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Consumer wearables for mental state assessment face scepticism regarding data quality. This study
evaluated whether a consumer-grade EEG/PPG wearable headband (Neurostellar’s wearable device) can
reliably capture mental states in real-world settings. We compared the wearable device's EEG (AF7, AF8)
and PPG-derived heart rate variability (HRV) signals with a laboratory-standard EEG/ECG device across 31
resting sessions (15 adults), assessing univariate correlations across 18 EEG, 12 HRV features. Participants
then completed four cognitive and affective tasks while using the wearable device, providing subjective
feedback. Novel multimodal features, combining short-window individual metrics with long-window
complexity from multi-feature cluster sequences, were utilised in machine learning (Random Forest,
Gradient Boosting) to classify tasks and predict changes in subjective relaxation and focus. Neurostellar’s
wearable device showed moderate-to-strong correlations with lab measurements for numerous EEG (eyes-
closed: 12; eyes-open: 14) and HRV (eyes-closed: 9; eyes-open: 6) features in >50% of recordings. The
advanced multimodal features significantly classified all tasks (Random Forest: z=13.08-13.11; Gradient
Boosting: z=13.00-13.16, all p<0.001) and predicted combined relaxation/focus ratings (Random Forest:
z=2.37, Gradient Boosting: z=1.79, all p<0.05) versus chance. These findings suggest that consumer
wearables, employing robust multimodal feature engineering, can effectively capture psychophysiological
changes and track mental states, such as focus and relaxation, in naturalistic environments, offering
potential for real-world neuroscience applications. Limitations include a modest sample size and restricted

demographic diversity, which warrant further research.
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Introduction

In today’s highly stimulating digital environment, maintaining sustained attention and cognitive control has
become increasingly difficult. The constant influx of information, particularly through smartphones and
social media, has led to reduced focus, increased cognitive load, and growing inability to engage in deep,
uninterrupted work2I3] Burnout and stress are widespread, yet many individuals lack the tools or
awareness to properly address these challenges or regulate their mental statesl4l. While psychometric scales
can capture aspects of these mental statesll, they often fail to reflect the moment-to-moment nuances of
lived experiencel®lZl8I9) post-event interviews can provide additional detail, but tracking mental states over
time remains a significant challengell9ll Objective imaging techniques like EEG, ERP, and fMRI offer
valuable insights but are mainly limited to laboratory settings and are not easily implemented in naturalistic,
everyday environments.

To address these issues, wearable devices that quantify, track mental states, and provide objective data-driven
insights can be highly effectivell2l3] They empower users to identify specific areas of difficulty and develop
tailored interventions aligned with their personal goalsm. This is particularly relevant for individuals
aiming to enhance productivity, improve cognitive performance, and establish sustainable mental training
routines!2ll16] The wearable EEG (Electroencephalography) device should ideally capture brain activity with
signal quality comparable to gold-standard, lab-standard EEG systems1Zl, Combining EEG with PPG
(photoplethysmography) enables a multimodal approach, capturing physiological changes that reflect mental

states such as focus, cognitive load, and relaxation1811911201

Most available wearables assess these mental states by measuring standard EEG frequency bands (alpha, beta,
theta, gamma, and delta)l2Ll221007] 3nq often use a one-size-fits-all modellZ3], However, due to substantial
inter-individual variability, these generalised patterns may not be applicable across all users. Therefore, there
is a need for a tool or algorithm that can assess these states while accounting for subject-specific
variations[24l, The applicability of consumer-grade EEG/PPG wearables for mental state assessment is often
questioned due to concerns regarding data quality, including noise from dry electrodes, user-induced
artifacts, limited spatial resolution, and basic mobile filtering techniques. Moreover, most validation studies
are frequently conducted in controlled settings, potentially overlooking the complexities of real-world data,
thereby contributing to reservations concerning proprietary mental state metrics. These metrics are typically
derived from compromised data through the application of undisclosed algorithms. Nonetheless, the
potential of real-world wearable data remains significant. Rigorous multimodal frameworks that address

inter-individual variability and mitigate noise can enable more accurate representation of complex mental
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states by integrating brain and physiological signals. Given the variability in brain and physiological patterns
across individuals221126] we also need multivariate measures that capture relations unique to an individual or

state, adaptively targeting core cognitive processes such as focus and relaxation for a more holistic and

objective assessment of mental states[2711191

To improve the robustness of multimodal features, this study uses complexity measures from multi-feature
cluster sequences, inspired by microstate-based analysisi28129] By defining clusters based on multi-feature
relationships, the overall pattern can remain robust even if one or two features within a short segment are
briefly affected. The cluster assignment thus relies on the Gestalt of the feature set rather than the precise
value of every single feature, combining the essence of both EEG and HRV features in a lower dimension.
Moreover, the complexity of these cluster sequences (e.g., Lempel-Ziv complexity, entropy of the sequence)
over a larger time window (like 45s) is more dependent on the patterns and transitions between states
(clusters) rather than the absolute fidelity of each state's feature vector. A brief artefact might introduce a
"noisy” cluster label, but it might not drastically alter the overall predictability or randomness of the sequence
if the surrounding labels are consistent with the underlying mental state. While abstracting to cluster
sequences can reduce noise, it might also discard some fine-grained information present in the raw features.
So, combining both short-window individual multi-model features and long-window complexity of multi-
feature cluster sequences could be a more comprehensive and robust approach for the noisy real-world data

from wearable devices.

In this study, we used a wearable device (Neurostellar, India), which captures two frontal EEG and PPG signals.
This will help us design a multimodal framework, integrating both brain and physiological signals (such as
heart rate variability and respiration). This study aims to answer two research questions: (1) ‘Are the EEG and
PPG signals recorded using the wearable device headband valid and reliable compared to a lab-standard
device even in less-than-ideal settings?’, and (2) ‘Can wearable device-derived multimodal neurophysiological
markers (derived from the EEG and PPG signals) be useful to evaluate mental states which varies in terms of

focus and relaxation?’

Firstly, we expect the signal quality of this wearable device (no skin preparation and dry electrodes) to be
noisier than the lab-standard system (standard skin preparation and wet research-grade electrodes), but to
show at least moderate-level concordance. Secondly, we expect the multimodal algorithm to be robust enough
to capture significant multivariate changes associated with mental state transitions. Participants will undergo
baseline assessments, followed by cognitively engaging tasks such as chess and an adaptive Sternberg task.
These will be followed by relaxation sessions involving music listening and video watching. EEG and PPG data

collected during these sessions will be used to validate the algorithm’s performance and reliability. Ultimately,
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the device can serve as a companion in the user’s cognitive training journey, facilitating targeted
improvement, tracking measurable progress, and supporting long-term self-regulation across a range of real-

world, non-clinical applications.

Methods

Sample size calculation

For the between-device signal feature correlation, considering a moderate correlation of r=0.5 with an error
rate of 5% and statistical power of 80% for a two-tailed assessment, the required sample size was 29. For
evaluating the usefulness of the wearable device-derived measures using F1 scores of ML algorithms,
considering a moderate effect size of g=0.3 for above chance change in a binomial one-sample test with an
error rate of 5% and statistical power of 80% for a one-tailed assessment, the required sample size was 18. So
we decided to acquire at least 30 recordings from 10 subjects with 3-day recordings per subject. This would be
similar to the recording profile that Neurostellar's wearable device will have to collect in the real world, ie., a
mixture of multi-subject and multi-day data. The sample size calculation was done using G¥*Power software

(version 3.1).

This study was performed in accordance with the Declaration of Helsinki. This human study was approved by
the Company’s Human Ethics Committee (NIEC001/06/2025). All adult participants provided written

informed consent to participate in this study.

Participants comprised both males and females aged between 18 and 50 years, with normal, or normal to
corrected vision and hearing, with no history of neurological or psychiatric disorders, were recruited based on
predefined inclusion and exclusion criteria using a snowball sampling method, following the completion of
written informed consent. Subjects were screened using the General Health Questionnaire-28 (GHQ-28) to
assess their general well-being, and handedness was evaluated using the Edinburgh Handedness Inventory
(EHI). During recruitment, all 10 participants did not complete 3 day recordings and we had to recruit
additional subjects for single day sessions, achieving 31 recordings from 15 participants. The demographics of
the participants are mentioned in Table 1 and the details regarding number of recordings are mentioned in

Table 2.
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SI No Variables Details
1 Age (Mean + SD) 33.2 + 8.74 years
2 Gender Male = 8; Female = 7
3 Education (Years) 18.84 + 39
4 GHQ-28 Score (Mean + SD) 192 +£23
5 Handedness All right-handed

Table 1. Demographic Details of Participants (N = 15)

Study Design

The study comprised two distinct phases for each participant. Initially, subjects underwent simultaneous
recordings using both the Neurostellar's wearable device and a laboratory-standard portable EEG/ECG device
during an extended resting-state period of ten minutes (Both eyes open and eyes closed conditions, five
minutes each). Subsequently, within a short interval, participants were monitored solely with the
Neurostellar's wearable device across four distinct conditions, which were designed to elicit focus, relaxation,
and mental effort. These were three-minute conditions with continuous eye opening: a modified Sternberg's
working memory task, listening to self-selected soothing music, watching self-selected captivating videos,
and playing a computer chess match (if proficient). Each condition was preceded and followed by a two-
minute resting-state recording with alternating eye closure and opening (see Figure 1 and Table 2). Each
participant completed recordings under all aforementioned conditions within a single day, with this protocol
being replicated over two additional days. Consequently, up to three recordings for each specific condition
were obtained from each participant. All the recordings were done either in a Regular office room or a home,
and not in a controlled lab environment. Subjects sat in the place and position of their comfort, and the
environment was made as natural as possible. At the end of each three-minute condition, participants
provided their perceived levels of focus and relaxation on a 10-point Visual Analogue Scale (VAS). They were
instructed that a scale of 5 would mean their baseline rating before the start of that condition recording; thus,

the VAS rating would give us a rating relative to their immediate baseline state.
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Figure 1. Study Design

Subjects wore the Neurostellar's wearable device on their own, and the investigator only intervened when hair
came between the electrode contact and the skin. No skin preparation was done for the Neurostellar's
wearable device, which used flat dry electrodes (conductive polymer with Ag-AgCl coating). The Lab device
(portable battery-operated amplifier; xAMP-L10, Axxonet, India) captured two EEG channels close to the
Neurostellar's wearable device EEG sites (AF7 & AF8), with ground and reference electrodes also in
corresponding locations (midline frontal). Electrolyte paste was used, along with sintered Ag-AgCl ring
electrodes. For the placement of the Lab device EEG electrodes, the area was cleaned with 70% isopropyl
alcohol using gauze or cotton pads to remove dirt, sweat, oil, and cosmetics from the skin, mimicking the lab
standard procedure. An additional ECG electrode (bottom electrode with ECG gel pad) was placed over the left
shoulder. The Lab device was placed in a pouch in front of the abdomen (hung by a neck strap), and electrode
cables ran down the neck before connecting to the amplifier. Subjects were in a sitting posture. Both devices
recorded EEG at a sampling rate of 250 Hz; ECG was recorded at 250Hz by lab device and PPG was recorded at
62.5Hz by Neurostellar's wearable device. Lab Device streamed wirelessly (BLE) to a Laptop with proprietary
acquisition software, which also provided time-locked audio instructions and task markers. Neurostellar's
wearable device data was wirelessly streamed to another laptop using custom Python code and saved into a
CSV file. To later sync the recordings between the devices, subjects were asked to make a left-right eye

movement repeated three times at the beginning of each recording.
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Condition No of Recordings Device Used

Rest (5 mins Eyes Closed & 5 mins 31 (8 subjects x 3 days + 7 Neurostellar's wearable device and Lab standard

Eyes Open) subjects x 1 day) Device simultaneously

Playing Chess (preRest + Chess + 17 (4 subjects x 3 days + 5
Only Neurostellar's wearable device
postRest) subjects x 1 day)

Performing WM Task (preRest + 30 (8 subjects x 3 days + 6
Only Neurostellar's wearable device

Task + postRest) subjects x 1 day)
Listening to Music (preRest + 30 (8 subjects x 3 days + 6
Only Neurostellar's wearable device
Music + postRest) subjects x 1 day)

Watching Video (preRest + Video + 30 (8 subjects x 3 days + 6
Only Neurostellar's wearable device
postRest) subjects x 1 day)

Table 2. Number of recordings

EEG and PPG Analysis

The EEG data (AF7 and AF8 channels) undergo basic preprocessing, including 1-40 Hz band-pass filtering
(using a finite impulse response (FIR) filter) and 50 Hz notch filtering, via the "mne" library29. The PPG data
preprocessing included 1-10 Hz band-pass filtering (FIR filter), 50 Hz notch filtering, a 3-sample moving
median filter, and minmax normalisation. Both datasets are segmented into 16-second overlapping epochs

with a 0.25-second sliding.

From EEG epochs, the first principal component analysis (PCA) component was chosen (this ensured a single
time series representing at least 75% of the two-channel data segment), and EEG features were extracted
using functions from multiple Python libraries like "scipy” and "antropy” The 18 EEG features extracted
include power spectral density (welch approach; 4 second window with 50% overlap) in five frequency bands
(Delta:1-4Hz, Theta:4-8Hz, Alpha:8-12, Beta:12-30Hz and Gamma:30-40Hz), the power ratios (Theta/Alpha,
Theta/Beta, Beta/Alpha and Gamma/Alpha) and non-linear features (Permutation Entropy, Single Value
Decomposition Entropy, Sample Entropy, Detrended Fluctuation Analysis, Petrosian Entropy, Katz Fractal
Dimension, Higuchi Fractal Dimension and Lempel-Ziv Complexity). This multifeature selection was initially
inspired from that used in sleep staging in a popular sleep stage scoring algorithm using single channel

EEGEY and further expanded with multiple nonlinear measures based on literature citing their relevance in
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detecting mental states like focus and mindwandering@, especially when used in combinations22l. From
the PPG epochs, pulse peak detection24l, correction of erroneous peak placements based on outliers in peak-
to-peak differences32] quality assessment36] deriving respiratory rate from heart rate37138] and extraction
of HRV features (here we are using pulse rate variability as a surrogate of conventional HRV) were all done
using the "neurokit2” Python library@l. The 12 HRV features extracted include frequency-domain features
(low frequency power [0.04-0.15Hz], high frequency power [0.15-0.4Hz], low frequency / high frequency
power ratio and total HRV power), poincaré plot geometry-based non-linear features (like SD1, SD2, SD1/SD2
ratio, ellipse of SD1 and SD2, Cardio Sympathetic Index and Cardio Vagal Index[2041ly anqd other statistical
measures (like average heart rate, median average deviance of instantaneous heart rate and median average
deviance of instantaneous respiratory rate). These short-time window features were used for signal quality

correlations between the devices.

Additionally, we extracted a few novel higher-order multi-variate measures (complexity of quasi-stable multi-
variate pattern sequences) from the above features derived across multiple consecutive time-windows (every
45s). This analysis was done using a subset of EEG and HRV features (14 EEG and 9 HRV features), wherein 6
clusters of feature combinations were determined that can explain the entire data (Figure 2B), using k-means
clustering (an ensemble consensus of 50 k-means models was used) using the "scikit-learn” library. After
initial exploration using methods like the Elbow plot, the number of clusters was refined to 6 through a trial-
and-error process, wherein the feature combinations showed meaningful differences, showed consistency
across repetitions and subjects, and all clusters represented a good portion of the data (>10%). These 6 cluster
patterns were very consistent across different recordings and subjects, and hence a grand mean cluster
(clustered from all data) was backfitted to generate cluster sequences (see Figure 2A, bottom panel for grand
mean cluster pattern). The sequence of the EEG and HRV cluster dynamics was then subjected to complexity
analysis using multiple standard measures (like Higuchi Fractal dimension, Lempel-Ziv Complexity, and
Permutation Entropy), as well as a novel measure called Effort-To-Compress (ETC). ETC is defined as the
number of iterations needed for a loss-less compression algorithm called Non-Sequential Recursive Pair
Substitution (NSRPS) to transform the input sequence to a constant sequencel2l. ETC has been found to be
more reliable to capture complexity of short and noisy time series, than some of the other measuresl43144]
The complexity of the sequence was calculated across the whole 3-minute recording to get the overall score,
and also in short sliding windows (45s window with 1s sliding) to track the trend within a setting (Figure 2C).
This sequence-based approach can be robust to poor signal quality or artefacts, as it relies on relations

between features and not on the intensity of any single feature. For both EEG and HRV cluster sequences, this
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generated 12 features, which, when added to the individual features, made 45 multi-modal features available

for every 45s segment.
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Figure 2. Multimodal Feature extraction from EEG and PPG data. (A) A 110s EEG and PPG segment is converted to
quasi-stable multi-variate cluster sequences of the six EEG feature clusters (second panel) and six HRV feature
clusters (third panel) based on distinct patterns of 14 EEG features (bottom left panel) and 9 HRV features (bottom
right panel). Each colour represents a different cluster (Note that the colouring of EEG and HRV clusters is different).
(B) Temporal profiles of the different multimodal features are shown from a data segment. Note that the large
amplitude spikes in EEG waveforms or signal drop in PPG waveforms have a differential impact on the different
features (including the novel cluster sequences), highlighting the robust nature of this approach. Feature values

were z-scored for display (dark colour: low value; light colour: high value).

Machine Learning Analysis

For both classification and regression analysis, we used Random Forest and Gradient Boost models, as they
are inherently explainable, non-linear, less impacted by value scaling, and consistently perform well in
popular machine learning tasks. The ‘sklearn’ library was used. The above-mentioned 45 multi-modal

features were used in the analysis.

Firstly, as a classification problem, we assessed the ability of the features to predict the condition labels
(precondition rest versus that condition; e.g., pre-task rest vs Task). For this, a multivariate permutation
testing approach was employed for each participant under each experimental condition. So, for every unique
participant and condition combination, the feature set (X) consisted of the 45 features, and the target variable

(y) was the two condition labels (precondition rest and the condition). Before model training, infinite values
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were replaced with Not-a-Number (NaN), and all NaN values were subsequently imputed using the mean of
the respective feature column for that participant-condition dataset. A Random Forest Classifier and a
Gradient Boost Classifier model with default hyperparameters was used as the predictive model. The
predictive performance of the model was evaluated using a 5-fold stratified cross-validation scheme (with
data shuffling). The Fl-weighted score was used as the primary performance metric, chosen to account for
potential class imbalances in the subjective ratings. To determine the statistical significance of the observed
Fl-weighted score, a permutation test (n_permutations=1000) was conducted. In this procedure, the target
variable (y) was randomly shuffled 1000 times, and the predictive model was trained and evaluated (using the
same 5-fold stratified cross-validation) on each shuffled dataset. This generated a null distribution of F1-
weighted scores. The p-value was calculated as the proportion of permutation scores that were greater than or
equal to the actual (unshuffled) Fl-weighted score. An effect size for the classification performance was
calculated as the difference between the actual Fl-weighted score and the mean of the Fl-weighted scores
obtained from the permuted datasets. This raw effect size was then standardised by dividing it by the
standard deviation of the permutation scores, yielding a z-score. This entire procedure—data selection,
preprocessing, model training, cross-validation, permutation testing, and effect size calculation—was

repeated independently for each participant and each experimental condition, using both models.

Next, as a regression problem, we assessed the ability of the features to predict the various subjective ratings
(‘Focus’, ‘Relax’, and their composite rating ‘Relaxed Focus’). As with the classification problem, a multivariate
permutation testing approach was independently employed for each subjective rating, but combining data
from multiple subjects. For each subjective rating (the target variable, y), the corresponding 45 features were
used as predictor variables (X). The dataset for each rating was partitioned into a training set (80%) and a
testing set (20%) using a stratified split, ensuring all data from one subject stays in one set (train or test). No
explicit feature scaling was applied to the training or testing data before the main model training and
evaluation, as Random Forest models are generally insensitive to monotonic transformations of features. A
Random Forest Regressor or Gradient Boosting Regressor model was employed for predicting each subjective
rating. Hyperparameter tuning was conducted on the training data using a grid search approach with 5-fold
cross-validation, again using a stratified approach ensuring subject integrity. The hyperparameters explored
included n_estimators ([50, 100, 200]) and max_depth ([None, 10, 20]). The model yielding the highest R-
squared (R?) score during cross-validation was selected as the best model. The performance of the optimised
model for each subjective rating was assessed on the held-out test set. Evaluation metrics included Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and R% Feature importances were also extracted from
the trained best model to identify the relative contribution of each objective measure to the prediction. The

optimised model for each subjective rating was saved using joblib for persistence. To determine the statistical
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significance of each optimised model, a permutation test (n_permutations=1000) was performed. This test
was conducted on the full dataset (i.e., before train-test splitting) for each subjective rating to assess the
overall relationship between the objective measures and the specific rating. The permutation test utilised a 5-
fold cross-validation strategy (KFold with shuffling, stratified splitting) and R? as the scoring metric. The p-
value was calculated as the proportion of R* scores from permuted datasets that were greater than or equal to
the R? score obtained from the original (unpermuted) data. An effect size for the permutation test was
calculated as the difference between the R* score on the original data and the mean R* score from the 1000
permuted datasets. This difference was also standardised by dividing it by the standard deviation of the

permutation R? scores, providing a z-score-like measure of effect size.

Statistical Analysis

Each of the EEG features, HRV features, and the complexity of cluster sequences was averaged for each
setting/session and subjected to statistical analysis. Statistical analysis was done in R-software using Robust
statistical measures (takes care of outliers in the data and is immune to data distribution assumptions) from
the "WLS2" library. One-sample test (one-sample percentile bootstrap test using the one-step M-estimator)
was done using the ‘onesampb’ function, and Robust ANOVA followed by trimmed mean (10% trim) based
post-hoc comparisons were performed. A p-value threshold of <0.05 was used for determining statistical

significance, after correcting for multiple comparisons using the Holm method.
Results

Does Neurostellar's wearable device biosignal quality meet lab standards in real-world use?

Despite variations in amplifier profiles, electrode types, and skin preparation, concurrent recordings obtained
with a laboratory standard device and the Neurostellar's wearable device demonstrated substantial similarity
(Figure 3A & 3B). However, instances were observed where Neurostellar's wearable device recordings exhibited
increased noise levels (Figure 3C & 3D) or laboratory standard device recordings were characterised by greater

noise (Figure 3E & 3F).
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Figure 3. 30s snapshots showing time-locked EEG and ECG/PPG preprocessed data from Lab standard device (left)

and Neurostellar's wearable device (right), from a representative subject. Some recordings were comparable between

the two devices (A & B). Some were noisier in the Neurostellar's wearable device (C & D). Some were noisier in the

Lab standard device (E & F).
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Although visual inspection of signal recordings revealed a high degree of concordance between devices, the
strength of correlations varied across different extracted features. This observation was consistent for both
electroencephalogram (EEG) features, as illustrated in Figure 4, and heart rate variability (HRV) features, as

depicted in Figure 5.
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Figure 4. EEG Feature comparison from a single recording with comparable signal quality: Correlation plots of 8s
EEG features between data from the Lab standard device and the Neurostellar's wearable device, for (A) Delta power,

(B) Theta power, (C) Alpha power, (D) Betal power, (E) Beta2 power and (F) Gammal power.
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Figure 5. HRV Feature comparison from a single recording with comparable signal quality: (A) Peak detections (red
dots) on a 60s data from PPG from the Neurostellar's wearable device (top panel; green waveform) and
simultaneously acquired ECG from the lab device (middle panel; blue waveform). The instantaneous heart rates in
beats-per-minute (bottom panel) are derived from PPG (green) and ECG (blue). (B) Correlation plots of 16s HRV
features (RMSSD, SD1/SD2 ratio, and CVI) from the Lab standard device and the Neurostellar's wearable device are

shown.

Analysis revealed the number of recordings exhibiting moderate to high correlation (r > 0.5 & p < 0.05) for
each feature between devices, assessed separately for eyes closed and eyes open conditions (Figure 6). A
minimum of 50% of recordings demonstrated such significant correlations in 12 of 18 EEG features and 9 of 12
HRV features during the eyes closed condition. Conversely, 14 of 18 EEG features and 6 of 12 HRV features
displayed this in the eyes open condition. This implies that correlations also varied according to the condition

during recording.
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Figure 6. Recording-level correlation values for each features across all recording data from eyes closed (A & C) and

eyes open conditions (B & D). EEG features are shown in the upper panels (A & B), and HRV parameters are in the

lower panels (C & D). Each dot represents a single recording (n=31), with red dots representing recordings having

moderate-to-high correlations (i.e., r>0.5 & p<0.05) and the percentage values in brackets show the proportion of

such recordings, for each feature.
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Does the four-condition protocol lead to varying degrees of focus and relaxation?

Participants utilised a 10-point Visual Analogue Scale (VAS) to evaluate their perceived levels of focus and
relaxation immediately after the completion of different recording procedures. This quantitative method was
implemented to validate the effectiveness of simultaneously collected electroencephalography (EEG) and
heart rate variability (HRV) data, obtained from the Neurostellar's wearable device, in accurately reflecting
these self-reported subjective states. On the VAS, ratings exceeding a score of 5 indicated a perceived increase
in the respective state (focus or relaxation) compared to the participant'’s baseline level established before the
commencement of each experimental condition. Conversely, ratings below 5 signified a perceived decrease

relative to their baseline.

The analysis of the subjective relaxation ratings revealed statistically significant increases during both the
Music listening session (t-statistic = 7.07, p-value < 0.001) and the Video viewing session (t-statistic = 8.70, p-
value < 0.001) (Figure 7). These results suggest that both auditory and visual stimuli were effective in

inducing a state of relaxation in the participants.

Subjective focus ratings also showed statistically significant increases across all experimental conditions
(Chess: t-statistic = 8.00, p-value < 0.001; Task: t-statistic = 8.48, p-value < 0.001; Music: t-statistic = 7.30, p-
value < 0.001; Video: t-statistic = 8.12, p-value < 0.001). Notably, the Task-oriented session elicited the highest
focus ratings, while it was the lowest in the Music condition. This implies that while music enhanced focus to

some extent, goal-directed tasks resulted in a greater perceived level of mental engagement.

Furthermore, participants rated a generally high score for overall comfort during the majority of the
recording sessions (t-statistic = 8.25, p-value < 0.001). This indicates that the data acquisition process,
involving the Neurostellar's wearable device and the experimental conditions, was well-tolerated and did not
induce significant discomfort that might confound the physiological and subjective data. The consistency of
high comfort ratings across most sessions suggests that the experimental setup was conducive to obtaining

reliable and ecologically valid measurements of focus and relaxation.
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Estimate = 8 (7.59 to 8.06), p <0.001 Estimate = 8.48 (8.07 to 9), p <0.001 Estimate = 7.3 (6.31 t0 8.08), p < 0.001 Estimate = 8.12 (7 to 8.96), p <0.001
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Figure 7. Box and violin plots illustrate subjective scores from VAS scales, collected after each condition: (A) Relax,
(B) Focus or at the end of the recording: (C) Overall Comfort. The red dotted line at 5 indicates the baseline score,
with scores above representing an increase and below a decrease from this baseline. A one-sample robust test was

applied to each measure.

Do Neurostellar's wearable device EEG/HRV features effectively differentiate between various

mental states?

An analysis of 45 EEG and HRV parameters from Neurostellar's wearable device data was conducted to
differentiate between four experimental conditions (Task, Music, Video, and Chess) and baseline measures.
Random Forest and Gradient Boosting machine learning algorithms were used. Model performance for each
recording was rigorously evaluated using individual random permutation tests (1000 permutations with

labels being permuted within each subject data) to determine significance beyond chance.

Both models demonstrated an Fl-score of 1 in most recordings, indicating substantial effect sizes beyond
chance across all conditions (Figure 8). Note that this analysis was done on each subject separately, and the
purpose was to capture the change and not generalisability to another subject. Random Forest Classifier

results: Task (fl-score difference = 0.492 + 0.002, z = 13.11 + 0.36, p < 0.001), Music (f1-score difference = 0.492
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+0.001, z = 13.10 + 0.30, p < 0.001), Video (f1-score difference = 0.492 + 0.002, z = 13.09 + 0.44, p < 0.001), and
Chess (f1-score difference = 0.492 + 0.001, z = 13.08 + 0.36, p < 0.001). Gradient Boosting Classifier results: Task
(f1-score difference = 0.493 + 0.005, z = 13.00 * 0.37, p < 0.001), Music (fl-score difference = 0.493 + 0.004, z =
13.07 + 0.45, p < 0.001), Video (fl-score difference = 0.494 + 0.006, z = 13.16 + 0.38, p < 0.001), and Chess (f1-

score difference = 0.493 + 0.004, z = 13.08 + 0.42, p < 0.001).

The consistently high z-scores and significant p-values (p < 0.001) provide strong statistical evidence for the
models’ ability to distinguish experimental conditions from baselines. These findings indicate that
Neurostellar's wearable device data effectively captures meaningful multimodal feature variations during

diverse activities in a naturalistic environment.
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Figure 8: Classification accuracy based on multimodal EEG and HRV features between each condition (Performing
Task, Listening to Music, Watching Video or Playing chess) and its pre-condition baseline, using Random Forest
Classifier (A) and Gradient Boosting Classifier (B). Each dot represents the multivariate magnitude difference from a
single recording computed as a z-score based on a permutation test (1000 permutations); all showed significant

change (p<0.001). 106 recordings were used (Task=30, Music=29, Video=30, Chess=17).

Does Neurostellar's wearable device combined EEG and HRV data accurately indicate an

individual's focus or relaxation levels?

Analysis of the combined EEG and HRV parameters from Neurostellar's wearable device data was further
conducted to predict the subjective Focus, Relax, and RelaxedFocus (Focus x Relaxation) ratings across the
four experimental conditions (Task, Music, Video, Chess) from the baseline condition. Random Forest and
Gradient Boosting regression models were used. Model performance across the 102 recordings was computed
a fs R? values, which were rigorously evaluated using random permutation tests (1000 permutations with

labels being permuted) to determine significance beyond chance.
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Both models demonstrated significant fit for some of the ratings, as shown in Figure 9. Random Forest
Regressor results: Focus (R? change = 0.16, z = 1.82, p = 0.033), Relax (R? change = 0.07, z = 1.11, p = 0.139), and
RelaxedFocus (R? change = 0.17, z = 2.37, p = 0.009). Gradient Boosting Regressor results: Focus (R* change =
0.12, z = 1.80, p = 0.033), Relax (R? change = 0.06, z = 0.53, p = 0.302), and RelaxedFocus (R? change = 0.16, z =
179, p = 0.041).

The high z-scores and significant p-values (p < 0.05) provide statistical evidence for the models’ ability to
predict the subjective rating of RelaxedFocus from baselines. These findings indicate that Neurostellar's
wearable device data effectively captures meaningful multimodal feature variations for predicting a combined

state of Relaxation and Focus.
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Figure 9. R-squared values showing the performance of the Random Forest (A) and Gradient Boosting (B)
Regression models in predicting the subjective Focus, Relax and RelaxedFocus (Focus x Relaxation) ratings, based
on multimodal EEG and HRV features from Neurostellar's wearable device. The histograms show the distribution of
permutation R-squared values (1000 permutations), and the dotted green vertical line represents their mean
(chance-level performance of the model). The dotted red vertical line represents the observed R-squared value
(actual performance of the model). (C) Line plots showing the variation in Focus, Relax and RelaxedFocus ratings
(blue) across the whole 102 recordings used, and how closely the predictions from Random Forest (orange dotted)
and Gradient Boosting (green dotted) models match these. (D and E) Bar graphs showing the feature importances of

the trained Random Forest and Gradient Boosting regressions models, respectively.

Discussion

This study aimed to evaluate the Neurostellar's wearable device EEG/PPG headband for real-world cognitive
and mental state assessment, focusing on its biosignal quality compared to lab standards and its efficacy in
differentiating and predicting subjective states using multimodal data analysis. The findings provide
promising evidence for the utility of such consumer-grade devices in naturalistic settings (e.g., in a non-lab
room environment unconstrained by cables and allowing non-rigorous natural body movements), albeit with

important considerations.

Signal Quality of Neurostellar's wearable device in Real-World Use

The comparison between the Neurostellar's wearable device and a laboratory-standard device revealed a
nuanced picture of signal quality. While concurrent recordings often showed substantial visual similarity

(Figure 3A & 3B), indicative of the Neurostellar's wearable device capability to capture relevant biosignals,
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instances of increased noise were observed in both devices (Figure 3C-F). This highlights a critical point:
noise is an inherent challenge in electrophysiological recordings, particularly in less controlled, real-world
environments, and is not exclusive to consumer wearables“2l. The variability in noise underscores the

importance of robust pre-processing and artefact handling in any real-world biosignal application.

The feature-level correlation analysis further elaborated on this. While a high degree of visual concordance
was noted, the strength of correlations for extracted EEG and HRV features varied (Figure 4 & 5). Importantly,
a significant number of EEG (5 in eyes-closed, 9 in eyes-open) and a majority of HRV features (10 in eyes-
closed, 7 in eyes-open) exhibited moderate to high correlations (r > 0.5, p < 0.05) in at least 50% of recordings
(Figure 6). This suggests that despite differences in hardware and application (e.g., dry vs. wet electrodes,
amplifier characteristics), the Neurostellar's wearable device can reliably capture a considerable range of
standard psychophysiological features, particularly for HRV, which showed strong concordance. The variation
in correlation strength across features and conditions (eyes-open vs. eyes-closed) is expected, as different
physiological states and features inherently possess different signal-to-noise ratios and susceptibility to
artefacts. A prior study also reported a similar difference, demonstrating high correlation in frequency
domain EEG features (mean=0.957) and acceptable correlation in time domain features (mean:O.SSO)M. A
more recent study using in-ear dry electrodes even reported that the correlation with clinical-grade EEG
varied based on conditions (0.76 during eyes closed rest and 0.39 during sleep) and overall level of movement
and facial artefacts“Zl. Therefore, the finding that over half the recordings yielded significant correlations for

these features is encouraging for a consumer device designed for ease of use over stringent lab protocols.

Effectiveness of the Protocol in Eliciting Target Mental States

The subjective VAS ratings confirmed the efficacy of the four-condition protocol in modulating perceived
levels of focus and relaxation. Significant increases in relaxation during Music and Video sessions, and in
focus across all tasks (Chess, Task, Music, Video), validate that the chosen activities successfully induced the
targeted subjective states. Notably, the Task condition elicited the highest focus, aligning with its demanding
nature, while Music, often associated with relaxation, also enhanced focus, albeit to a lesser degree. This
differentiation provides a solid basis for assessing the Neurostellar's wearable device ability to track these
self-reported changes. Furthermore, the high overall comfort ratings (t=8.25, p < 0.001) are crucial, indicating
that the Neurostellar's wearable device and experimental setup were well-tolerated, enhancing the ecological

validity of the data by minimising discomfort as a confound.
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Differentiating Mental States with Multimodal Features of Neurostellar's wearable device

The machine learning analyses demonstrated a strong capability of the wearable device's combined EEG and
HRV features to differentiate between the four experimental conditions and baseline. Both Random Forest
and Gradient Boosting classifiers achieved substantial effect sizes (all z > 13.00, p < 0.001; Figure 8) across all
conditions. This is a key finding, indicating that the physiological changes captured by the Neurostellar's
wearable device during diverse activities (ranging from cognitive tasks like Chess and the working memory
Task to more passive engagement like Music and Video) are distinct enough to be reliably classified. It
underscores the power of a multimodal approach, where combining brain activity and autonomic nervous
system correlates (HRV) provides a richer, more robust representation of an individual's state than unimodal
data alone. Studies have demonstrated the correlation between multimodal brain-computer interface metrics
and HRV[48] and have shown that multimodal models incorporating both HRV and electrodermal activity
offer more accurate estimates of sympathetic-driven arousal states than unimodal models®2). The

consistency across two different machine learning models further strengthens this conclusion.

Predicting Subjective Focus and Relaxation Levels

The study further ventured into predicting the intensity of self-reported focus and relaxation. The models
demonstrated a statistically significant ability to predict a combined "RelaxedFocus” metric (Random Forest:
z = 2.37, p = 0.009; Gradient Boosting: z = 1.79, p = 0.041), showing that the multimodal data of Neurostellar's
wearable device can track this nuanced, combined state with considerable accuracy. The prediction of
individual Relax ratings was not significant, while that of Focus was statistically significant but with smaller
effect sizes. This suggests that while individual components of mental state can be predicted, a combined
metric like "RelaxedFocus” might capture a more stable or physiologically distinct pattern reflected in the
combined EEG/HRV features. The subjective experience of "focus” or "relaxation” in isolation may have more
idiosyncratic physiological correlates, or their combination may represent a more clearly definable
psychophysiological state. Prior studies have also found that the combined use of EEG and HRV features is
good for a more definable psychophysiological state, like stress2% and that higher-order complexity features

from EEG differ when predicting states like Focus and Relaxation separately(2!],

Implications and Future Directions

Consumer-grade EEG/PPG devices like the Neurostellar's wearable device, combined with sophisticated
multimodal data analysis, show significant potential for real-world mental state assessment, enabling

differentiation of activity-related states and prediction of combined relaxation and focus. A key implication is
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the necessity for a paradigm shift in biosignal analysis, moving away from the pursuit of pristine, lab-
standard signal quality in uncontrolled environments. Instead, the focus should increasingly be on robustly
leveraging the rich information within multimodal features and understanding their complex interactions.
Prior research already advocates such a paradigm shift in physical activity assessment from wearable
accelerometer datal®233l and mental state assessment from wearable HRV datal®l. Recent evidences also
suggest that combining power spectral data and non-linear measures could reflect a deeper understanding of
the multifaceted nature of brain function, which oscillations providing invaluable insights into the rhythmic
and synchronized activity of local neural populations, while non-linear dynamics offering a powerful window
into the global integration and computational complexity of the brain as a wholel22156] This approach,
acknowledging the inherent noise in real-world data and incorporating the multifaceted nature of brain-body
data, enhances resilience to artefacts and allows for the development of models adaptable to individual

variability and the nuances of everyday conditions, better capturing subtle mental state shifts.

While the study demonstrates promise, variability in signal quality and feature correlations suggests ongoing
opportunities for refinement in sensor technology, signal processing for noisy data, and feature selection.
Future research should prioritise developing and validating advanced machine learning models that learn
cross-modal relationships and temporal dependencies, alongside longitudinal studies to assess the evolution
and stability of these multimodal signatures. Further investigation into specific feature interactions will
provide deeper insights into the psychophysiological basis of mental states in naturalistic settings. Validation
in larger, diverse populations across various everyday activities is crucial for translating these findings into

impactful real-world applications.

While recent advancements have seen the successful application of sophisticated deep learning and
foundation models for mental state prediction, the primary objective of this study was the foundational
validation of the signal fidelity of Neurostellar's wearable device and the development of robust feature
engineering techniques tailored for noisy, real-world multimodal data. Our approach, utilising well-
established machine learning algorithms, aimed to provide interpretable benchmarks of the device's core
capabilities in ecologically valid conditions. This characterisation of signal quality and the efficacy of
specifically designed features in handling limited-channel, artefact-prone data are crucial prerequisites that
can inform and enhance the subsequent application of more complex computational models to consumer-

grade wearable biosignals.
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Conclusion

In conclusion, this study provides compelling evidence that the EEG/PPG of Neurostellar's wearable device can
capture physiologically relevant signals in real-world conditions, demonstrating substantial similarity to lab-
standard equipment for many key HRV and several EEG features. When its multimodal data are analysed
using robust feature engineering and appropriate machine learning frameworks, it can effectively
differentiate between various mental states associated with common activities and significantly predict a
combined subjective state of relaxation and focus. These results contribute to the growing body of evidence
supporting the viability of consumer wearables for practical, everyday mental state monitoring, paving the

way for more accessible and personalised psychophysiological insights.
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