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» Classification of MWL has been demonstrated in Frequency-band ¥ -
| Collected . Assemble MTN . Brain
revious work [1], but strong performance has not EEGC > ex”f'f“on ayers from VG of Predict workload level health
. - _ o
oeen. shown at s.mall sample sizes (< 10 seconds).. Signals Time series EEG channels | monitoring
* In this w_ork, we introduce a noyel method to classify segmentation . J L -
EEG signals (_5-second | windows) using the ¥ Extract structural evaluation dynamics
structural properties of multiplex temporal networks Channel extraction properties of MTNs e Analvsic Spacecraft &
(MTNSs). Y Robotic Arm Manipulation shuttle piloting
* A multiplex network Is a structure composed of two 4 E es of 2 DBC anplcation orat
or more graphs, known as layers. We examine the Fig 1. Computational model for classification of MWL. The collected EEG data is processed by means of g % Bxampies orap application for space exploration.
)b 4 filteri d ion. P d signal formed | hs b f the VG algorithm. Th
ed e Overla Of these structures -— that iS, the litering ana segmentation. Processed signals are transtormed Into graphs by means of the algorithm. e . . . : .
t gd flp {0 share th J VGs for all channels are then assembled into an MTN, whose properties are extracted. Specifically, the O_ne _appllcatlon of pBCI Is NASA space exploration
endency orlayers 1o share the same edges. metrics with respect to edge overlap are computed. These are fed to ML classifiers which then predict the level missions (e.g., Artemis).

of workload taken by the EEG. * Use of Al or robotic assistance when required, with

Methods the objective of not depleting limited resources and

+ The simultaneous task EEG workload dataset Results maintaining performance.
(STEW) was used. Participants (n=48) engaged In
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multitasking to induce higher workload. 1 0ok E_ _ianng f_a — esting data | bl es_ﬁ °t2) Discussion
« Classification was performed individually on each | 1 | é_ « In this work we have i) built upon an existing
participant’s data. L 0951 —0.6p P methodology for mental workload classification [1]
» 10 EEG Channels were used for feature extraction. ?ogo- v ~0-31 and i) introduced a new technique for feature
The signals were filtered of artifacts and segmented > 1 3 —0.4 ) extraction for MWL classitication.
Into 5-second windows. %0-85- 1 1 - 8 -0.3¢ * « The main result of this work is the ability to classify
* Delta, theta, alpha, beta, and gamma frequencies b _0ok shorter EEG segments with a high accuracy
were ConS|de!re.d.. | | o8 Ty " L ol (=95%).
* The natural visibility graph (VG) algorithm was used 0.75} . | v b LT.— L — L - The best-performing classifier was the SVM with a
to map a time series to a complex network [2]. Linear SYM Polynomial SVM_RBF SVM " Linear SYM Polynomial SYM _RBF SVM polynomial kernel (95% average accuracy; average
: : ML Model ML Model — ’
« The VG of each channel is assembled into layers of loss < -0.2).

Fig. 2. Left panel: accuracy scores of three different SVM-based classifiers (variations of the kernel; linear

a Smgle MTN, and a unique MTN exists for each 5- function, polynomial function, radial-based function). Right panel: associated loss scores. Performance metrics e The performance of the SVM with linear kernel was

second period. inant . o .
- are computed for each participant's data. slightly inferior to that of the polynomial SVM.
 To examine the structural property of the MTNSs, | |
edge overlap (also called entanglement) was 1.04p C * The analysis showed the edge overlap metrics were
measured [3] 0.7F | discriminatory (statistically significant) between low
» . £1.02p 1 | o6k T and high MW.L.
 These properties are fed as Inputs to a vector 2 2 J
machine (SVM) classifier to predict the level of é” 0O -I-: T & 0.5F T —  Future work will focus on real-time pBCI:
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