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Abstract
Advancing real-time emotion recognition in dynamic, naturalistic environments is pivotal for applications in 
gaming, mental health, and personalized education. This study introduces and evaluates an intelligent emotion 
recognition pipeline using physiological data from a wearable device, designed for this purpose. This system 
integrates continuous physiological sensing via the Empatica EmbracePlus wristband. Data were collected 
from 25 university students engaged in naturalistic gameplay across three commercial video games, forming 
the basis of the PaGER-Sync ADICVIDEO dataset. Emotions were labeled at a frame-level using FaceReader, 
providing high-granularity. The proposed classification pipeline employs a Random Forest classifier trained 
directly on short, lagged windows of raw physiological signals (EDA and BVP), eliminating the need for 
handcrafted feature extraction and achieving sub-50 ms inference latency, confirming suitability for real-time 
deployment. Addressing class imbalance with SMOTE-based data augmentation, the system achieved a robust 
performance, yielding 86.01% accuracy and a macro-averaged AUC of 0.98 across six discrete emotions. 
Model interpretability, crucial for building trustworthy intelligent systems, is quantified through SHAP-based 
analyses, revealing the individual contributions of physiological features. These compelling results demonstrate 
the feasibility of non-invasive, privacy-preserving, real-time emotion recognition using minimal wearable sen-
sors, thereby supporting the development of scalable, interpretable, and computationally efficient affective 
computing applications in diverse real-world contexts.

Keywords  Intelligent wearable systems · Emotion recognition · Physiological signals · Affective 
computing · Real-time monitoring · Machine learning · FACS

1  Introduction

Mental-health disorders affect nearly one billion people worldwide, and the World Health Organization (WHO) 
has called for scalable technologies that facilitate early detection, continuous monitoring, and timely intervention 
in everyday life [1]. Affective computing seeks to meet this need by enabling machines to recognise, interpret, 
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and respond to human emotions, with applications ranging from digital therapeutics and stress prevention to 
adaptive learning environments [2, 3].

Beyond discrete taxonomies (e.g., joy, anger, fear), contemporary affective science often represents emotions 
in a continuous two-dimensional space spanned by valence (pleasant–unpleasant) and arousal (activation–calm-
ness) [4]. This dimensional framework aligns well with physiological responses: sympathetic activation modu-
lates skin conductance and cardiovascular dynamics along the arousal axis, while valence tends to reflect cortical 
and contextual appraisals [5].

Physiological signals offer objective, continuous, and largely involuntary markers of emotional states. Electro-
dermal activity (EDA) reflects sympathetic arousal, whereas blood-volume pulse (BVP), from which heart-rate 
variability (HRV) is derived, captures parasympathetic tone [5, 6]. These signals can be sampled unobtrusively 
using wrist-worn devices, enabling privacy-preserving monitoring in real-world settings [7]. Unlike facial expres-
sions or voice, peripheral physiology cannot be easily masked or faked, making it a robust candidate for emotion 
inference.

While computer vision and speech-based models yield high performance in controlled settings, they present 
significant limitations: facial and vocal data are personally identifiable, require consistent lighting or silence, and 
impose ethical and technical barriers to real-world deployment [8, 9]. EEG and ECG offer high temporal fidelity 
but are intrusive and less practical for daily use [10, 11]. In contrast, wearable physiological sensing supports 
comfort, mobility, and on-device inference, which are essential for long-term, privacy-aware emotion monitoring.

Despite these advantages, emotion classification using EDA and BVP remains challenging due to weak signal-
to-noise ratios, confounds from movement and temperature, inter-subject variability, and severe class imbalance 
in affective datasets [12]. Many studies rely on passive stimuli and post-hoc labels, which limit ecological valid-
ity. Robust real-time inference during interactive tasks remains underexplored.

There is a pressing need to evaluate whether minimal, non-invasive physiological signals alone can support 
accurate emotion recognition in ecologically valid, emotionally rich contexts such as gameplay. Most existing 
literature overlooks these scenarios, leaving open the question of whether wrist-worn devices can support real-
time, privacy-conscious emotion monitoring in dynamic settings.

This study investigates whether two physiological signals–EDA and BVP–are sufficient to classify emotional 
states during commercial video game sessions. We leverage the PaGER-Sync ADICVIDEO dataset, which 
includes physiological recordings and facial annotations (via FaceReader) from 25 participants who played three 
commercial games designed to elicit diverse emotions. A preprocessing pipeline including artifact reduction, 
standardization, and SMOTE was applied for class balancing. Classical and deep learning models were trained 
and evaluated and SHAP analysis was used to interpret feature contributions.

Research Objective: To develop a privacy-preserving, wearable-based system using only EDA and BVP 
achieve accurate and interpretable emotion recognition during interactive gameplay, without relying on audiovi-
sual or self-report modalities.

Research Questions:

	● RQ1: Are two peripheral signals (EDA and BVP) sufficient to develop a robust emotion recognition in dy-
namic, interactive settings?

	● RQ2: Can the individual contributions of physiological features be quantified using SHAP-based model expla-
nation techniques, supporting transparent intelligent systems?

	● RQ3: Can the pipeline for emotion classification be computationally efficient and suitable for real-time de-
ployment on wearable devices?

The remainder of the manuscript is organized as follows. Section 2 reviews related work on physiological emo-
tion recognition; Sect. 3 details the dataset, exploratory analysis, preprocessing steps and modeling techniques; 
Sect. 4 presents empirical findings; Sect. 5 discusses their implications; and Sect. 6 advises on the possible limita-
tions of the study.
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2  Related work

Over the past decade, both classical machine learning (ML) and deep learning (DL) have propelled affect rec-
ognition from physiological data [7, 13–16]. Classical models such as Random Forests (RF), logistic regression, 
support-vector machines (SVM), and k-nearest neighbors (KNN) rely on hand-crafted temporal, frequency-
domain and non-linear features selected by domain experts [13, 14]. For example, Domínguez-Jiménez et al. [14] 
extracted BVP and EDA features from 37 participants and reached 100% accuracy on a three-emotion task 
(amusement, sadness, neutral) using RF-RFE and SVM, underscoring the discriminative power of EDA when 
the class distribution is carefully balanced. Muñoz-Saavedra et al. [17] went further by designing an inexpensive 
wrist-worn device that records only GSR (EDA) and PPG. Optimizing a three-layer MLP, they exceeded 92% 
precision across valence–arousal levels for 22 subjects, demonstrating that a bichannel wearable can rival more 
complex systems with rigorous feature selection and tuning.

DL models–multi-layer perceptrons (MLPs), convolutional neural networks (CNNs), and long short-term 
memory (LSTM) networks–learn hierarchical representations directly from raw signals  [13, 15]. Pidgeon et 
al. [13] applied a 1-D CNN to peripheral channels from the DEAP corpus, reaching 62–64% accuracy for binary 
arousal/valence classification with isolated channels, highlighting that single-channel DL approaches face per-
formance ceilings without fusion or pre-engineering. Qing et al.  [16] proposed a stacked auto-encoder with 
ensemble voting, achieving 63% EEG-based emotion recognition on DEAP.

Combining heterogeneous biosignals can boost performance at the cost of complexity and portability. The 
DEAP study by Koelstra et al.  [10] used EEG, peripheral signals, and audiovisual fusion to slightly improve 
arousal/valence classification. Schmidt et al. [7] released the WESAD corpus (chest and wrist sensors), achieving 
up to 93% stress detection with Random Forests. Indrasiri et al. [18] applied a multi-scale attention LSTM across 
multiple biosignal domains in VR, outperforming single-domain models but requiring three concurrent sensors. 
Still, recent evidence [17] suggests that well-designed bichannel wristband solutions can rival complex setups 
with over 92% accuracy.

Public datasets like DEAP [10], WESAD [7], DREAMER [11], AMIGOS, and EEVR support reproducibility 
and cover various stimulus modalities. However, most rely on passive stimuli and self-reports, limiting temporal 
resolution and ecological validity, these are gaps our gameplay-based dataset aims to address.

Real-world affective data are inherently imbalanced, with mild and neutral states overrepresented and intense 
emotions underrepresented [15, 19]. This skews decision boundaries and reduces recall for minority classes [20, 
21]. SMOTE is a standard oversampling technique that interpolates new synthetic samples in feature space and 
improves classifier robustness [22]. Recent work explores GAN-based augmentation [19], but it requires large 
corpora and extensive tuning. In this study, SMOTE is selected for its balance between effectiveness and com-
putational simplicity. Despite progress in physiological emotion recognition, most prior research relies on either 
multimodal setups that compromise ecological validity, or simplified laboratory protocols that fail to capture the 
dynamics of real-world interaction. Furthermore, few studies explicitly address the joint challenges of motion 
artifacts, imbalanced class distributions, and temporal synchronization of physiological signals with emotion 
labels in naturalistic environments.

In contrast, our work explores whether robust, frame-level emotion classification is possible using only two 
peripheral signals–EDA and BVP–recorded from a wrist-worn device during real-time video gameplay. By com-
bining continuous physiological monitoring, facial-based emotion annotation, and gameplay as a dynamic affec-
tive stimulus, this study provides one of the first end-to-end evaluations of wearable-based affect recognition in 
an ecologically valid, interactive context.
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3  Methods

3.1  System overview

The proposed emotion recognition system is designed as an end-to-end pipeline that integrates wearable physi-
ological sensing, automated emotion labeling, feature engineering, and supervised classification. This modular 
architecture ensures reproducibility, scalability, and real-time deployment potential for affective computing appli-
cations in naturalistic settings.

3.2  Data collection protocol

This study builds upon data collected within the ADICVIDEO research project (PID2022-141172OA-I00), which 
aims to develop robust emotion recognition systems based on peripheral physiology. The resulting dataset, named 
Pager-Sync ADICVIDEO [23] (see Sect. 6) (Player Affective Gaming Experience & responses - Synchronized 
Dataset), comprises multimodal recordings from 25 university students during standardized gameplay sessions 
involving three commercial video games–Tetris, Sonic Racing, and Fall Guys. These games were selected for 
their accessibility and their capacity to elicit a broad spectrum of emotional responses while remaining intuitive 
and accessible to participants with minimal gaming experience.

Physiological signals were continuously recorded using the Empatica EmbracePlus wristband (Empatica Inc., 
Boston, MA, USA)  [24], a research-grade wearable device offering high-resolution streams of electrodermal 
activity (EDA, in µS), blood volume pulse (BVP, in µV), skin temperature (◦C), triaxial acceleration (g), and 
heart rate (bpm). Data for each sensor were collected at their respective device-native sampling rates in a natural 
gaming setup: EDA at 16 Hz, BVP at 64 Hz, and Skin Temperature at 1 Hz.

In parallel, video footage of participants was captured throughout the gameplay session. These recordings were 
analyzed with FaceReader 9 (Noldus Information Technology) [25], a validated computer vision platform that 
implements the Facial Action Coding System (FACS) to infer emotional states based on detected Action Units 
(AUs). For each video frame (30 fps), the software outputs the likelihood of six basic emotions: neutral, angry, 
happy, sad, surprised, and disgusted. The emotion with the highest probability at each frame was selected as the 
ground-truth label for supervised classification.

The comprehensive study protocol received explicit approval from the Research Ethics Committee of the Uni-
versity of Seville, under reference number 2024-1858, with official approval granted in September 2024. Data 
were collected within the ADICVIDEO research project (PID2022-141172OA-I00), which focuses on emotion 
recognition based on physiological responses during gameplay.

3.3  Exploratory feature analysis

To guide feature selection and better understand the underlying variance structure of the data, we applied Princi-
pal Component Analysis (PCA). This exploratory step aimed to reveal dominant axes of physiological variation 
across participants, potentially uncovering patterns useful for both outlier detection and clustering. Critically, 
this step served as an exploratory data analysis tool to identify physiological outliers and understand the vari-
ance structure of the dataset prior to supervised modeling, ensuring that the training data represented a consistent 
physiological baseline.

By projecting the data onto uncorrelated principal components (PCs) ordered by explained variance  [26], 
PCA guide model interpretability, training stability, and generalization [27]. Furthermore, PCA projections allow 
for visualization of participant clustering, class separability, and detection of potential outliers [28]. Analyzing 
component loadings also sheds light on which signal characteristics contribute the most to variance, supporting 
informed feature engineering. Although limited to linear relationships, PCA offers a robust and interpretable 
foundation for the analysis of physiological data in the early stages [2].
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Following the PCA, K-Means clustering was applied to the first two principal components (PC1 and PC2) 
to identify natural physiological subgroups among participants. This unsupervised clustering aimed to group 
individuals based on their dominant patterns of physiological responses. A total of three distinct clusters (k=3) 
were identified, which helped in understanding the inter-individual variability and detecting outlier physiological 
profiles within the study cohort.

3.4  Feature selection and preprocessing

Based on exploratory analysis, feature selection focused on EDA and BVP signals due to their strong, well-
documented links to autonomic nervous system (ANS) activity and emotional arousal [5, 6].

EDA directly measures sympathetic arousal via sweat gland activity, capturing both tonic (baseline) and phasic 
(stimulus-evoked) responses. BVP enables estimation of heart rate variability (HRV), which reflects the balance 
between sympathetic and parasympathetic modulation. Stress and high-arousal emotions are typically associated 
with reduced HRV and increased sympathetic tone [29].

Although skin temperature can reflect ANS modulation (e.g., vasoconstriction during stress), its response is 
slower and more influenced by environmental conditions [30, 31]. For this reason, temperature was excluded 
from the primary feature set to focus on signals offering more direct, rapid sensitivity to emotional state changes.

For modeling, each data instance was constructed by concatenating raw physiological values from time-lagged 
windows. Specifically, values spanning from t − 4 to t + 4 for both BVP and EDA were extracted relative to each 
timestamp, resulting in 18 raw data points (9 BVP and 9 EDA samples) per instance, representing a local physi-
ological context. Data were then split into training (80%) and test (20%) subsets. To strictly avoid data leakage 
and overfitting, a subject-independent split was employed where distinct participants were held out for the test 
set. This ensures that the model is evaluated on its ability to generalize to new users, rather than simply recalling 
patterns from seen subjects. The resulting distribution is shown in Table 1. As can be observed, there are notable 
class imbalances. To address this inherent class imbalance, which is typical in naturalistic emotion data and can 
severely bias classifiers towards majority classes, the Synthetic Minority Over-sampling Technique (SMOTE) 
was applied exclusively to the training data [32]. SMOTE systematically synthesizes new samples for minor-
ity classes by interpolating between existing minority class instances and their nearest neighbors in the feature 
space. This process effectively balances the class distribution, thereby improving the model’s ability to learn and 
generalize from underrepresented emotional states and mitigating majority class bias without simply duplicating 
existing data points. Table 1 also includes the results of applying SMOTE over the training subset; each minority 
class was oversampled to match the majority class (Angry), resulting in exactly 250,801 samples per category 
and a total balanced training set of 1,504,806 samples. To robustly evaluate model performance and optimize 
hyperparameters, a k-fold cross-validation approach was applied to this augmented training data. This internal 
validation ensured the model’s generalization capabilities before final evaluation on the unseen test set..

Emotion class Total samples Training set (80%) Training set after SMOTE Test set (20%)
Neutral 304,867 243,893 250,801 60,974
Angry 313,500 250,801 250,801 62,701
Happy 58,854 47,083 250,801 11,771
Sad 17,972 14,377 250,801 3,595
Surprised 7,513 6,010 250,801 1,503
Disgusted 321 256 250,801 65
Total 703,028 562,419 1,504,806 140,609

Table 1  Number of samples 
per emotion class in the 
original, training, SMOTE-
augmented training, and test 
sets
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3.5  Model portfolio and hyperparameter optimization

To benchmark supervised emotion recognition strategies, five machine learning algorithms were selected on the 
basis of their complementary representational capacities and their proven suitability for sequential physiological 
data analysis [33–35]. The primary objective was to determine the best-performing approach for integration into 
a wearable based system. Although the final system is intended to operate in real-time, inference may be executed 
either on-device or on a higher-performance edge/server node; consequently, both lightweight and moderately 
complex models were retained in the study.

All models were trained in the SMOTE balanced training subset introduced in Sect. 3.5. For each algorithm, 
grid search combined with 5-fold cross-validation was used to exhaustively explore the hyperparameter spaces 
listed in Table 2. Iterative learners (neural networks and gradient-boosting trees) were limited to 200 optimization 
iterations with an early-stopping criterion of patience = 15, halting training when the mean validation loss failed 
to improve for 15 consecutive epochs.

The following models were considered:
Multi-Layer Perceptrons (MLPs). Fully connected feed-forward networks with ReLU activations and a Soft-

max output layer for multiclass prediction. Architectures ranging from three to four hidden layers (topology up to 
256 neurons) were examined. Adam optimization was used and regularization of dropout (0.15–0.30) mitigated 
overfitting [33].

1-D Convolutional Neural Networks (CNNs). Temporal convolutional stacks captured short-term depen-
dencies in the BVP and EDA sequences, followed by a global average pooling stage and a dense classifier [36]. 
Variants differed in the number of convolutional blocks (one or two), filter counts (32–96), kernel sizes (3 or 5) 
and dropout levels (0.4–0.5).

Random Forest. An ensemble of decision trees that aggregates class votes to reduce variance. Grid search var-
ied the number of trees (50–200), maximum depth (10–30 or unlimited) and node-splitting constraints, enabling 
a balance between accuracy and inference latency.

LightGBM. Gradient-boosted decision trees optimized for speed and memory efficiency. The grid encom-
passed 50–200 boosting rounds, depths up to 30, learning rates from 0.05 to 0.15, and 15 or 31 terminal leaves [34].

Model Hyperparameters Considered values
Multi Layer Perceptron Layers and nodes [128, 64, 32], [256, 64, 32], 

[128, 128, 64, 32], [256, 128, 
64, 32]

Batch size 32, 64, 96
Learning rate 0.0001, 0.0005, 0.0015
Dropout per layer 0.15, 0.2, 0.3

Convolutional Neural
Network (+1 Hidden 
Dense Layer)

CNN layers and kernels [32], [64], [32, 64], [64, 96]
kernel size per layer 3, 5
Hidden dense layer nodes 32, 64
Batch size 32, 64, 96
Learning rate 0.0001, 0.0005, 0.0015
Dropout per layer 0.4, 0.5

Random Forest Number of estimators (trees) 50, 100, 150, 200
Maximum depth 10, 20, 30, No limit
Minimum samples for split 2, 6, 10
Minimum samples for leaf 1, 2, 4

LightGBM Number of estimators (trees) 50, 100, 150, 200
Maximum depth 10, 20, 30, No limit
Learning rate 0.05, 0.1, 0.15
Number of leaves 15, 31

Logistic Regression Solver lbfgs, saga
Regularization coefficient (C) 0.1, 1, 10

Table 2  Hyperparameter 
values considered for grid 
search
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Multinomial Logistic Regression. A linear baseline that applies the Softmax function to weighted feature 
sums. Solver type (LBFGS or SAGA) and regularization strength (C = 0.1–10) were tuned. Its interpretability 
and minimal computational footprint make it a valuable reference [35].

The best configuration for each model, defined as the parameter set that maximizes the mean validation accu-
racy across the five folds, was retained for the final evaluation on the hold-out test set. All grid-search and cross-
validation runs were executed on a Google Colab virtual machine equipped with two Intel Xeon CPU cores at 
2.20GHz and 12 GB of RAM, operating entirely on CPU resources; consequently, the training and latency figures 
reported later correspond to a reproducible commodity-hardware setting. The complete hyper-parameter grids are 
provided in Table 2 to facilitate replication of the study.

3.6  Model evaluation framework

To assess classifier performance under real-world conditions, we designed an evaluation protocol that emphasizes 
both overall accuracy and sensitivity to minority emotion classes. This is particularly important given the strong 
class imbalance in the dataset, with emotions like Neutral and Angry dominating the label distribution, and others 
like Disgusted, Sad, or Surprised being underrepresented.

All models were trained and evaluated using SMOTE-augmented training sets to improve class balance. Sub-
sequently, all models underwent hyperparameter tuning using cross-validation as described in Section 3.5. Fol-
lowing this optimization, the final optimized models were trained and then evaluated on a dedicated, unseen test 
set. Performance was measured across multiple standard and custom metrics:

	● Accuracy – the proportion of correctly classified instances across all classes.
	● Macro-Averaged AUC – the average Area Under the Curve for each class in a one-vs-rest setting, providing 
a balanced view of discrimination performance across classes.

	● Precision, Recall, and F1-Score – calculated per class to assess how well each emotional state was detected.
	● Confusion Matrices – used to visualize misclassifications and reveal systematic confusion between emotion-
ally similar states.

	● ROC Curves – plotted for each model to examine multiclass separability and sensitivity.
In addition to these standard metrics, we defined a custom evaluation measure, the Combined Score, tailored to 
our use case. This metric was designed to reward balanced classification, particularly for minority emotions that 
are critical for system responsiveness. It is computed as:

	

Combined Score = Overall Accuracy
+ Avg_Mid_Recall
+ 0.5 × Recall_Disgusted

� (1)

where:

	
Avg_Mid_Recall = Recall_Sad + Recall_Surprised

2
.

This formulation prioritizes:

	● General performance (accuracy),
	● Sensitivity to moderately rare classes (Sad, Surprised),
	● and Specific emphasis on the most underrepresented class (Disgusted).

All classifiers were compared using this Combined Score alongside the standard metrics to provide a holistic 
view of performance, ensuring that models selected for deployment are not only accurate overall, but also capable 
of reliably detecting less frequent yet emotionally salient states.
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3.6.1  Best model interpretability and real-time inference

To support interpretability of the best-performing model, we employed SHAP (SHapley Additive exPlana-
tions) [37], a unified framework for explaining predictions of any machine learning model. SHAP computes the 
contribution of each input feature to the model’s output by estimating Shapley values from cooperative game 
theory. This allows both global analysis–identifying the most important features across the dataset–and local 
analysis–explaining individual predictions. Given its solid theoretical grounding and suitability for tree-based 
classifiers, SHAP was chosen to increase trust, transparency, and insight into how specific EDA and BVP patterns 
influence emotional state predictions.

Inference latency was assessed in the same Google Colab environment used for training. The virtual machine 
provided two Intel Xeon CPU cores running at 2.20GHz and 12GB of RAM under a KVM hypervisor. No 
dedicated GPU acceleration was used. Mean wall-clock time was measured for each batch-size condition from 
1 to 6 samples. For every condition, 12 000 forward passes were executed, the first 100 runs were discarded 
to remove initialisation bias, and the remaining times were averaged. Per-batch and per-sample latencies are 
reported together with 95% confidence intervals obtained by bootstrapping. This procedure quantifies whether 
the selected model satisfies the sub-100 ms response target for interactive systems and, by exploiting small 
batches, approaches the 33 ms frame interval required at 30 fps for real-time wearable or edge deployment.

4  Results

4.1  Principal Component Analysis (PCA) results

We conducted a Principal Component Analysis (PCA) on participant-level summary metrics derived from the 
Empatica EmbracePlus recordings. For each participant, statistical descriptors including mean, standard devia-
tion, minimum, and range were extracted from electrodermal activity (EDA), blood volume pulse (BVP), and 
skin temperature signals. This dimensionality reduction step aimed to uncover dominant physiological axes of 
inter-individual variation in a naturalistic gaming context.

The first two principal components (PC1 and PC2) collectively explained approximately 63% of the total vari-
ance (PC1: 41.7%, PC2: 21.2%).

Table 3 summarizes the PCA loadings for PC1 and PC2, ordered by their overall vector magnitude, highlight-
ing the relative contribution of BVP, EDA, and temperature features to each component.

As shown in Fig. 1 (Panel B), the variable loadings plot clearly reveals the underlying structure of the princi-
pal components. PC1, which accounts for 41.7% of the variance, is largely defined by opposing physiological 
responses:

	● Strong positive loadings are observed for BVP_mean (0.451) and BVP_std (0.431), indicating that high-
er mean and variability in blood volume pulse contribute significantly to the positive end of PC1. Notably, 

Variable PC1 PC2 Magnitude
bvp_min −0.429 −0.399 0.586
bvp_std 0.431 0.395 0.585
bvp_mean 0.451 0.327 0.557
eda_mean −0.338 0.421 0.540
eda_std −0.289 0.386 0.483
temp_range −0.297 0.369 0.474
temp_min 0.324 −0.279 0.428
eda_min −0.184 0.172 0.252
temp_mean −0.042 0.089 0.098

Table 3  PCA loadings (PC1 
and PC2) ordered by overall 
magnitude
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bvp_min loads strongly and negatively (−0.429), suggesting that participants with higher BVP mean/std tend 
to have lower minimum BVP values within their recorded range.

	● Conversely, EDA_mean (−0.338) and EDA_std (−0.289) load negatively on PC1, implying an inverse rela-
tionship where elevated electrodermal activity contributes to the negative end of PC1.

It is notable that while PC1 and PC2 together explain 63% of the variance, the remaining 37% likely reflects 
participant-specific noise or higher-order physiological interactions not captured in these axes. This highlights the 
complexity of autonomic responses in real-world gaming contexts, while still supporting the utility of EDA and 
BVP as dominant, interpretable sources of variation. Thus, these data give us confidence in using this specific set 
of physiological signals (EDA and BVP) to train the model for emotion recognition.

Figure 1 (Panel A) visually represents the projection of individual participants onto the PC1–PC2 space, color-
coded by the k-means clustering results that identified three distinct groups based on their physiological profiles:

	● Cluster 1 (blue): This is the most numerous group, predominantly located in the lower-left to mid-right por-
tion of the graph. These participants show a characteristic physiological profile with variable levels of BVP 
activity and relatively lower contributions on the PC2 axis (EDA/Temperature). They represent the most com-
mon response pattern in our cohort.

	● Cluster 2 (orange): This cluster consists of a single notable participant, ’MY270’, prominently situated in the 
upper-right quadrant of the graph (high scores on PC1 and PC2). This positioning indicates a unique physi-
ological profile characterized by very high BVP values (mean and standard deviation), along with high 
EDA activity and variability, and a wide temperature range. ’MY270’ is clearly identified as an outlier 
with markedly elevated physiological reactivity compared to the rest of the sample.

	● Cluster 3 (green): A smaller group of participants (’FG250’, ’GC060’, ’SR505’) is located in the upper-left 
quadrant (high scores on PC2 and negative on PC1). This profile is distinguished by high EDA activity (mean 
and standard deviation) and an elevated temperature range, with BVP contributions more towards the 
negative extreme of PC1, suggesting a lower average cardiovascular reactivity compared to Cluster 2.

Fig. 1  PCA analysis of participant-level physiological metrics: (a) Participant projections onto the first two principal compo-
nents–accounting for 41.7% and 21.2% of total variance, respectively–with markers colored by k-means cluster assignment. 
(b) Variable loadings plot illustrating the contribution of Electrodermal Activity (EDA), Blood Volume Pulse (BVP), and 
Skin Temperature features to the latent dimensions of inter-individual variability
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The main separation of these clusters along PC1 reinforces that the distinction between the dominance of BVP 
activity and EDA activity is a key differentiator among participants, while PC2 adds a layer of variability related 
to thermoregulation and baseline EDA.

Importantly, these PCA-derived axes emerge from data collected in an unscripted, naturalistic gaming context, 
reinforcing the robustness of EDA and BVP as key physiological channels for emotion recognition even outside 
laboratory-controlled stimuli.

4.2  Classification performance overview

This section details the performance of the machine learning models evaluated for emotion recognition based 
on physiological signals. Performance metrics, including accuracy, macro-averaged AUC, per-class recall, and 
the custom Combined Score designed to reward balanced classification, are presented (see Sect. 3 for details). 
We also analyze class-specific errors and discrimination capacity using ROC curves and confusion matrices. The 
analysis is structured into four subcomponents: overall model comparison, ROC analysis, confusion patterns, and 
model interpretability.

4.2.1  Model effectiveness results

To assess the effectiveness of different classification strategies, all models were evaluated under consistent con-
ditions, including data preprocessing, feature scaling, and SMOTE-based class balancing. Performance was 
assessed using multiple metrics, including overall accuracy, macro-averaged AUC, per-class recall, and Com-
bined Score (see Sect. 3). Table 4 summarizes the results for the five classifiers evaluated.

The Random Forest model achieved the highest overall performance, with an accuracy of 0.8601 and a 
macro-averaged AUC of 0.9845. It also maintained strong recall on minority classes, Sad (0.905), Surprised 
(0.954), and Disgusted (0.875), showing that the classifier generalizes well despite the original label imbalance. 
The Combined Score of 2.227 confirms that the model excels not only in global accuracy but also in detecting 
infrequent, but psychologically salient emotional states. His performance was achieved with a forest of 150 deci-
sion trees (estimators), each limited to a depth of 30 levels maximum, and restricted to split only when at least 
10 samples are present in a node and to keep a minimum of 2 samples in every leaf settings identified as optimal 
during the hyperparameter search.

LightGBM, another ensemble-based model, also benefited from SMOTE balancing and showed competitive 
recall for Surprised (0.925) and Sad (0.759), but its overall accuracy of 0.5110 (51.1%) and macro AUC (0.8803) 
were substantially lower than those of Random Forest. This suggests that, although boosting methods can per-
form well in tabular data, Random Forests may offer greater robustness in small-to-medium datasets with high 
class imbalance.

Deep learning models, including Multi-Layer Perceptrons (MLPs) and 1D Convolutional Neural Networks 
(CNNs), achieved moderate performance. The best MLP configuration (4 layers, 128 units) yielded 0.4573 
(45.7%) accuracy and 0.8397 AUC, with decent recall for Sad (0.698) and Surprised (0.731). The CNN model 

Table 4  Performance comparison of evaluated classification models with all emotion recalls
Model Acc. Rec.

(Neu.)
Rec.
(Ang.)

Rec.
(Hap.)

Rec.
(Sad.)

Rec.
(Sur.)

Rec.
(Dis.)

AUC Score

Random Forest 0.8601 0.782 0.924 0.897 0.905 0.954 0.875 0.9845 2.227
LightGBM 0.5110 0.307 0.640 0.749 0.759 0.925 0.922 0.8803 1.810
MLP 4L (256) 0.4573 0.207 0.564 0.739 0.698 0.731 0.641 0.8397 1.490
CNN 2 Blocks 0.3931 0.153 0.549 0.682 0.568 0.921 0.906 0.8186 1.500
LogReg 0.2130 0.150 0.250 0.180 0.449 0.046 0.100 0.6551 0.550
The columns reflect the recall rates for the emotional categories of neutral, angry, happy, sad, surprised, and disgusted



1 3

11Page 11 of 20    580 

Neural Computing and Applications

https://doi.org/10.1007/s00521-026-12307-5

(2 convolutional blocks) performed slightly worse in accuracy of 0.3931 (39.3%), but maintained high recall for 
Surprised (0.921), indicating some ability to capture local temporal patterns in the data. However, both archi-
tectures struggled to generalize reliably, likely due to limited data availability and model sensitivity to class 
imbalance.

Finally, the multinomial logistic regression baseline showed the weakest performance (accuracy: 0.2130 
(21.3%), AUC: 0.6551), and extremely low recall for minority emotions such as Surprised (0.046). This confirms 
the limitations of linear classifiers in capturing the non-linear relationships present in physiological-emotional 
dynamics, particularly in an imbalanced multiclass setting.

Taken together, these results underscore the importance of model choice and class balancing strategies. Ensem-
ble methods, particularly Random Forests, emerged as the most suitable candidates for emotion classification 
from peripheral physiological signals, offering both high accuracy and balanced recall across emotional states 
critical for real-time affective computing applications.

4.2.2  ROC curve analysis

Figure 2 presents the ROC curves for the evaluated models, illustrating their multiclass discrimination capabil-
ity. As shown in Fig. 2(a), the Random Forest with SMOTE demonstrates superior and consistent AUC values 
across all emotion classes, confirming its robustness in handling class imbalance and diverse emotional states. 
LightGBM (Fig. 2(b)) also shows reasonable performance, though with lower overall separation. In contrast, 
MLP (Fig. 2(c)) and CNN models (Fig. 2(d)) display lower and more variable AUC curves, particularly strug-
gling to maintain sensitivity for minority classes such as Disgusted or Sad. These results highlight the advantage 
of ensemble-based methods in this imbalanced, multiclass emotion recognition task.

4.2.3  Confusion matrix analysis

Figure 3 shows the normalized confusion matrices for the main models. The Random Forest model (Fig. 3(a)) 
achieves balanced classification, with high true positive rates across most emotion categories and comparatively 
fewer misclassifications. LightGBM (Fig. 3(b)) also performs well but exhibits more confusion between emo-
tionally adjacent classes such as Neutral and Happy. In contrast, MLP (Fig. 3(c)) and CNN models (Fig. 3(d)) 
show pronounced confusion, particularly missclassifying minority emotions like Disgusted and Surprised into 
majority classes such as Neutral or Angry. These matrices illustrate the critical role of both data augmentation and 
model choice in achieving robust multiclass emotion classification from imbalanced physiological data.

4.3  Interpretability and model inference latency

To better understand how physiological features influence emotion prediction, we applied SHapley Additive 
exPlanations (SHAP) to the best-performing Random Forest classifier. SHAP assigns an importance value to each 
feature based on its marginal contribution to model predictions, enabling both global and local interpretability [37].

Figure 4a presents a SHAP summary plot for all features in the model. Electrodermal activity (EDA) features, 
particularly those at future and current time offsets (e.g., EDA_t+4, EDA_t+0), show the highest average impact 
on the classifier’s output across all emotion categories. In contrast, blood volume pulse (BVP) features contribute 
significantly less, reinforcing the greater discriminative power of skin conductance signals in our setting.

In addition, Fig. 4b visualizes a local force plot for a representative instance, illustrating how specific EDA 
values drive the model toward or away from particular predictions. Here, high EDA activity at t+4 and t-2 
strongly push the output toward the target class.

These insights validate our feature selection strategy and highlight the value of SHAP for debugging and inter-
preting wearable-based affect recognition models in real-world scenarios.
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Inference latency was evaluated on the same Google Colab host by varying the batch size from one to six 
samples (Table 5). With a single-sample batch is obtaining a mean latency of 44.06 ms (95% CI 43.89–44.27 ms). 
Increasing the batch size exploited the two CPU threads more efficiently. At a batch of two samples, the model 
produced one prediction every 22.49 ms on average while keeping the batch turnaround below 45 ms. This is 
well inside the 66-ms window required to process the physiological signals corresponding to two consecutive 
video frames at 30 fps, meaning that real-time operation becomes feasible even without additional optimization. 
Batches of three or four samples further reduced the per-sample latency to 14.95 ms and 11.53 ms, respectively, 
offering additional headroom for communication and preprocessing overheads. However, the absolute batch 
latency remained below 47 ms in all sizes tested, indicating that moderate buffering does not sacrifice interactive 
responsiveness.

Despite these gains, the Random Forest model–150 trees with maximum depth of 30–still occupies tens of 
megabytes in memory, a footprint beyond the capacity of typical microcontroller-class wearables. Practical 

(a) Random Forest (b) LightGBM

NNC)d(PLM)c(

Fig. 2  ROC curves for the evaluated models, illustrating multiclass performance. (a) Random Forest shows superior, consis-
tent AUC across classes. (b) LightGBM, (c) MLP, and (d) CNN show varying performance, with Random Forest highlight-
ing its robustness in this imbalanced, multiclass emotion recognition task
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deployment therefore favors either offloading the sensor stream to a nearby edge device with resources compa-
rable to the Colab configuration or employing model-compression and multithreaded execution on more capable 
embedded processors. Future work will benchmark such optimizations against the latency targets established 
here.

In any case, these findings, combined with the SHAP-based feature analysis presented earlier, support the 
model’s physiological plausibility and improve interpretability, enhancing its suitability for affective computing 
applications.

(a) Random Forest (b) LightGBM

NNC)d(PLM)c(

Fig. 3  Normalized confusion matrices of evaluated models. (a) Random Forest demonstrates balanced classification across 
emotion classes. (b) LightGBM, (c) MLP, and (d) CNN show higher confusion, especially among minority emotional states
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(a) SHAP summary plot with X axis displaying the
mean absolute impact of physiological features on model
output magnitude across all emotional classes and Y
axis corresponding to names of physiological signals in
different times.

(b) Individual force plot showing the transition from the base value to the specific output
f(x) = 0.00 for a single instance.

Fig. 4  Global (a) and local (b) interpretability analysis for the Random Forest classifier using SHAP values. (a) Features 
related to Electrodermal Activity (EDA) lags exhibit the highest global importance, significantly outweighing Blood Volume 
Pulse (BVP) metrics. (b) For a specific prediction, the model shifts from the expected base value of 0.094 toward zero, pri-
marily driven by the negative contributions (blue segments) of historical EDA lags (t − 1, t − 2, and t − 3), which act as the 
dominant predictors for this classification
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5  Discussion and conclusions

Our findings demonstrate that peripheral physiological signals collected from the Empatica EmbracePlus wrist-
band–specifically BVP and EDA–are sufficient to classify discrete emotional states with high accuracy in a natu-
ralistic setting. Among the evaluated models, Random Forest with SMOTE-based data augmentation achieved the 
best performance (86.01% accuracy; macro-averaged AUC of 0.98). This underscores the importance of ensem-
ble methods and effective class balancing when handling real-world emotional data with inherent imbalance.

5.1  Discussion

Table 6 resumes six representative investigations spanning 2018–2025 and highlights how emotion-recognition 
pipelines have evolved from multi-sensor laboratory setups to more minimalist, wearable solutions. The earliest 
wearable-centred work, WESAD [7], employed a chest-plus-wrist platform with five physiological channels and 
achieved 93 % accuracy for binary stress detection, although performance dropped to 80 % when a third class 
(amusement) was introduced. Subsequent studies narrowed signal requirements while boosting performance in 
constrained scenarios: Domínguez-Jiménez et al. [14] used only PPG and GSR yet reported a remarkably high 
(100 %) three-class accuracy, albeit on a highly controlled, video-elicitation dataset.

Research has also explored end-to-end deep learning on single channels. Pidgeon et al. [13] trained a 1D CNN 
on raw BVP and EDA from DEAP, reaching 62–64 % for valence prediction. This pointed towards evidence that 
peripheral channels alone face ceiling effects without careful feature engineering or the use of more complex 
architectures. Addressing this, Muñoz-Saavedra et al. [17] optimised an MLP on a custom two-signal wrist device 

Table 6  Comparative studies on emotion recognition using physiological signals. Studies are ordered chronologically to 
illustrate the evolution of methods
Authors (Year) Dataset (n; context) Physiologi-

cal signals
Classification problem Feature 

extraction
ML/DL 
models

Accuracy

Schmidt et al. 
(2018) [7]

WESAD (15); baseline, 
stress (TSST), amusement, 
meditation

ECG, EDA, 
EMG, Resp., 
Temp.

Stress detection (binary); 3-class: 
baseline/stress/amusement

Yes Random For-
est, SVM

93% 
(binary); 
80% 
(3-class)

Domínguez-
Jiménez et al. 
(2020) [14]

Own dataset (37); video-clip 
elicitation

PPG, GSR Three discrete emotions: amuse-
ment, sadness, neutral

Yes RF-RFE + 
SVM

100%

Pidgeon et al. 
(2022) [13]

DEAP (32); music-video 
viewing

BVP, EDA Two levels: valence and arousal Yes 1-D CNN 62–64% 
(valence)

Muñoz-Saavedra et 
al. (2023) [17]

Own dataset (22); video-clip 
elicitation

GSR (EDA), 
PPG

Three levels of valence and 
arousal (low/mid/high)

Yes Optimised 
MLP

92–98% 
(valence)

Indrasiri et al. 
(2024) [18]

Own dataset (23); immersive 
360º VR videos

EEG, ECG, 
EDA, BVP, 
Temp.

Seven levels of valence and 
arousal

No LSTM + 
Multi-Scale 
Attention

83.5% 
(valence)

This Study (2025) PaGER-Sync ADICVIDEO 
(24); naturalistic gameplay; 
FaceReader labels

BVP, EDA Six basic emotions (frame-level 
annotation)

No Random For-
est + SMOTE

86.01%

Batch
size

Mean per
batch (ms)

Mean per
sample (ms)

CI low
(ms)

CI high
(ms)

Speed-up
×

1 44.06 44.06 43.89 44.27 1.00
2 44.98 22.49 22.41 22.57 1.96
3 44.86 14.95 14.90 15.01 2.95
4 46.11 11.53 11.42 11.69 3.82
5 45.74 9.15 9.11 9.19 4.82
6 46.29 7.72 7.68 7.75 5.71

Table 5  Random-Forest 
inference latency on CPU 
(Google Colab) as a func-
tion of batch size

CI: 95% bootstrap confidence 
interval
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and surpassed 92 % accuracy across three arousal/valence levels, indicating that careful windowing and hyper-
parameter tuning can compensate for limited sensor breadth.

Systems with more complex architectures continue to raise absolute scores: Indrasiri et al. [18] combined EEG, 
ECG and five peripheral channels with a multi-scale attention LSTM, attaining 83.5 % across seven valence/
arousal bins in an immersive VR setting–though at the cost of three concurrent devices, high bandwidth and 
continuous audiovisual capture.

In comparison with these previous works, our system offers a set of advantages. First, our system only relies 
on two signals (BVP and EDA) captured through a small wrist-worn device, yet it tackles a markedly harder 
six-emotion classification problem that includes infrequent categories such as surprise and disgust. Secondly, the 
proposed pipeline operates without the need for a handcrafted feature extraction; the model ingests short, logged 
windows of the raw signals, allowing the Random-Forest ensemble to learn discriminative patterns directly. 
This approach eliminates the need of feature engineering processes while maintaining high performance. Third, 
emotion labels are generated automatically and at frame-level resolution with FaceReader. This helps remove 
inter-subject bias differences while providing a pipeline where automatic emotion labeling can easily be updated 
according to a reference system.

Moreover, even under these constraints, the proposed system still achieves 86.01 % accuracy and 0.98 macro-
AUC in a naturalistic gameplay scenario–showing that a scalable, privacy-preserving affect monitoring is fea-
sible without multimodal fusion, bulky sensors, or manual feature engineering.

Another critical distinction lies in ground truth labeling. Many benchmark datasets rely on post-task self-
reports (e.g., DEAP, WESAD), introducing memory bias and limiting temporal resolution. In contrast, our study 
employs frame-level facial expression annotation using FaceReader during gameplay sessions, providing consis-
tent, automated labeling with high temporal granularity. Moreover, the integrating a step of automated labeling 
in the pipeline means that, for a set of data (such as captured video and physiological signals from gameplay ses-
sions), these labels could be easily updated if the FaceReader software was significantly improved or a different 
one was preferred.

Furthermore, our source for emotion elicitation differs from traditional lab-based protocols that use static 
images or scripted video clips. The gaming context offers dynamic, interactive experiences that elicit authentic, 
varied emotional responses, enhancing ecological validity and supporting real-world applications such as adap-
tive gaming, mental health monitoring, or personalized user experiences.

Despite using only two physiological signals, our system achieves comparable or superior accuracy relative 
to both more complex, multimodal systems and to similar systems with bigger sensor arrays. Its simplicity and 
portability make it suitable for scalable applications in digital health, education, and affective human-computer 
interaction.

Future work will explore integrating additional signals available from the Empatica Embrace PLus (e.g., skin 
temperature, accelerometry) and applying sequential deep learning models such as LSTMs or temporal CNNs 
to capture emotional transitions over time. As well as the possibility of further improving its accuracy with 
minimal yet automatic feature engineering. We also aim to examine the complementarity between FaceReader-
derived annotations and subjective self-reports, further validating the robustness of emotion labeling in natural-
istic settings.

5.2  Conclusions

Regarding our initial Research Objective, this study develops a system that can accurate classify discrete emo-
tional states. This is achieved by using only peripheral physiological signals, specifically blood volume pulse 
(BVP) and electrodermal activity (EDA), recorded via a consumer-grade wearable device in a naturalistic gaming 
context.

Regarding RQ1, our study shows how, by combining these minimally intrusive signals with automated frame-
level emotion labeling via FaceReader, a robust supervised learning pipeline can be developed. This is supported 
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by achieving 86.01% accuracy and a macro-averaged AUC of 0.98 using Random Forest with SMOTE-based 
class balancing.

Compared to prior work that often relies on multimodal setups with EEG, ECG, or lab-constrained elicitation 
protocols, our approach offers competitive performance while prioritizing ecological validity, portability, and 
scalability. The use of commercial video games as emotion elicitation tasks introduces realistic, interactive, and 
varied emotional experiences, while automated facial annotation improves the scalability of the model, while 
helping reduce reliance on subjective self-reports.

Our research shows that, in regards to RQ2, how applying the SHAP technique can give insights into the inner 
workings of how model performs, taking a important step towards model transparency. This technique help us 
identify the more relevant component for the model prediction which narrow the array of possibilities for detect-
ing and solving biases. SHAP results also provide guidance into how to best implement the model into a real-time 
system that could process the collected signals remotely.

The proposed pipeline can make use of a more invasive, with greater risks to privacy-preservation, emotion 
recognition software to develop an accurate system that uses signals which could be obtained from future gaming 
devices that can be minimally invasive and more privacy-preserving. We consider this to be a crucial contribution 
towards RQ3. Moreover, this pipeline helps future researchers adapt or update the system by changing the label-
ing software to suit their needs which could also help with solving biases that could arise.

These findings support the deployment of wearable-based affective computing systems for applications in edu-
cation, adaptive gaming, mental health monitoring, and user experience research. As seen in Sect. 4.3, although 
the model occupies a memory space that can be a limitation to be fully integrated on a microcontroller, a very 
low latency implies that remote wearable measurings can be used together with an edge device or cloud-based 
computing to achieve real-time emotion recognition, specially when processing the in batches from 3 samples up.

Future work will benchmark this integration with its possible optimizations against our measured latency and 
further explore integrating additional available signals (e.g., skin temperature, accelerometry) from the Empatica 
EmbracePlus, as well as employing sequential deep learning architectures such as LSTMs or temporal CNNs to 
capture dynamic emotional transitions. Further validation in diverse user populations and real-world settings will 
strengthen the generalization and practical utility of this approach.

6  Limitations

While this study demonstrates promising results using physiological signals from a wearable device in a natu-
ralistic gaming context, some limitations should be acknowledged. The participant sample consisted of 25 uni-
versity students of similar age and educational background, which may limit the generalizability of the results to 
broader populations with greater age, cultural, or socio-economic diversity. Although theoretically this should not 
affect the model capabilities, future work should evaluate the model’s performance across different demographic 
groups to ensure robustness and applicability in real-world deployments.

Additionally, while Noldus FaceReader provided automated, frame-level emotion labels that reduced reliance 
on self-reports. Although widely acknowledged as a reliable software by several studies [25, 38], its assessments 
of emotional states are taken as the initial labels of the system and thus the system could inherit possible biases. 
Nevertheless, the system pipeline is streamlined enough so that it can be easily updated with a future version 
of the Noldus software, or, if time is not of the essence, could be double-checked by an expert panel. Although 
initially discussed the necessity of manually verifying FaceReader outcomes, an initial comparison between our 
perceptions and those of FaceReader, together with the extensive literature supporting Noldus’ system, provides 
grounds for trusting it output.

Future studies could strengthen annotation reliability by incorporating multiple independent reviewers and 
quantifying agreement, while a culturally diverse pool of participants would further test the system for possible 
biases.
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