar results, with target accuracies of 0.647 and 0.649, respectively. The SVC achieved
the highest performance among all models, reaching an accuracy of 0.720, an F1-score of
0.773, and an AUC of 0.779 on the target dataset.

In contrast, when the Worker H&P dataset was used as the target domain (Table 4), a
more pronounced decrease in performance was observed. Although all models achieved
high performance on the source domain (accuracy above 0.81), their performance decreased
when evaluated on the target dataset. RF achieved an accuracy of 0.601, XGBoost reached
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0.618, and SVC obtained 0.596. Similar trends were observed for F1-score and AUC,
indicating a stronger domain shift in this configuration.

Table 3. Baseline performance of the classifiers without domain adaptation, trained on the Worker
H&P dataset (source domain) and evaluated on the UNIVERSE dataset (target domain). Results are
reported as mean (standard deviation) across folds.

Model Evaluation Domain Accuracy F1-Score AUC

RF Source 0.655 (0.075) 0.667 (0.072) 0.721 (0.079)
RF Target 0.647 (0.020) 0.710 (0.018) 0.725 (0.023)

XGBoost Source 0.657 (0.065) 0.669 (0.062) 0.730 (0.082)
XGBoost Target 0.649 (0.020) 0.711 (0.019) 0.718 (0.022)

SVC Source 0.650 (0.064) 0.662 (0.061) 0.707 (0.072)
SVC Target 0.720 (0.072) 0.773 (0.063) 0.779 (0.072)

Table 4. Baseline performance of the classifiers without domain adaptation, trained on the UNIVERSE
dataset (source domain) and evaluated on the Worker H&P dataset (target domain). Results are
reported as mean (standard deviation) across folds.

Model Evaluation Domain Accuracy F1-Score AUC

RF Source 0.820 (0.127) 0.854 (0.105) 0.843 (0.146)
RF Target 0.601 (0.017) 0.614 (0.017) 0.634 (0.010)

XGBoost Source 0.813 (0.137) 0.848 (0.114) 0.845 (0.155)
XGBoost Target 0.618 (0.014) 0.632 (0.014) 0.648 (0.014)

SVC Source 0.816 (0.137) 0.851 (0.115) 0.871 (0.114)
SVC Target 0.596 (0.008) 0.610 (0.008) 0.636 (0.013)

Overall, these baseline results, obtained without any domain adaptation, indicate
that cross-dataset generalisation is dependent on the direction of transfer, with better
performance observed when using the UNIVERSE dataset as the target domain.

4.2. Domain Adaptation Results

The impact of domain adaptation techniques on cross-dataset performance is pre-
sented in Table 5, considering the UNIVERSE dataset as the target domain, and in Table 6,
considering the Worker H&P dataset as the target domain. In both tables, the baseline
corresponds to models trained and evaluated without applying any domain adaptation.

Table 5. Cross-dataset performance on the Universe data set as target. Results are reported as mean
(standard deviation) across folds. The baseline corresponds to models without domain adaptation. ∆
indicates the variation with respect to the baseline. The en dash (–) indicates that no comparison is
applicable for the baseline model.

Classifier Method Accuracy ∆ Accuracy F1-Score ∆ F1-Score AUC ∆ AUC

Baseline 0.647 (0.020) – 0.710 (0.018) – 0.725 (0.023) –
RF CORAL 0.658 (0.049) +0.011 0.719 (0.045) +0.009 0.713 (0.048) −0.012

SA 0.718 (0.019) +0.071 0.772 (0.016) +0.062 0.749 (0.020) +0.024

Baseline 0.649 (0.020) – 0.711 (0.019) – 0.718 (0.022) –
XGBoost CORAL 0.664 (0.039) +0.015 0.724 (0.036) +0.013 0.725 (0.043) +0.007

SA 0.677 (0.062) +0.028 0.736 (0.056) +0.025 0.711 (0.050) −0.007

Baseline 0.720 (0.072) – 0.773 (0.063) – 0.779 (0.072) –
SVC CORAL 0.767 (0.011) +0.047 0.815 (0.009) +0.042 0.832 (0.011) +0.053

SA 0.712 (0.014) −0.008 0.767 (0.013) −0.006 0.748 (0.024) −0.031
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Table 6. Cross-dataset performance on the Worker H&P dataset as target. Results are reported
as mean (standard deviation) across folds. The baseline corresponds to models without domain
adaptation. ∆ indicates the variation with respect to the baseline. The en dash (–) indicates that no
comparison is applicable for the baseline model.

Classifier Method Accuracy ∆ Accuracy F1-Score ∆ F1-Score AUC ∆ AUC

Baseline 0.601 (0.017) – 0.614 (0.017) – 0.634 (0.010) –
RF CORAL 0.621 (0.014) +0.020 0.634 (0.014) +0.020 0.658 (0.013) +0.024

SA 0.503 (0.033) −0.098 0.517 (0.033) −0.097 0.502 (0.043) −0.132

Baseline 0.618 (0.014) – 0.632 (0.014) – 0.648 (0.014) –
XGBoost CORAL 0.587 (0.033) −0.031 0.600 (0.033) −0.032 0.624 (0.033) −0.024

SA 0.509 (0.032) −0.109 0.523 (0.032) −0.109 0.507 (0.037) −0.141

Baseline 0.596 (0.008) – 0.610 (0.008) – 0.636 (0.013) –
SVC CORAL 0.587 (0.017) −0.009 0.601 (0.017) −0.009 0.623 (0.016) −0.013

SA 0.515 (0.030) −0.081 0.529 (0.030) −0.081 0.524 (0.033) −0.112

When considering the Worker H&P dataset as the target domain, the effect of domain
adaptation differs markedly from that observed for the UNIVERSE dataset. For the RF
classifier, the application of CORAL resulted in consistent improvements across all metrics,
increasing the F1-score from 0.614 to 0.634 (+0.020). This improvement was statistically
significant (p = 0.002, CI [0.0099, 0.0307]), indicating a consistent gain across folds. In
contrast, SA led to a substantial decrease in performance (F1-score = 0.517, ∆ = −0.097),
also statistically significant (p = 0.005, CI [−0.150, −0.044]) indicating that this method was
not suitable for this transfer scenario.

For XGBoost, both domain adaptation methods resulted in a reduction in performance
compared to the baseline. CORAL decreased the F1-score from 0.632 to 0.600 (−0.032), with
a statistically significant degradation (p = 0.014, CI [−0.0497, −0.0125]), while SA produced
a larger degradation (F1-score = 0.523, ∆ = −0.109), also significant (p = 0.002, CI [−0.1328,
−0.0848]). A similar pattern was observed for the SVC model, where CORAL led to a slight
decrease in F1-score (−0.009), whereas SA again resulted in a more pronounced reduction
(−0.081), which was statistically significant (p = 0.020, CI [−0.1002, −0.0608]).

When comparing across datasets, the highest performance for the UNIVERSE target
was achieved using SVC with CORAL (F1-score = 0.815), while for the Worker H&P target,
the best-performing configuration corresponded to RF with CORAL (F1-score = 0.634).
This represents a reduction of approximately 0.18 in F1-score between the two target
domains, highlighting the increased difficulty associated with transferring to the Worker
H&P dataset.

A statistical comparison of feature distributions confirmed the presence of a substan-
tial domain shift between datasets. As detailed in Appendix A (Table A6), the largest
discrepancies were observed in amplitude- and energy-related SCR features, including
scr_integral (δ = −0.784), scr_RMS (δ = −0.767), and scr_average_power (δ = −0.767),
all indicating large effect sizes (|δ| > 0.474) (effect size interpretation followed standard
thresholds for Cliff’s delta). These features consistently exhibited higher values in the
Worker H&P dataset compared to the UNIVERSE dataset. In contrast, other descriptors,
such as scl_mean, scr_skew, and scr_max_frequency, showed negligible or non-significant
differences, indicating the presence of relatively stable features across datasets.

Furthermore, correlation analysis revealed strong redundancy within feature groups
(Appendix A, Table A4), particularly among SCR amplitude- and energy-related descriptors
(e.g., correlations up to r ≈ 1.00 for scr_std and scr_rms). In contrast, cross-correlations
between SCR and SCL features were moderate (Appendix A, Table A5), with a maximum
of |r| = 0.77, suggesting that these components capture complementary aspects of the EDA
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signal. In line with the data-driven design of this study, all extracted features were retained
to evaluate domain adaptation methods under a comprehensive and potentially redundant
feature space.

Although CORAL yielded improvements for the RF classifier, its effect was not con-
sistent across models, and SA consistently resulted in performance degradation across all
classifiers. Overall, these results indicate that the effectiveness of domain adaptation is
highly dependent on both the classifier and the direction of transfer, with more limited
benefits observed when adapting to the Worker H&P dataset. These observations are
further supported by a statistical significance analysis based on the Wilcoxon signed-rank
test across folds, which confirms that only selected configurations (e.g., RF with CORAL)
yield statistically significant improvements, while others exhibit non-significant differ-
ences or significant performance degradation. For completeness, the full set of pairwise
comparisons, including confidence intervals, is provided in Appendix A (Table A7).

4.3. Explainability Results

The SHAP-based analysis revealed that features associated with the tonic component
(SCL) consistently showed the highest contribution to the classification task across both
datasets (see Appendix A, Figures A1 and A2). In particular, scl_mean emerged as the
most relevant feature across classifiers in both configurations, indicating a stable role in
distinguishing between baseline and cognitive load conditions.

Differences in feature importance were observed between the two target domains.
When the UNIVERSE dataset was used as the target (Figure A1), the most relevant features
included scl_mean, scl_max, and scr_integral, with relatively balanced contributions across
classifiers. In contrast, when the Worker H&P dataset was used as the target (Figure A2),
scl_min and scl_range became more prominent, alongside scl_mean, indicating a shift in the
relative importance of tonic-related features.

Phasic-related features, such as scr_integral, also contributed to the classification task in
both scenarios, although their relative importance varied between datasets. This suggests
that phasic dynamics provide complementary information but may be more sensitive to
dataset-specific characteristics.

Despite these differences, a high degree of consistency was observed in the contribu-
tion patterns across classifiers within each dataset, as reflected by the aggregated SHAP
representations. This indicates that the models rely on similar physiological markers,
supporting the robustness of the feature representation. Overall, the SHAP analysis con-
firms that the most informative features are meaningful and highlights both shared and
dataset-specific patterns in feature importance.

At the subject level, distinct variability patterns were observed across target domains
when analysing the top-ranked features (Appendix A, Tables A8 and A9). For the UNI-
VERSE target, tonic-related features such as scl_mean and scl_min showed relatively low
variability across subjects, whereas features including scl_max and scr_integral exhibited
higher dispersion, with variability comparable to their average contribution. For the
Worker H&P target, several features, including scr_mobility, scl_std, and scr_std, presented
consistently low variability, indicating stable contributions across individuals. In contrast,
features such as scl_min and scl_max displayed substantially higher variability, suggesting
increased sensitivity to inter-subject differences under this transfer scenario. Overall, the
results indicate that feature relevance is not uniform across subjects and varies depending
on the target domain, particularly for features associated with signal amplitude. This
variability is consistent with the known inter-subject differences in physiological responses
to cognitive workload [26].

https://doi.org/10.3390/app16104673

https://doi.org/10.3390/app16104673


Appl. Sci. 2026, 16, 4673 14 of 23

5. Discussion
This study evaluated the cross-dataset generalisation of mental workload detection

models using EDA features, as well as the potential benefits of domain adaptation tech-
niques. The results provide insight into both the baseline transferability of the models and
the extent to which domain adaptation can mitigate distribution shifts between datasets.

When analysing the baseline results (i.e., without domain adaptation), performance
was strongly dependent on the direction of transfer. When the UNIVERSE dataset was used
as the target domain, the models achieved moderate performance, with SVC obtaining the
highest F1-score (0.773). In contrast, when the Worker H&P dataset was used as the target,
performance decreased across all models, with the best F1-score reaching 0.632 (XGBoost).
This difference of approximately 0.14 in F1-score reflects a stronger domain shift when
transferring to the Worker H&P dataset.

The application of domain adaptation techniques revealed different behaviours de-
pending on the target dataset. When adapting to the UNIVERSE dataset, consistent
improvements over the baseline were observed. For example, SVC combined with CORAL
increased the F1-score from 0.773 to 0.815 (+0.042), representing the highest performance
across all configurations. Similarly, RF with SA improved from 0.710 to 0.772 (+0.062),
indicating that both CORAL and SA can enhance performance in this transfer direction.

In contrast, when adapting to the Worker H&P dataset, the impact of domain adapta-
tion was limited and less consistent. The only improvement over the baseline was observed
for RF with CORAL, where the F1-score increased from 0.614 to 0.634 (+0.020). For the
remaining configurations, domain adaptation had a negligible effect or resulted in perfor-
mance degradation. In particular, SA consistently reduced performance across all models,
with decreases of up to −0.109 in F1-score for XGBoost.

Overall, these results indicate that domain adaptation can improve cross-dataset per-
formance in some scenarios, but its effectiveness is not consistent across transfer directions.
Importantly, the asymmetry observed in cross-dataset transfer can be interpreted in light
of the observed differences between datasets. The large distribution shifts identified in
amplitude- and energy-related features (Appendix A, Table A6), together with acquisition-
related differences, suggest that the Worker H&P dataset represents a more challenging
target domain. In contrast, the UNIVERSE dataset appears to provide feature representa-
tions that are more compatible with models trained on external data, resulting in improved
transferability in that direction. This behaviour is consistent with the directional nature
of domain adaptation, where transfer performance depends on the relative alignment
between source and target domains [57].

The results also show that the effect of domain adaptation is model-dependent. SVC
achieved the largest improvement when combined with CORAL in the UNIVERSE sce-
nario, whereas RF was the only model that improved in the Worker H&P scenario. This
suggests that the interaction between the classifier and the adaptation method influences
the resulting performance.

Several dataset-related factors may contribute to the observed differences. First,
although the UNIVERSE dataset was restricted to the first laboratory session to match
the total duration of the Worker H&P dataset, differences remain in class proportions.
The UNIVERSE dataset contains a higher proportion of cognitive load data, whereas the
Worker H&P dataset is more balanced. These differences may contribute to variations in
classification behaviour.

Differences in data acquisition protocols may also play a role. The Worker H&P dataset
was collected using a laboratory-grade BIOPAC system (250 Hz, hand electrodes), whereas
the UNIVERSE dataset was acquired using a wrist-worn wearable device (4 Hz). These dif-
ferences may affect signal characteristics and the resulting feature distributions. Although
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preprocessing steps such as low-pass filtering (1 Hz cutoff) and Gaussian smoothing were
applied, residual differences between datasets may still influence the results.

Furthermore, resampling the signals to 4 Hz reduces the temporal resolution available
to capture fast phasic components. However, this limitation appears to have a limited
impact on the main findings. The statistical comparison of feature distributions showed
that the largest differences were associated with amplitude- and energy-related features,
whereas features related to temporal dynamics exhibited smaller or negligible differences.
Consistently, the SHAP analysis indicated that tonic-related features contributed most
to the classification. Together, these findings suggest that the dominant discriminative
information is largely associated with slower components of the signal and is therefore less
sensitive to the reduced temporal resolution.

In this context, the observed cross-dataset performance reflects the combined influence
of task-related factors (cognitive workload) and instrumental differences, including sensor
type, electrode placement, and acquisition conditions. These sources of variability are
not fully separable within the current study design, and their relative contribution cannot
be quantified.

In addition, the binary formulation of the problem (baseline vs. workload) simplifies
the underlying phenomenon and emphasises general rest–task differences rather than finer-
grained workload levels. This choice was driven by the need to ensure label consistency
across datasets with heterogeneous annotations. However, it introduces the possibility that
the models capture contextual or experimental factors in addition to cognitive workload.
Future work should explore multi-level workload representations under more controlled
conditions, enabling a clearer separation between different levels of cognitive demand and
reducing the influence of contextual or acquisition-related factors.

Finally, domain adaptation methods such as CORAL and SA assume a certain level of
similarity between source and target feature distributions. When this assumption is not
fully met, the effectiveness of the alignment may be limited, which is consistent with the
variability in performance observed across datasets and methods.

Overall, these findings indicate that domain adaptation can partially mitigate domain
shift under certain conditions, but its effectiveness varies depending on dataset characteris-
tics, including class distribution, acquisition conditions, and feature representation. This
highlights the importance of evaluating both baseline and adapted models when assessing
cross-dataset generalisation.

Several limitations should be acknowledged. First, the study focuses on a binary
classification setting, which simplifies the problem but may not capture the full variability
of cognitive load levels. Second, only EDA signals were considered, which may limit
the generalisability of the findings to multimodal settings. In addition, the extracted
features were not explicitly derived from physiological models, and future work could
explore model-based approaches (e.g., SCR point-process models) to further enhance
interpretability. Finally, although the evaluation was conducted on two independent
datasets with comparable task structures, enabling a meaningful assessment of cross-dataset
generalisation, further validation across additional datasets and experimental conditions
would be beneficial to strengthen the evidence supporting the proposed approaches.

6. Conclusions
This study investigated the cross-dataset performance of machine learning models for

mental workload detection using EDA signals under domain shift conditions.
The results demonstrate that cross-dataset performance is strongly dependent on

the direction of transfer, revealing a marked asymmetry between configurations. This
asymmetry is associated with distributional differences in amplitude- and energy-related

https://doi.org/10.3390/app16104673

https://doi.org/10.3390/app16104673


Appl. Sci. 2026, 16, 4673 16 of 23

features, as well as acquisition-related variability, leading to different levels of domain
compatibility across datasets.

Domain adaptation improved performance in specific scenarios, particularly when
source and target feature distributions were sufficiently aligned. However, its effectiveness
was not consistent across models or datasets, and remained limited under pronounced
domain mismatch. These results indicate that domain adaptation does not uniformly
compensate for distribution shifts, but depends on the degree of alignment between fea-
ture spaces.

Overall, the findings show that cross-dataset performance is constrained by feature-
level distribution shifts and acquisition differences. In particular, the analysis indicates that
discriminative information is primarily driven by amplitude- and tonic-related components,
while variability across subjects reflects inter-individual differences in EDA responses.
These results highlight that performance depends not only on model selection, but also
on the compatibility of feature representations, emphasising the need for harmonised
acquisition protocols or more robust domain-invariant representations.

Future work will focus on extending the analysis to additional datasets, exploring
multimodal approaches, and investigating alternative domain adaptation techniques to
further improve robustness and generalisation.
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EDA Electrodermal Activity
EER Equal Error Rate
FN False Negative
FP False Positive
MAT Mental Arithmetic Test
RF Random Forest
ROC Receiver Operating Characteristic
SA Subspace Alignment
SCL Skin Conductance Level
SCR Skin Conductance Response
SHAP SHapley Additive exPlanations
SVC Support Vector Classifier
TN True Negative
TP True Positive
XGBoost Extreme Gradient Boosting

Appendix A

Table A1. List of parameters used for optimisation of the machine learning algorithms.

Model Parameter Range Step

number of trees [100, 150, 200]
1RF max depth 3 to 5

max features [20, 25, 30]

number of trees [100, 150, 200]

1

learning rate [0.01, 0.05, 0.1]
max depth 3 to 5

XGBoost subsample [0.6]
subsample ratio of columns [0.6, 0.8]
L1 regularization (alpha) [0.1, 0.5]
L2 regularization (lambda) [1, 2, 5]

kernel [rbf, linear]
SVC regularization parameter (C) [0.1, 1, 10]

kernel coefficient (gamma) [0.01, 0.1, 1]

Table A2. Best hyperparameter configurations for each model when the UNIVERSE dataset is used
as the target domain. Results correspond to the target F1-score.

Model (Experiment) Best Parameters F1-Score

RF (Baseline) number of trees: 150, max depth: 5, min samples split: 20 0.698
RF (CORAL) number of trees: 100, max depth: 5, min samples split: 25 0.738
RF (SA) number of trees: 150, max depth: 5, min samples split: 20 0.761

XGBoost (Baseline) number of trees: 200, learning rate: 0.01, subsample ratio: 0.8, max depth: 5,
alpha: 0.5, lambda: 5 0.724

XGBoost (CORAL) number of trees: 150, learning rate: 0.05, subsample ratio: 0.8, max depth: 5,
alpha: 0.5, lambda: 5 0.644

XGBoost (SA) number of trees: 150, learning rate: 0.01, subsample ratio: 0.8, max depth: 3,
alpha: 0.5, lambda: 5 0.755

SVC (Baseline) C: 0.1, gamma: 0.01, kernel: linear 0.837
SVC (CORAL) C: 0.1, gamma: 0.01, kernel: linear 0.818
SVC (SA) C: 0.1, gamma: 0.01, kernel: linear 0.755
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Table A3. Best hyperparameter configurations for each model when the Worker H&P dataset is used
as the target domain. Results correspond to the target F1-score.

Model (Experiment) Best Parameters F1-Score

RF (Baseline) number of trees: 200, max depth: 5, min samples split: 20, 0.629
RF (CORAL) number of trees: 150, max depth: 5, min samples split: 30, 0.633
RF (SA) number of trees: 150, max depth: 5, min samples split: 30, 0.550

XGBoost (Baseline) number of trees: 150, learning rate: 0.05, subsample ratio: 0.8, max depth: 3, alpha: 0.1, lambda: 1 0.635
XGBoost (CORAL) number of trees: 200, learning rate: 0.1, subsample ratio: 0.8, max depth: 3, alpha: 0.1, lambda: 1 0.558
XGBoost (SA) number of trees: 200, learning rate: 0.1, subsample ratio: 0.6, max depth: 5, alpha: 0.1, lambda: 2 0.554

SVC (Baseline) C: 10, gamma: 0.01, kernel: rbf 0.606
SVC (CORAL) C: 0.1, gamma: 0.1, kernel: rbf 0.604
SVC (SA) C: 0.1, gamma: 0.01, kernel: linear 0.580

Table A4 reports the strongest correlations among features, while Table A5 summarises
cross-correlations between SCR and SCL descriptors.

Table A4. Top correlated feature pairs (Pearson |r| > 0.9).

Feature 1 Feature 2 Correlation

scr_momentum scr_activity 1.00
scr_std scr_rms 1.00
scr_momentum scr_average_power 1.00
scr_activity scr_average_power 1.00
scr_Energy scr_Entropy 0.98
scl_std scl_range 0.98
scr_activity scr_acr_length 0.96
scr_momentum scr_acr_length 0.96
scr_acr_length scr_average_power 0.96
scr_std scr_range 0.95
scr_range scr_rms 0.95
scr_rms scr_integral 0.95
scr_std scr_integral 0.95
scr_max scr_range 0.94
scl_mean scl_min 0.93

Table A5. Top ten correlations (r) between SCR- and SCL-derived features.

SCR Feature SCL Feature Correlation

scr_integral scl_range 0.77
scr_rms scl_range 0.75
scr_std scl_range 0.75
scr_integral scl_std 0.73
scr_std scl_std 0.71
scr_rms scl_std 0.71
scr_range scl_range 0.66
scr_range scl_std 0.64
scr_min scl_range −0.61
scr_max scl_range 0.61

The correlation analysis confirms substantial redundancy within feature groups, partic-
ularly among SCR amplitude- and energy-related descriptors (Table A4). Similarly, strong
correlations were observed within SCL features. In contrast, cross-correlations between SCR
and SCL descriptors remain moderate (Table A5), supporting their complementary role.
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Table A6. Top features exhibiting the largest domain shift between the UNIVERSE and Worker H&P
datasets, ranked by absolute Cliff’s delta. Effect sizes are interpreted following standard thresholds,
with large effects defined as |δ| > 0.474.

Feature Mean (UNIVERSE) Mean (Worker H&P) δ Effect Direction

scr_integral 6.712 23.700 −0.784 large Worker H&P > UNIVERSE
scr_RMS 0.047 0.137 −0.767 large Worker H&P > UNIVERSE
scr_average_power 0.014 0.026 −0.767 large Worker H&P > UNIVERSE
scr_momentum 0.014 0.026 −0.767 large Worker H&P > UNIVERSE
scr_activity 0.014 0.026 −0.767 large Worker H&P > UNIVERSE
scr_std 0.047 0.137 −0.767 large Worker H&P > UNIVERSE
scl_range 0.290 0.949 −0.751 large Worker H&P > UNIVERSE
scl_std 0.087 0.287 −0.744 large Worker H&P > UNIVERSE
scl_momentum 0.035 0.131 −0.744 large Worker H&P > UNIVERSE
scr_max 0.172 0.420 −0.734 large Worker H&P > UNIVERSE

Table A7. Statistical significance analysis (Wilcoxon signed-rank test) for F1-score across folds.

Target Model Comparison ∆ F1 CI (95%) p-Value Significant

UNIVERSE

RF Baseline vs. CORAL +0.009 [−0.0256, 0.0446] 0.557 No
RF Baseline vs. SA +0.062 [0.0483, 0.0760] 0.002 Yes
XGBoost Baseline vs. CORAL +0.013 [−0.0016, 0.0280] 0.106 No
XGBoost Baseline vs. SA +0.025 [−0.0160, 0.0659] 0.322 No
SVC Baseline vs. CORAL +0.042 [0.0002, 0.0837] 0.232 Yes
SVC Baseline vs. SA −0.006 [−0.0500, 0.0382] 0.492 No

Worker H&P

RF Baseline vs. CORAL +0.020 [0.0099, 0.0307] 0.002 Yes
RF Baseline vs. SA −0.097 [−0.1500, −0.0440] 0.005 Yes
XGBoost Baseline vs. CORAL −0.032 [−0.0497, −0.0125] 0.014 Yes
XGBoost Baseline vs. SA −0.109 [−0.1328, −0.0848] 0.002 Yes
SVC Baseline vs. CORAL −0.009 [−0.0180, −0.0009] 0.084 No
SVC Baseline vs. SA −0.081 [−0.1002, −0.0608] 0.020 Yes

Figures A1 and A2 show the SHAP summary plots and corresponding feature impor-
tance rankings for the RF, XGBoost, and SVC classifiers.

Figure A1. Aggregated SHAP-based feature importance for the UNIVERSE dataset as target domain.
Bars represent the normalised mean absolute SHAP values, stacked to show the relative contribution
of the RF, XGBoost, and SVC classifiers.
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Figure A2. Aggregated SHAP-based feature importance for the Worker H&P dataset as target domain.
Bars represent the normalised mean absolute SHAP values, stacked to show the relative contribution
of the RF, XGBoost, and SVC classifiers.

Tables A8 and A9 present the subject-level SHAP analysis for the UNIVERSE and
Worker H&P target scenarios, respectively, using the Random Forest baseline. The tables
report the top ten features ranked by mean SHAP value, along with their standard deviation
across subjects to characterise variability in feature importance.

Table A8. Subject-level SHAP analysis for the UNIVERSE dataset as target (Random Forest baseline).
Top ten features ranked by mean SHAP value.

Feature Mean SHAP Std SHAP

scl_max 0.0138 0.0140
scl_mean 0.0110 0.0056
scl_min 0.0106 0.0053
scr_Entropy 0.0086 0.0039
scr_range 0.0074 0.0032
scr_integral 0.0072 0.0048
scr_momentum 0.0062 0.0029
scr_Energy 0.0053 0.0032
scr_kurtosis 0.0039 0.0031
scr_rms 0.0039 0.0024

Table A9. Subject-level SHAP analysis for the Worker H&P dataset as target (Random Forest baseline).
Top ten features ranked by mean SHAP value.

Feature Mean SHAP Std SHAP

scl_min 0.0304 0.0136
scr_mobility 0.0237 0.0012
scl_std 0.0229 0.0022
scl_range 0.0221 0.0027
eda_peaks 0.0200 0.0030
scl_momentum 0.0179 0.0013
scl_max 0.0170 0.0072
scr_std 0.0120 0.0006
scr_average_power 0.0086 0.0007
scr_min 0.0084 0.0008
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