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With �gthe�ggrowing �gacademic�gpressure�gand�gcompetitive �geducational�genvironment, �gstudents�goften�gface�gmental�g
stress,�gwhich �gcan�gaffect�gtheir �gacademic�gperformance�gand�gmental�ghealth.�gIts�gaccurate�gand�gtimely �gdetection�g
and�gprevention �gis�gimportant. �gTraditionally, �gmental�gstress�ghas�gbeen�greported�gby�gself-assessment,�gwhich �gis�ghighly �g
subjective�gand�gcan�gbe�gerroneous.�gWith �gadvances�gin�gneuroscience,�gelectroencephalogram�g(EEG)�gsignals�ghave�gbeen�g
used�gto�gstudy�gbrain�gstates�gmore�gobjectively. �gEEG-based�gfeatures,�gincluding �gtime-domain, �gfrequency-domain,�g
and�gvarious�gtypes�gof�gconnectivity �gfeatures,�ghave�gbeen�gused�gto�geffectively �gclassify�gstress�gsignals.�gHowever,�gthese�g
individual �gfeatures�gare�gonly�gable�gto�gpresent�gone�gaspect�gof�gthe�gbrain�gunder�gstress.�gSeveral�gstudies�ghave�gcombined�g
a�gdistinct �gset�gof�gfeatures�gextracted�gfrom �gEEG�gsignals,�gincluding �gtime�gand�gfrequency�gdomain�gfeatures,�gwith �gother�g
peripheral �gsignals.�gStress�gis�ga�gcomplex�gmechanism�gwhich �gleads�gto�galternation �gin�gbrain�gdynamics,�gits�gconnectivity �g
patterns�gand�ginformation �gflow. �gThis�gstudy�gproposed�ga�gfeature-fusion�gmodel�gthat�gcan�geffectively �gcombine�gspatial�g
features,�gi.e.�gMicrostates�g(MS),�gconnectivity �gfeatures�glike �gTransfer�gEntropy�g(TE)�gand�gGranger�gCausality�g(GC),�g
which �gprovided �ga�gnew�gneuromarker�gfor�gstress�gclassification.�gThese�gfeatures�gare�gcombined�gwith �gattention �gfusion,�g
which �genhances�gthe�gdiscriminant �gfeatures�gand�gmitigates�gthe�gindividual �glimitations �gwithin �geach�gmodality. �gWe�g
also�gextracted�gmicrostates�gfor�gstress-based�gsignals.�gIt �gprovided �ga�gnew�gset�gof�gmicrostate�gtopomaps�gto�gstudy�g
brain�gnetworks�gwhen�gunder�gstress,�gwhich �gwas�gnot�gexplored�gpreviously. �gThe�gproposed�gAttention-fusion �gbased�g
multi-feature �gset�gis�gclassified�gusing�gSupport�gVector�gMachine,�gLinear�gDiscriminant �gAnalysis�g(LDA)�gand�gMultilayer �g
Perceptron�g(MLP)�gand�ggave�ga�greliable �gaccuracy�gof�g95.47%,�g98.91%,�gand�g83.49%,�grespectively.�gTo�gvalidate�gthe�g
proposed�gmethod,�gthe�gclassification�gresults�gwere�gcompared�gwith �gindividual �gand�gbinary �gfusion�gof�gMS,�gTE�gand�g
GC�gfeatures,�gwhich �gfurther �gconfirmed �gthe�grobustness�gof�gthe�gframework. �gThis�gproposed�gfeature�gfusion�gprovides�g
a�gmore�grobust�gstress�gclassification�gneuromarker,�gwhich �gcan�geffectively �gcover�gthe�gbrain�gdynamics�gfor�gaccurate�g
reporting �gof�gthe�gunderlying �gmental�gstate.

Introduction

Stress�gamong�gstudents�gis�gincreasing�gdue�gto�gacademic�gdemands.�g
High�gexpectations�gfor �gacademic�gachievement�gand�guncertainty �gabout�g
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academic�gprogress�gnegatively�gaffect�gthe�gstudent's�gcognitive �gabilities. �gIts�g
accurate�gand�gefficient �gidentification �gof�gstress�gis�gimportant �gfor �gmaintain-
ing�gstudents'�gacademic�gperformance�gand�gmental�gwell-being. �gWithout �g
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an�geffective�gcoping�gmechanism�gand�glead�gto�glong-term �gstress�gand�gother�g
mental�gdisorders.�gAccording�gto�gsome�greports,�gthe�gnumber�gof�gstudents�g
facing�gstress�gdue�gto�gexam�gpressure�gand�gacademic�gburden�gis�gincreasing�g
every�gyear�g(Bouchrika,�g2024).�gStress�gis�greported�gsubjectively�gusing�g
traditional �gmethods�gsuch�gas�gself-report�gand�gquestionnaires.�gHowever,�g
the�gsubjective�gself-assessment�gis�ghighly �gbiased�gtowards�gthe�greport-
ing�gmethod,�gand�gemotional �gand�gbehavioral�gstates�gof�gthe�greporting �g
person�g(Bolton�get�gal.,�g2023).�gWith �gthe�gadvancement�gin�gneuroscience�g
and�gbrain �gstudies,�gscientists�gcan�gstudy�gthe�gcomplex�gbrain �gnetworks�g
using�gnon-invasive�gtechniques.�gBrain�gsignals�gof�gvarious�gkinds�greflect�g
the�gactivities �gof�gthe�gcentral�gnervous�gsystem,�gproviding �ga�greliable �gway�g
to�gstudying�gthe�gevoked�gfunctions�g(Chen�get�gal.,�g2022).�gThese�gsignals�g
have�gbeen�gused�gto�gclassify�gvarious�gpsychological�gconditions, �gsuch�gas�g
emotion�grecognition, �gdepression�gand�gmotor �gimagery,�gincluding �gstress�g
in�gstudents�g(Huckins�get�gal.,�g2020).�gThe�gearly�gand�greliable �gidentification �g
of�gstress�gcan�ghelp�gprovide �gpersonalized�gtreatment�gand�gthus�gimprove �g
academic�gproductivity.

Neuroimaging�gis�ga�gpowerful �gfield �gthat �ghelps�gunderstand�gthe�gfunc-
tions�gof�gthe�gbrain �gand�gthe�gcomplex�gnetwork �gusing�gnon-invasive�gtech-
niques.�gAmong�gthe�gvarious�gtechniques,�gElectroencephalography�g(EEG)�g
stands�gout�gto�gbe�gone�gof�gthe�gsensitive�gmethod�gwhich �gcaptures�gthe�gunder-
lying �gelectrical �gactivity �gwith �ghigh�gtemporal�gresolution. �gThis�gelectrical �g
activity �gis�gthe�gresult�gof�gpostsynaptic�gpotentials�goccurring �gin�gthe�gcortical �g
regions�g(Botvinik-Nezer �g&�gWager,�g2023).�gEEG�ghas�gbeen�ga�gcutting-edge�g
technique�gfor �gstudying�gneural�gresponses�gbecause�gof�gits�gnon-invasive�g
nature.�gThe�gbrain �goperates�gunder�gnatural �gphenomena�gand�gcan�gexhibit �g
different �gproperties�gwhen�grecorded�gthrough �gvarious�grepresentations.�g
These�gdifferent �grepresentations�gare�gtypically �gknown �gas�gNeuroimaging�g
modalities. �gA�gfew�gof�gthem�gare�gEEG,�gfunctional �gMagnetic�gResonance�g
Imaging�g(fMRI), �gPositron�gEmission�gTomography�g(PET),�gand�gMagnetoen-
cephalography�g(MEG).�gThese�gmodalities �gcapture�gdistinct �gaspects�gof�gthe�g
brain. �gDue�gto�gits�ghigh�gtemporal�gresolution, �gEEG-based�gsignals�ghave�gbeen�g
used�gto�gstudy�gemotional �gand�gpsychological�gconditions. �gIt �ghas�gvarious�g
types�gof�gfeatures�gthat �ggive�ginformation �gabout�gunderlying �gproperties.�gThe�g
quantitative �gmeasure�gthat �gcontains�ginformation �gabout�gsignals�gand�gbrain �g
activity �gis�gcalled�gan�gEEG�gfeature.�gThere�gare�gvarious�gkinds�gof�gfeatures�g
that �ggive�gdistinct �gviews�gabout�gthe�gneural�gactivities. �gFor�gexample,�gTime-
domain�gfeatures�gin�gEEG�ggive�ginformation �gabout�gthe�gtemporal�gdynamics�g
of�gthe�gbrain. �gFrequency-based�gfeatures�gdescribe�ghow�gvarying �gbrain �g
activity �gproduces�ga�grange�gof�gfrequencies�gexhibiting �gdistinct �gproperties.�g
Dynamic�gand�gstatic�gconnectivity �gfeatures�ggive�ginformation �gabout�gthe�g
network �gof�gthe�gbrain �gand�gits�ginteraction �gwith �gother�gregions.

The�gEEG�gfeatures,�gwhen�gused�gstandalone,�ggive�gprofound �ginformation �g
about�gthe�gnature�gof�gneuronal�gactivities. �gIt �gcan�ghelp�gvisualize�gbrain �g
performance�gwhen�gunder�gvarious�gconditions, �gsuch�gas�gin�grest,�gexperi-
encing�ga�gstrong�gmental�gtask�gor�gunder�gmental�gdisorders.�gHowever,�gstress�g
recognition �gremains�ga�gchallenging�gtask�gdue�gto�gthe�gcomplex�gdynamics�gof�g
the�gbrain. �gThe�gsimultaneous�gchanges�gin�gits�gtemporal,�gspectral�gand�gcon-
nectivity �gpatterns�gare�gdifficult �gto�gcapture�gby�gthe�gexact�grepresentation�gof�g
the�gunderlying �gphenomenon�gusing�gany�gsingle�gfeature�gor�gmodality. �gThese�g
features�gfail �gto�grepresent�gthe�gholistic �gnature�gof�gcomplex�gbrain �gdynamics�g
and�gfunctioning �gwhen�gused�gindividually. �gTherefore,�git �gis�gessential�gto�g
understand�gthe�grelationships�gbetween�gthese�gmodalities. �gMulti-model �g
fusion�ghas�gemerged�gas�ga�gpromising �gstrategy�gto�gincorporate �ginformation �g
from �gmultiple �gmodalities �gto�gimprove �gaccuracy�g(Chen�get�gal.,�g2022).�g
However,�gthis�gfusion�gcomes�gwith �gchallenges�g(Liu�get�gal.,�g2023).�gOne�g
of�gthese�gchallenges�gis�gwhat �gfeatures�gto�gfuse�gtogether�gto�gmaximize�gthe�g
discrimination �gand�gvariety �gof�ginformation. �gThe�ganswer�gto�gthis�gdepends�g
upon�gthe�ggoal�gof�gfusion.�gSo�gthe�gappropriate �gselection�gof�ga�glimited �g
yet�gdiscriminating �gset�gof�gfeatures�gthat �galso�gcapture�gmost�gof�gthe�gbrain �g
changes�gis�gimportant. �gIn�grecent�gstudies,�gmost�gfusion�gframeworks�grely �g
on�gredundant�gfeatures,�gwhich �gdo�gnot�gconsider�geffective�ginterplay �gbe-
tween�glinear, �gnon-linear �gand�gtemporal�gneural�gmechanics.�gConsequently,�g
though�ga�gmoderate�glevel�gof�gperformance�gis�gachieved,�gthe�gunderlying �g
neural�gsignatures�gfor �gpsychological�gdisorders�glike �gstress�gare�gnot�gfully �g
understood.

Another�gissue�gis�ghow�gto�gfuse�gthese�gfeatures.�gOne�gof�gthe�gissues�g
regarding�gfusion�gis�greported�gby�gDuan�get�gal.�g(2024),�gi.e.�gdimension�g
inconsistency.�gDifferent �gmodalities �gcan�gbe�gfused�gat�gthe�gfeature-level�g
(also�gknown �gas�gearly�gfusion)�gand�gdecision�glevel�g(also�gknown �gas�glate�g
fusion)�g(Zhang�get�gal.,�g2020).�gThe�gfeature-level�gfusion�gaccommodates�g
heterogeneous�gfeature�gsets�gbut�gis�gfollowed �gby�gfeature�greduction, �gwhich �g
leaves�gdata�gsufficient �gfor �ganalysis.�gFor�gdecision-level�gfusion,�ga�gvoting �g
rule�gis�gapplied�gto�gthe�gfinal �gdecisions�gproduced�gby�geach�gmodality.

To�gaddress�gthese�gchallenges,�ga�gfusion�gframework �gthat �gaims�gto�gcap-
ture�gall �gthe�gimportant �gaspects�gof�gthe�gbrain �gthat �gare�gaffected�gby�gstress�gis�g
presented�gin�gthis�gresearch.�gAn�gattention-based�gfusion�gfor �gMicrostates�gis�g
proposed,�gusing�gGranger�gCausality�gand�gtransfer�gentropy.�gThe�gattention-
fusion-based�gfeature-level�gfusion�gmethod,�ginstead�gof�gconcatenating�gall �g
features,�gselected�gappropriate �gfeatures�gusing�gattention. �gAmong�gall �gthe�g
features,�gthe�gattention-based�gmodel�gselects�gand�gassigns�ghigh�gweights�gto�g
the�gmost�grelevant�gand�ginformative �gfeatures.�gIn�gthis�gway,�gredundancy�g
is�greduced�gand�gonly �guseful�gfeatures�gfrom �geach�gmodality �gset�gare�gfor-
warded.�gThe�grationale �gbehind�gselecting�gthese�gparticularly �gdistinct �gyet�g
complementary�gcharacteristics�gis�gas�gfollows:

• Microstates�grepresent�ga�gquasi-stable�gbrain �gimage�gthat �gprovides�g
temporal�gabstraction�gof�gthe�gunderlying �gcognitive �gprocess.

• Granger�gCausality�gquantifies�gthe�glinear �gdirected�gconnectivity �gbe-
tween�gsignals.�gIt �gis�gthe�gmeasure�gof�gpredictability �gfrom �gone�gsignal�g
to�ganother.�gHow�gstress�gmodulates�gthe�gconnectivity �gis�greflected�gin�g
this�gstudy�gusing�gGranger�gCausality.

• Transfer�gEntropy�gis�ga�gnon-linear �gmeasure�gof�gdirected�ginformation �g
flow �gbetween�gsignals,�gcapturing �gimportant �ginterdependences�gand�g
information �gtransfer�gduring �gstress�gresponse.

Microstate�ganalysis�ghas�gbeen�gemerging�gas�gthe�glatest�gway�gto�gstudy�g
the�gresting-state�gdynamics�gof�gthe�gbrain. �gIt �ghas�gbeen�gused�gto�gana-
lyze�gpsychological�gdisorders�g(S�gA�get�gal.,�g2024;�gTerpou�get�gal.,�g2022).�g
However,�gTask-based�gMicrostate�gextraction �ghas�gnot�gyet�gbeen�gexplored�g
by�gresearchers.�gThis�gstudy�gaims�gto�gderive�ga�gnew�gset�gof�gdata-driven�g
Microstates�gthat �gcan�gprovide �gtemporal�gimages�gof�gthe�gbrain �gwhen�gex-
periencing�gstress.�gThis�ggoal�gis�gsupported�gby�gthe�gfact�gthat �gthe�gdynamics�g
of�gresting-state�gand�gtask-based�gstress�gare�gdistinct �gand�gprovide �gdis-
tinct �ginformation. �gTherefore,�ga�gnew�gway�gto�gexplore�gMicrostates�gfor �g
mental�gstress�gis�gproposed.�gBy�gfusing�gheterogeneous�gfeatures�gvia�gan�g
attention-based�gmechanism,�gthis�gframework �gleverages�gthe�gbrain's�gtem-
poral,�glinear, �gand�gnon-linear �gaspects�gduring �gstress,�gproviding �ga�gmore�g
accurate�grepresentation�gof�gthe�gbrain.

The�grest�gof�gthe�gpaper�gis�gstructured�gas�gfollows: �gSection�g̀̀Literature�g
review'' �gprovides�gan�gextensive�goverview �gof�gexisting�gstudies�gon�gMi-
crostates,�gGranger�gCausality,�gTransfer�gEntropy�gand�grelated�gfeatures�gfor �g
psychological�gdisorders�gclassification,�gas�gwell �gas�gfused�gfeatures.�gThe�g
fusion�gmodel�gis�gexplained�gin�gdetail �gin�gSection�g̀̀ Methods'',�goutlining �g
the�gprocedure�gadopted�gfor �gdata�gpreprocessing.�gFeature�gextraction �gand�g
classification�garchitecture �gis�gexplained�gin�gSection�g̀̀Feature�gextraction''. �g
Section�g̀̀Results�gand�gdiscussion''�gpresents�gthe�gevaluation �gresults�gof�gthe�g
proposed�gmethodology.�gTo�gdemonstrate�gthe�geffectiveness�gof�gthe�gpro-
posed�gfusion�gmodel,�gan�gablation �gstudy�gwas�gcarried�gout�gthat �gcompared�g
the�gperformance�gof�gindividual �gfeature�gsets�gfor �gstress�gclassification�gwith �g
that �gof�gfused�gfeatures.�gThereby�gvalidating �gthe�gcontribution �gof�geach�g
component.�gFinally, �gSection�g̀̀Conclusion''�ginterprets �gthe�gfindings, �gtheir �g
effectiveness�gand�gdiscusses�gthe�gpotential �gfuture �gworks.

Literature �greview

Stress�gis�ga�gubiquitous �gmental�gproblem�gthat �gaffects�gpeople�gof�gevery�g
age�gand�gis�gfaced�gespecially�gby�gstudents�gworldwide. �gStress�gis�ga�gpsycholog-
ical�gdisorder�gthat �geventually �gleads�gto�gother�gmental�gand�gphysical�gissues�g
like �gdepression�g(Aloufi ,�g2021),�gheart�gstroke�gand�gpoor�gsleep�g(Pichandi�g
et�gal.,�g2025).�gAcademic�gstress�gfaced�gby�gstudents�goften�gdisturbs�gthe�gfunc-
tional �gpatterns�gof�gthe�gbrain, �gleading�gto�gpoor�gperformance�gin�gacademia�g
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as�gwell �gas�gdraining �gmental�ghealth�g(Hag�get�gal.,�g2021).�gIt �gis�gimportant �gto�g
prevent�gstress�gand�gits�gnegative�ghealth�goutcomes�g(Malviya �g&�gMal,�g2022).�g
The�gearly�gdetection�gof�gstress�gcan�gprevent�gstudents�gfrom �gsuffering�gfrom �g
learning�gdisabilities �gand�gadverse�gcognitive �gperformance�g(Huckins�get�gal.,�g
2020).

There�gare�gmany�gways�gto�greport �gmental�gstress.�gTraditional �gmeth-
ods�ginvolve �gself-assessment�gand�greporting �gusing�gquestionnaires�gand�g
other�gassessment�gtasks�g(Bolton�get�gal.,�g2023).�gWith �gadvancements�gin�g
neuroscience,�gscientists�gcan�guse�gbrain �gsignals�gto�gstudy�gthe�gbrain �gand�g
its�gcomplex�gregions�gusing�gneuroimaging.�gThese�gphysiological �gsignals�g
are�gmore�gobjective�gand�geffective�gfor �gbetter�ganalyzing�gbrain �gperfor-
mance.�gA�gstressful�gsituation �gproduces�gthe�gstress�ghormones�gthat �gchange�g
bio-electrical �gsignals.�gThese�gfluctuations �gof�gelectrical �gactivity �gcan�gbe�g
captured�gfrom �gthe�gbrain �gin�gthe�gform �gof�gEEG�gsignals.�gThe�gEEG�gsignals�g
capture�gthe�gelectrical �gactivity �gof�gneurons�gin�gthe�gcortical �gregion.�gEEG�gsig-
nals�ghave�ghigh�gtemporal�gresolution, �gwhich �gmeans�gthat �gthey�gcan�gcapture�g
sensitive�gactivities �goccurring �gin�ginfinitesimally �gsmall�gtime �gpoints.�gStress�g
is�goften�greleased�gwhen�ga�ghigher�gactivity �gis�gexperienced�gin�gthe�gprefrontal �g
cortex�g(Vignaud,�g2023).�gThe�gstructural �gview �galso�gmentioned�gthat �gthe�g
stress�gis�gproduced�gby�gthe�gleft �ghemisphere�gof�gthe�gbrain �gBhatnagar�get�gal.�g
(2023).�gThough�git �gfaces�gserious�gartifacts�gand�gmany�gkinds�gof�gnoise,�gEEG�g
is�ga�grobust�gnon-invasive�gtechnique�gthat �gprovides�grich �ginformation �gabout�g
underlying �gactivity �gand�gthus�gmakes�git �gsuitable�gfor �greal-time �gmonitoring �g
and�ganalysis�g(Rashmi�g&�gShantala,�g2023).

EEG�gfeatures

The�gbrain �gsignals�gneed�ga�gquantitative �gmeasure�gto�gobjectivize �gthe�g
reflected�gbrain �gactivity. �gThese�gquantitative �gmeasures�gare�gcalled�gneuro-
markers.�gThey�gserve�gas�gan�gindicator �gof�ghow�gthe�gbrain �gworks.�gNeuro-
markers�gidentified �gfrom �gEEG�gsignals�gare�goften�gderived�gfrom �gmultiple �g
feature�gdomains�gsuch�gas�gtime-based�gfeatures,�gfrequency�gfeatures,�gtime�
frequency�gfeatures,�gnon-linear �gand�gconnectivity �gfeatures�g(Hu�g&�gZhang,�g
2019).�gFor�ginstance,�gbrain �gpatterns�gare�gdepicted�gin�gthe�gform �gof�gmul-
tiple �gfrequency�gbands,�gmainly �gTheta�g(4�8Hz), �gAlpha�g(8�13 �gHz),�gBeta�g
(13�30Hz) �gand�ggamma�g(30�100Hz), �gwhich �gare�gassociated�gwith �gdifferent �g
brain �gstates.�gWith �gthe�ghelp�gof�gpower�gdistribution �gacross�gthese�gbands,�g
scientists�gbelieve�gthat �gstress�gis�goften�grelated�gto�gincreasing�gbeta�gbands�g
and�glowering �galpha�gbands�g(Bakare�get�gal.,�g2024).�gLokesh�get�gal.�gquan-
tified �gvarious�gfrequency�gbands�gextracted�gfrom �gthe�gphysioNet�gdataset�g
to�gclassify�gstress�gand�gnon-stress�gconditions �gand�gachieved�gan�gaccuracy�g
of�g99.20%�g(Malviya �g&�gMal,�g2022).�gSimilarly, �gusing�gthe�gpower�gratios�g
between�galpha,�gbeta�gand�gtheta�gbands,�gRajendran�get�gal.�gfound�gthat �gthere�g
is�ga�grise�gin�garousal�gindex,�gcognitive �gattention �gand�gneural�gactivity �gafter�g
performing �gstressful�gexaminations�g(Rajendran�get�gal.,�g2022).�gAnother�g
similar �gwork �gfor �gstress-based�gclassification�gis�gdone�gby�gArsalan�get�gal.�g
(2019).�gTime�frequency �gfeatures�gcombine�gboth�gtime �gand�gfrequency�g
information �gof�gsignals.�gThe�gtime�frequency �gfeatures�grepresented�gin�g
2-D�gspectrograms�gare�galso�ghelpful �gto�gdetect�gcognitive �gload,�gwhich �g
corresponds�gto�gmental�gstress�g(Yedukondalu�get�gal.,�g2024).

Connectivity�gEEG�gfeatures

Stress�gincreases�gcognitive �gperformance,�gwhich �gresults�gin�gnon-linear �g
and�gcomplex�gbehavior�gof�gEEG�gsignals.�gThese�gnon-linear �gbehavior�gre-
quires�gsensitive�gmeasures�gfor �gtheir �gcorrect�gestimation.�gThese�gmeasures,�g
including �gApproximate �gEntropy,�gLempel�Ziv �gComplexity �gand�gHiguchi's �g
Fractal�gDimension�g(HFD),�gare�guseful�gto�gstudy�gcomplex�gnon-linear �gEEG�g
signals�g(Javaid�get�gal.,�g2024).�gFor�ginstance,�g(Cheng�get�gal.,�g2019)�gused�g
these�gfeatures�gfor �gneural�gremodeling�gof�gthe�gbrain �gand�gfound�gthat �gthese�g
non-linear �gfeatures�gare�ghelpful �gfor �gfunctional �grecovery.

Stress�gis�gnot�gproduced�gin�gan�gisolated�gregion�gof�gthe�gbrain; �grather,�gcom-
plex�gemotions�gare�gproduced�gby�gthe�gcommunication �gbetween�gmultiple �g
regions,�gthus�gcreating�ga�gnetwork-level �gmechanism.�gWhere�gtraditional �g
time �gand�gfrequency�gdomain�gfeatures�gonly �gcollect�gthe�ginformation �gfrom �g
a�glocalized�gregion,�gthey�goften�gfail �gto�grepresent�gthe�ginteractions �gand�g
communication �gof�gthe�gvast�gbrain �gnetwork. �gDuring �ga�gcomplex�gbrain �g
activity, �gsuch�gas�gwhen�gmultiple �gregions�gof�gthe�gbrain �gcommunicate�gand�g

interact �gwith �geach�gother,�gthese�gconnectivity �gpatterns�ggive�gimportant �g
details�gabout�gcognitive �gprocesses�gand�gsensory�gbehaviors.�gThe�gbrain �g
connectivity �gpatterns�gcan�gbe�gstudied�gin�gthree�gdistinct �gways�g(Chiarion �g
et�gal.,�g2023):�gStructural�gconnectivity�gpresents�gthe�ganatomical�gpathways�g
of�ginformation �gflow. �gFunctional�gConnectivity�ggives�gthe�gstatistical�grela-
tionship �gbetween�gbrain �gregions.�gThe�gEffective�gConnectivity�gdescribes�gthe�g
directional �gand�gcausal�glink �gbetween�gmultiple �gparts�gof�gthe�gbrain.

Functional�gconnectivity �gis�gdefined�gas�gthe�gstatistical�ginterdependence�g
of�gspatially �gdistant�gneuronal�gregions,�gusually�gmeasured�gby�gPearson's�g
correlation, �gcoherence�gand�gPhase�gLocking�gValue�gPLV�g(Cao�get�gal.,�g2022).�g
Higher�gvalues�gof�gcorrelation �grepresent�ga�gmore�grobust�grelationship �gbe-
tween�gthe�gcorresponding�gEEG�gsignals.�gFor�gthe�gtask�gof�gmotor-imagery �g
classification,�gthe�gdynamic�gfunctional �gconnectivity �gof�gthe�gbrain �gex-
tracted�gfrom �ga�gshorter�ginterval �gof�gtime �gis�gused�gand�gachieves�gthe�gaccuracy�g
of�g85.5%�g(Shamsi�get�gal.,�g2021).�gA�gstudy�gproposed�gan�ginteresting �gmethod-
ology�gin�gwhich �ga�gperson's�gmental�gworkload �glevel�gis�ganalyzed�gusing�g
functional �gconnectivity �ganalysis�gof�gobtained�gMicrostates,�gwith �ggraph-
theory-based�ganalysis�gfor �geach�gfrequency�gband.�gThe�gauthors�gwere�gable�g
to�gachieve�gan�gaccuracy�gof�g95.3%�g(Yedukondalu�get�gal.,�g2024).�gInstead�gof�g
classifying�gthe�gsignals�gdirectly �gbased�gon�gPLV�gvalues�gbased�gon�gfunctional �g
connectivity �gmatrices,�gauthors�gof�gZhang�get�gal.�g(2023)�gdeveloped�ga�gset�g
of�gnew�gdistance-based�gmatrices�gto�gcombine�gstatistical�gand�gfrequency�g
domain�ginformation. �gThe�ghighest�gaccuracy�gamong�gthese�gdistance�gmet-
rics�gwas�gobtained�gto�gbe�g84%�gfor �gthe�gdelta�gband,�g83.96%�gfor �gthe�galpha�g
and�g83.56%�gfor �gthe�gbeta�gband�gfor �gthe�gtask�gof�gemotional �grecognition. �g
But�gthese�gsimpler�gmethods�gcome�gwith �glimitations. �gPearson's�gcorrelation �g
value�gonly �gcaptures�gthe�glinear �glink.

Stress-based�gEEG�gsignals�grequire�ga�gmore�gnonlinear �gapproach�gthat �g
considers�gmutual �ginformation �gand�gdirect �ginterdependencies�gbetween�g
two �gor�gmore�gbrain �gregions.�gAlthough �gcross-correlation�gfunctions�ghave�g
been�geffective�gin�gstudying�gundirected�ginteraction, �gboth�gcorrelation �gand�g
mutual �ginformation �glose�gtemporal�gdependencies�gof�ga�gsignal�gas�gthey�g
measure�gthe�gconnectivity �girrespective�gof�gthe�gtime �gthe�gsignal�goccurred.�g
Effective�gconnectivity �ganalysis�gindicates�gthe�gcausal�gor�gdirective �glink �g
between�gthese�gregions,�gwhich �gis�gnot�gcaptured�gby�gfunctional �gconnec-
tivity. �gAnd�gthese�gdirective �glinks �gand�gmutual �ginformation �gsharing�gare�g
effective�gfor �gclassification.�gFor�gexample,�ga�gstudy�gextracted�gvarious�g
kinds�gof�gfeatures,�gincluding �gPhase-locking�gvalue,�gPermutation�gEntropy,�g
Mutual �gInformation �gand�gSpectral�gEntropy,�gand�gfound�gthat �gthe�ghighest�g
discriminative �gresults�gwere�ggiven�gby�gMutual �gInformation �gMI �gand�gEn-
tropy �g(Goenka�get�gal.,�g2022).�gOne�gstudy�gfound�gthat �ginformation �gtransfer�g
is�ggreater�gin�gthe�galpha�gband�gwhen�geyes�gare�gclosed�gthan�gwhen�geyes�g
are�gopen�g(Restrepo�get�gal.,�g2023).�gElectromagnetic�gSource-Imaging�gESI�g
estimates�gthe�gneural�gactivity �gfrom �gthe�gsurface�gof�gthe�gbrain. �gThe�gauthors�g
of�gSohrabpour�get�gal.�g(2016)�gare�gconvinced�gthat �gcombining �gESI�gwith �gdi-
rected�gGranger�gCausality�greduced�gthe�geffect�gof�gvolume�gconduction�gthat �g
effectively �gdetermines�gthe�gbrain �gregions�ginvolved �gin�gMotor �gImagery.�gThe�g
research�gaccounts�gfor �ginformation �gtransfer�gin�ginter-hemispheric �gregions�g
using�gtransfer�gentropy.

Methods�glike �gGranger�gCausality�gare�gused�gto�gassess�ghow�gthe�gpast�gval-
ues�gof�ga�gsignal�gcan�gpredict �gthe�gfuture �gvalues�gof�ganother�gsignal.�gGranger�g
Causality�gconsiders�gthat �gthe�gsignals�gare�gstationary. �gMany�guseful�galgo-
rithms �ghave�gbeen�gproposed�gto�ghandle�gthe�gissue�gof�gnon-stationarity �gin�g
EEG�gsignals.�gFor�gexample,�gZhang�get�gal.�gused�gtime-varying �gdirected�gnet-
work �gspectrum�gobtained�gfrom �gcausal�glinks �gusing�gGranger�gCausality�g(Yi�g
et�gal.,�g2024).

Similar �gto�gGranger�gCausality,�ga�gmodel-free�gmethod�gto�gfind �gthe�g
directed�glinks �gbetween�gsignals�gis�gtransfer�gentropy.�gIt �gis�gbased�gon�gdelayed�g
interaction �gbetween�ga�gcause�g(predicting �gsignal)�gand�geffect�g(predicted �g
signal)�gusing�ginformation �gtheory.�gIt �gcaptures�gnon-linear �gforms�gwhich �g
are�goverlooked�gby�glinear �gapproaches�glike �gGranger�gCausality�g(Bastos�g&�g
Schoffelen,�g2015).�gAn�geffective�gstudy�gwas�gconducted�gby�gGao�gZ.�get�gal.�gin�g
which �gTransfer�gEntropy�gwas�gused�gto�gfind �gthe�gdirected�glink �gbetween�gEEG�g
and�gEMG�gfor �gmotor-cortex �gimagery�g(Guo�get�gal.,�g2022).�gWith �gthe�ghelp�g
of�ginformation �gtransfer,�gTransfer�gentropy�gis�gused�gto�gsee�gthe�gregulatory �g
patterns�gintroduced �gby�gmedication �gon�gParkinson's�gdiseases�g(Zhu�get�gal.,�g
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2025).�gAnother�gstudy�gwhich �gcombined�gTransfer�gEntropy�gand�gGranger�g
Causality�gwith �gtheir �grespective�gHistogram�gof�gOriented�gGradients�g(HOG)�g
images.�gHOG�gis�gthe�ggraphical�grepresentation�gof�gchannel-to-channel�gcon-
nectivity. �gA�gvast�gamount�gof�ggradient-based�gfeatures�gare�gpresent�gin�gthis�g
graphical�gimage.�gThe�gauthors�gof�gGao�get�gal.�g(2020)�gcombined�gTransfer�g
Entropy�gand�gGranger�gCausality�gwith �gits�gHOG�gand�gobserved�gabout�g12%�g
of�gclassification�gaccuracy�gimprovement. �gHowever,�gno�gfusion�gof�gthe�gtwo �g
modalities �gwas�gmade�gto�gsee�gtheir �gcombined�geffect.

Spatial�gfeatures

Spatial�gconfiguration �gof�gbrain �gactivity �gis�galso�ghelpful �gto�gkeep�gtrack�g
of�gneural�gactivities �gover�gtime. �gSpatial�gMicrostates�ggive�gunique�gconfig-
uration �gof�gbrain �gtopomaps�gwhich �gremain�gstable�gfor �ga�gbrief �gperiod�gof�g
time. �gThe�gtemporal�gevolution �gof�ginstantaneous�gscalp�gpotential �gtopog-
raphy�ggives�ga�glong-range�gconnectivity �gpattern�gof�ga�gnetwork. �gRecently,�g
researchers�ghave�gbeen�gusing�gMicrostate�gpatterns�gas�ga�gtool �gto�gdiagnose�g
chronic�gcognitive �gdiseases�g(Li�get�gal.,�g2023).�gMicrostates�gare�gsmall�gquasi-
stable�gstates�gof�gthe�gbrain �gwhich �ggive�gdense�ginformation �gabout�gspatial�g
organization, �gtemporal�gdynamics�gand�gpatterns�gthat �gchange�gafter�gan�g
external�gstimulus.�gMicrostates,�gfirst �gproposed�gby�gLehmann�get�gal.�gis�gan�g
interesting �gproperty �gthat �gsays�gthat �gsignificant �ginformation �gof�gentire�g
temporal�gpatterns�gcould�gbe�grepresented�gby�ga�gfew�gmaps�g(Koenig�get�gal.,�g
2024).�gInitially, �gMicrostate�ganalysis�gwas�gcarried�gout�gin�gthe�gresting�g
state�gonly. �gCanonical�gmicrostates,�goften�glabeled�gA,�gB,�gC,�gand�gD,�grep-
resent�gstable�gpatterns�gcommonly�gidentified �gin�gresting-state�gEEG�gand�gare�g
thought �gto�gcorrespond�gto�gfundamental�gcognitive �gand�gsensory�gnetworks.�g
However,�grecent�gstudies�ghave�gused�gMicrostates�gfor �gthe�grapid �gdetection�g
of�gbrain �gdisorders�g(S�gA�get�gal.,�g2024).�gOne�gstudy�gextracted�gabout�g5�g
Microstates�gfrom �gresting-state�gEEG�gsignals�gof�gmajor�gdepressive�gdisorder�g
MDD�gsignals�g(Li�get�gal.,�g2023).�gBased�gon�gclassification,�gthe�gauthors�gcan�g
analyze�gthe�gtemporal�gpatterns�gof�gMicrostates�gin�gdepression�gby�gachieving�g
an�gaccuracy�gof�g89.09%.�gAlso,�ga�gvarying �gnumber�gof�gMicrostates�gextracted�g
from �gresting�gstate�gsignals�gcorresponds�gdirectly �gto�gthe�gResting�gState�g
Network �gRSN�gof�gthe�gbrain �gMichel �gand�gKoenig�g(2018).�gMicrostates,�galong�g
with �gdrug�gconcentration�gresponse�gtowards�gbehavioral�gconsciousness,�g
also�gplayed�gan�gimportant �grole�gin�gstudying�gthe�galterations�gin�gconscious�g
state�gafter�gtaking �ganaesthesia�g(Liu�get�gal.,�g2022).

Most�gof�gthe�gexisting�gstudies�grely �gon�gpre-defined�gcanonical�gstates
(Haydock�get�gal.,�g2025).�gThe�gdata-driven�gMicrostates�gextend�gthe�guse�g
of�gmicrostates�gto�gdetect�gadaptability �gto�gindividual- �gand�gtask-based�g
variability �g(Han�get�gal.,�g2025).�gIt �ghas�gallowed �gus�gto�gidentify �gand�gstudy�g
specific�gcognitive �gimpairment �glike �gAttention-Deficit �gHyperactivity �gDis-
order�g(ADHD)�gthrough �gspecific�gsyntax�gof�gMicrostates�g(Alves�get�gal.,�g
2022).

An�gattempt�gwas�gmade�gto�gclassify�gtask�gand�gresting-state�gsignals�gbased�g
on�gMicrostates�g(Kim�get�gal.,�g2021).�gThe�gauthors�gextracted�gMicrostates�g
from �gtask-based�gand�gresting�gstate�gsignals.�gAbout�gfour �gcanonical�gstates�g
were�gextracted�gfrom �geach�gtype�gof�gsignal.�gOn�gthe�gbasis�gof�gextracted�g
time-based�gfeatures�gsuch�gas�goccurrence�gand�gmean�gduration, �gthe�ghighest�g
area�gunder�gthe�gcurve�gon�greceiver�goperating�gcurve�g(ROC)�gplot �gwas�g
achieved�gwith �ga�gvalue�gof�g0.831.�gMicrostates�gextracted�gfrom �gfrequency�g
bands�galso�greflect�gcomparable�gresults.�gOne�gstudy�ginvestigates�gthat �gmotor �g
imagery�gtasks�gshow�ga�gprominent �ginfluence�gon�gMicrostates�gextracted�g
from �gthe�galpha�gband�gXiong�get�gal.�g(2025).�gSimilarly, �gthe�galpha�gband�g
also�gshowed�gthe�gclassification�gresults�gof�g76%�gfor �gthe�gclassification�gof�g
Microstate-based�gpost-traumatic �gstress�gdisorder�g(Terpou�get�gal.,�g2022).

Feature-fusion

Despite�gthe�gextensive�gwork �gdone�gon�gaccurate�gfeature�gfusion�gof�gmul-
tiple �gEEG�gfeatures,�ga�gprimary �glimitation �gis�gthe�glack�gof�gcomprehensive�g
fusion�gof�gbetween�gmodalities. �gA�gjoint �gneural�gfeature�gset�gfor �gemotion�g
recognition �gwas�grevealed�gby�gstudying�gEEG�gbased�gMicrostates�gtempo-
ral�gfeatures�gand�gFNIRS�gbased�gspatial�gpatterns�gleveraging�gmultimodal �g
feature�gfor �geffective�gneuromarkers�g(Si�get�gal.,�g2024).�gBut�gthis�gmethod�g
does�gnot�gexplicitly �gfused�gboth�gfeature�gsets.�gWhile �gMicrostates�ginherently �g
capture�gspatio-temporal�gfeatures,�gtheir �gintegration �gwith �gother�gtime-

domain,�gfrequency-domain�gand�gvarious�gkinds�gof�gconnectivity �gfeatures�g
remains�gunexplored.�gAnother�gcritical �ggap�gis�gthe�gextraction �gof�gstress-
based�gdata-driven�gMicrostates.�gThis�ggap�gis�gsupported�gby�gthe�gfact�gthat �g
brain �gdynamics�gchange�gto�ga�ggreater�gextent�gwhen�gunder�gany�gheavy�g
mental�gworkload, �gas�gcompared�gto�gthe�gresting�gstate�gbrain �gnetwork.

Recently,�ga�gtechnique�gnamed�gDeep�gCanonical�gCorrelation �g(DCC)�ghas�g
been�gused�gto�gintegrate�gfeatures�gfrom �gmultiple �gmodalities �gsuch�gas�gEEG�g
and�geye�gmovement�g(Qiu�get�gal.,�g2018).�gThis�gtechnique�gcombines�gthe�g
features�ginto �ga�gunified �gspace�gand�gmaximizes�gthe�gcorrelation �gto�gperform �g
feature-level�gfusion.�gCNN�gand�gself-attention �gare�gused�gby�gMa�get�gal.�g(2024)�g
to�gencapsulate�gthe�gtemporal�ginformation �gfrom �gmulti-model �gEEG�gsignals,�g
along�gwith �gcovering�gthe�gglobal�gdependencies�gbetween�gthem�gextracted.�g
The�glimitation �gin�gexisting�gstudies�gshows�gthat �gsingle-domain�gfeatures�g
might �gnot�gfully �gcapture�gthe�gmultifaceted �gnature�gof�gphysiological �gre-
sponses.�gSeveral�gstudies�gare�gfocused�gon�gusing�gonly �ga�glimited �gnumber�g
of�gfeatures�gfrom �gmultiple �gsets�gafter�gcombining �gthem�g(Swapnil�get�gal.,�g
2024).�gFor�gexample,�gthe�gauthors�gof�gHag�get�gal.�g(2021)�gare�gconvinced�g
that �gfusing�gtime, �gspectral�gand�gconnectivity-based�gfeatures�gcan�gperform �g
better�gin�gclassifying�gstress�gvs�grelax�gstates.�gThe�gfeatures�gextracted�gfrom �g
time �gdomain�gfeatures,�gsuch�gas�gkurtosis,�gskewness,�gpeak-to-peak�gampli-
tude,�gHjorth, �gfrequency�gfeatures�gextracted�gfrom �gfrequency�gbands�gand�g
connectivity �gfeatures�gextracted�gusing�gphase-locking�gvalue,�ggive�ga�gtotal �g
of�g210�gfeatures,�gfrom �gwhich �gonly �goptimum �gmulti-domain �gfeatures�g(a�g
total �gof�g68)�gwere�gused�gfor �gclassification.�gAnother�gmulti-model �gfusion�g
model�gis�gdeveloped�gby�gChen�get�gal.�g(2022)�gfor �gfusing�gEEG�gsignals�gwith �g
other�gperipheral �gphysiological �gsignals�gPPS�gsuch�gas�gEMG,�gand�gproved�g
that �gmulti-model �gfusion�ggives�gsignificant �gperformance�gimprovements�gin�g
classifying�gstress�gbased�gon�gvalence�gand�garousal.

EEG�gfeatures�ghave�galso�gbeen�gcombined�gwith �gother�gphysiological �g
signals,�gsuch�gas�gthe�gElectrocardiogram�g(ECG)�gsignals.�gThe�gproposed�g
solution �geffectively �gfused�gtime �gseries�gof�gboth�gmodalities �gon�gthe�gba-
sis�gof�gtime�frequency �gridge�gmapping�g(Bahador�get�gal.,�g2021).�gAnother�g
unique�gapproach�guses�gthe�gGranger�gCausality�gconnectivity �gpattern�gto�g
quantify �gthe�gcausal�gconfigurations �gbetween�gEEG�gchannels�gusing�gtrans-
fer�gentropy�g(Ramakrishna�get�gal.,�g2021).�gThe�gauthors�gdeveloped�gan�g
emotional �grecognition �gmethod�gusing�gthis�gGranger�gCausality-Transfer�g
Entropy-based�gmethod�gand�gachieved�gan�gaccuracy�gof�gabout�g90%.

Structural �gand�gfunctional �gfeatures�ghave�ginconsistent�gfeature�gdimen-
sions.�gIt �gis�gimportant �gto�gfuse�gthem�gin�ga�gway�gthat �gno�ginformation �gis�glost.�g
To�gaddress�gthis�gproblem,�gan�geffective�gmethod�gfor �gfeature�gcombining �gand�g
selection�gis�gproposed�gby�gYang�get�gal.�g(2018).�gThe�gstructural �gpatterns�gare�g
constructed�gfrom �gthe�gcortical �gand�gsubcortical�gregions�gof�ginterest.�gSim-
ilarly, �gthe�gfunctional �gconnectivity �gmatrix �gis�gextracted�gusing�gPearson's�g
correlation �gcoefficient �gbetween�gthe�gmean�gtime �gcourses�gof�geach�gpair �gof�g
Regions�gof�gInterest�g(ROIs).�gThe�gfeature�greduction �gframework �gpreserves�g
inter-modality �grelationships�gand�gachieves�gan�gaccuracy�gof�g84.91%.

A�ghybrid �gpool�gof�gfeatures�gcollected�gfrom �gthe�gtime �gdomain�gand�g
wavelet-based�gbandwidth-specific �gfeatures�gis�gused�gfor �gclassification
(Hasan�g&�gKim,�g2019).�gA�gframework �gthat �granks�gthe�gfeatures�gon�gthe�gbasis�g
of�grelevance�ginstead�gof�gconsidering�gthe�gentire�gpool�gis�gproposed.�gThe�g
fusion�gimproved �gthe�gaccuracy�gup�gto�g73.38%.�gAkhand�get�gal.�gimproved �gthe�g
accuracy�gof�gemotion�grecognition �gby�gfusing�gConnectivity �gFeature�gMaps�g
(CFMs)�gfrom �gmultiple �gfeatures,�gsuch�gas�gPearson�gCorrelation �gCoefficient�g
(PCC),�gMutual �gInformation �g(MI), �gTransfer�gEntropy�gand�gPhase-Locking�g
Value�g(PLV)�gusing�gConvolutional �gNeural�gNetwork �g(CNN)�gand�gfound�gthat �g
a�gfused�gset�gof�gCFMs�ggives�gbetter�gresults.�gAmong�gall �gbinary �gfusions,�gPVL�g
and�gMI �ggive�gthe�ghighest�gaccuracy�gof�g90.71%�gfor �gvalence�gand�g91.15%�g
for �garousal.�gThe�gfeature-level�gfusion�gis�gperformed�gby�gfusing�gthe�gupper�g
and�glower �gtriangles�gof�gthe�gCFM's�gmatrix.

The�gexisting�gliterature �gsuggests�gthat �gsingle-modal�gfeatures�gare�goften�g
insufficient, �gand�gintegrating �gthem�gcan�glead�gto�gsignificant �gimprovements�g
in�gclassification�g(Pillalamarri �g&�gShanmugam,�g2025).�gThe�gtransition �gfrom �g
single-feature�ganalysis�gto�gmultimodal �gfeature�gfusion�gmarks�ga�gcrucial �g
advancement�gin�gdeveloping�ghighly �gaccurate�gand�greliable �gEEG-based�g
stress�gclassification�gsystems.�gTable�gTable�g�g1�ggives�ga�gdetailed�gcomparison�g
between�gmultiple �gfeature�gextraction �gstudies.
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Table �g1
Literature �greview�gfor�gfeature�gfusion�gtechniques�gfor�gEEG�gbased�gsignal�gclassification.

�gRef Domain Features Classifier Task Accuracy

�g
Hag�get�gal.�g(2021)

Time-domain Kurtosis,�gskewness,�gpeak-to-peak�g
amplitude, �gHjorth

SVM Stress

81.4% �g

�g Frequency-Domain Delta,�gtheta,�galpha,�gsigma,�gbeta 80% �g
�g Connectivity PLV 88% �g
�g Fusion Feature-Level�gFusion 93.3% �g
�g

Chen�get�gal.�g(2022)
EEG Channel-level�gtime-space�gand�g

frequency-space�ggraph�gsequence.
Attention �g
Recurrent�gGraph�g
Convolutional �g
Network

Emotion�g
Recognition

87.61% �g
�g Peripheral�g

physiological �gsignals
� �g

�g Fusion Data-Level�gFusion 92.50% �g
�g

Yang�get�gal.�g(2018)
Structural�gFeatures Cortical�gROIs Hierarchical �g

feature�g
reduction

Major�gdepression
81.4% �g

�g Functional�gFeatures PLV � �g
�g Fusion Feature-Level�gFusion 84.91% �g
�g

Gao�get�gal.�g(2020)

Granger�gCausality Linear�gnetwork �gfeatures

SVM
Emotion�g
Recognition

73.18% �g
�g Granger�gCausality�g+ �g

HOG
Linear�g+ �ggradient�gfeatures 88.93% �g

�g Transfer�gEntropy Non-linear�gnetwork �gfeatures 81.88% �g
�g Transfer�gEntropy�g+ �g

HOG
Non-linear�g+gradient �gfeatures 95.2% �g

�g
Hasan�gand�gKim�g(2019)

Time-domain Root�gmean�gsquare,�gkurtosis,�g
skewness,�gshape�gfactor,�getc

PCA�g+ �gKNN Stress�g
Classification

69.26%
�g

�g Frequency-Domain Level�g5�gdiscrete�gwavelet�gtransform�g
(DWPT)

�g

�g Fusion Feature-Level�gFusion Feature�gselector�g+ �g
KNN

73.38% �g

�g
Zhang�get�gal.�g
(2022)

Time�gseries �
Decision�gForest

Depression�g
Recognition

78.33% �g
�g Spatial�gVisibility �g

Graph
� 72.97% �g

�g Fusion Feature-Level�gFusion 90.60% �g
�gBahador�get�gal.�g(2021) EEG�g+ �gECG Time-frequency�gFusion RNN monitoring �gthe�g

depth�gof�g
Anesthesia

90.37% �g

�g
Chen�get�gal.�g(2015) EEG�g+ �gPERI�gFusion

Decision-level�gFusion �gHMMs
Emotion�g
Recognition

75.63% �g
�g Feature-level�gFusion 85.63% �g
�g

Akhand�get�gal.�g(2023) Connectivity �gFeatures

PCC
CNN

Emotion�g
Recognition

(88.22%)�gArousal�g
(87.43%)�gValence

�g

�g MI (90.14%)�gArousal�g
(89.98%)�gValence

�g

�g TE (73.65%)�gArousal�g
(73.22%)�gValence

�g

�g Phase-Locking�gValue�gPVL (88.22%)�gArousal�g
(87.63%)�gValence

�g

�g PCC�g+ �gMI (90.43%)�gArousal�g
(89.71%)�gValence

�g

�g PCC+�gTE (86.43%)�gArousal�g
(86.16%)�gValence

�g

�g PLV�g+ �gMI (91.15%)�gArousal�g
(90.71%)�gValence

�g

�g PLV+TE (85.84%)�gArousal�g
(85.57%)�gValence

�g

�g MI+TE (90.68%)�gArousal�g
(90.12%)�gValence

�g

�g
Radman�get�gal.�g(2021)

Temporal Root�gMean�gSquare,�gVariance,�gMean�g
Absolute�gValue�gKurtosis,�gSkewness.

Ensemble�gDecision�g
Tree�g(EDT)�g
Classifier

Seizure�gDetection
� �g

�g Spectral Power�gSpectral�gRatio,�gSkewness,�gBP,�g
Variance,�gMedian�gPower�gFrequency.

� �g

�g Fusion Feature-Level 99.33% �g
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Fig.�g1.�gBlock�gdiagram�gof�gproposed�gframework �gfor�gstress�gdetection.

Research�ggaps�gand�gresearch�gobjectives

• Most�gof�gthe�gexisting�gstudies�gon�gMicrostates�gfocus�gon�gthe�gresting�g
state�gof�gthe�gbrain. �gStress�gactivates�gthe�gcortical �gregion�gof�gthe�g
brain �gand�gwhich �ggives�grise�gto�gspatiotemporal�gdynamics�gwhich �gare�g
different �gfrom �gthe�gresting�gstate.�gTherefore,�ganalyzing�gstress-related�g
Microstates�gon�gthe�gbasis�gof�gpre-defined�gcanonical�gMicrostates�gfails�g
to�guniquely �gcapture�gstress-related�gconfigurations.

• Although �gthe�gexisting�gstudies�gmostly�gcombine�gtime, �gtime�
frequency�gand�gother�gtypes�gof�gconnectivity �gfeatures,�gMicrostates�g
features�gcapture�gglobal�gtemporal�gnetwork �gorganization, �goffering �g
complementary�ginformation. �gNo,�gstudies�gup�gtill �gnow�ghave�gfused�g
Microstates�gwith �gany�gother�gmodality.

• Prior �gstudies�geither�gcombined�glinear �gor�gnon-linear �gconnectivity �g
features�gin�gisolation. �gHowever,�gthe�gbrain �gis�gcomposed�gof�gmany�g
linear �gas�gwell �gas�gnon-linear �ginterdependencies,�gas�gwell �gas�gdy-
namics�gcaptured�gby�gMicrostates.�gNo�gexisting�gstudy�ghas�gutilized �g
the�gcombined�geffect�gof�glinear �gGranger�gCausality�gfeatures,�gnon-
linear �gdirected�gfeatures�gand�gtemporal�gnetwork �gfeatures�gfor �gstress�g
classification.

To�gresolve�gthe�gidentified �gresearch�ggaps,�gthe�gfollowing �gresearch�gob-
jectives�gare�gproposed:

• Research�gObjective �g1:�g�gDevelop�gcharacterized�gstress-specific�gMi-
crostates�gbased�gon�ga�gdata-driven�gclustering�gtechnique.�gThese�gMi-
crostates�gwill �gbe�ganalyzed�gon�gtemporal�gparameters�gsuch�gas�gdura-
tion, �goccurrence,�gprobability �gof�gtransition �gand�gcoverage.

• Research�gObjective �g2:�g�gDevelop�ga�gmulti-model �gfusion�gmodel�gthat �g
evaluates�gthe�gimpact�gof�gMicrostate�ginclusion �gon�gimproving �gthe�g
classification�gof�gstress-based�gsignals.

• Research�gObjective �g3:�g�gDevelop�ga�gmodel�gthat �ganalyzes�gthe�gim-
pact�gof�gthe�gcomplementary�gnature�gof�gdistinct �gfeatures�gon�gstress�g
detection.

Methods

Early�gidentification �gof�gstress�gpatterns�gcan�gaid�gin�gthe�gdevelopment�gof�g
preventive�gstrategies,�gimprove �gmental�ghealth�gmonitoring, �gand�gthus�ghelp�g
students�gperform �gefficiently �gin�gacademics.�gHere,�ga�gnovel�gmultimodal �g
fusion�gframework �gis�gproposed�gthat �gintegrates�gthree�gcomplementary�g
EEG�ganalysis�gtechniques�gi.e.�gMicrostate�gAnalysis,�gTransfer�gEntropy,�g

and�gGranger�gCausality�gwhich �ghelps�gto�gcapture�gthe�gmost�geffective�gand�g
discriminating �gdynamics�gacross�gall �gthree�gmodalities �gand�gthus�gefficiently �g
classify�gthe�gsignal.

For�gthe�gstudy,�gthree�gimportant �gfeature�gsets�gare�gdiscussed:�gGranger�g
Causality,�gTransfer�gEntropy�gTE�gand�gMicrostates�g.�gMicrostates�gprovides�g
vast�ginformation �gabout�gthe�gspatial�gand�gtemporal�gchanges�gthat �goccur�gin�g
the�gbrain �gnetwork �gusing�gonly �ga�gfew�gdistinct �gtopomaps.�gTransfer�gEntropy�g
and�gGranger�gCausality�gare�gboth�gmeasure�gof�geffective�gconnectivity �gthat �g
gives�ginformation �gabout�gcausal�glinks �gbetween�gdifferent �gbrain �gregions.�g
Granger�gCausality�gis�ga�gparametric�gmethod�gwhich �gexplains�gwhether�g
a�gsignal�gemerging�gfrom �gone�gpart�gof�gthe�gbrain �gcan�ghelp�gpredict �gthe�g
future �gvalues�gof�gother�gbrain �gregions.�gGranger�gCausality�gis�ga�glinear �g
method�gwhich �gtries�gto�gdeal�gwith �gstationary �gsignals.�gTransfer�gEntropy�gis�g
a�gnon-parametric�gmodel-free�gmeasure�gof�ginformation �gtransfer,�gwhich �gis�g
suitable�gfor �gnon-linear �gsignals�gas�gstress.�gAll �gthree�gfeature�gsets�gprovide �gen-
riched�ginformation �gabout�gthe�gbrain's�gtemporal�ginformation, �ginformation �g
transfer�gand�gcausal�ginteractions �gthat �gare�gimportant �gfor �gdiscriminating �g
stress�gand�grelax�gstates.�gFig.�g�g1�gdepicts�gthe�gdetailed�gview �gof�gthe�gproposed�g
methodology.

The�gSAM40�g(Ghosh�get�gal.,�g2022)�gdataset�gis�gselected�gto�gbuild �gthe�g
stress�gneuromarker.�gSAM40�gprovides�ga�ghigh-quality �gEEG�gsignal�grecorded�g
from �gan�gequal�gnumber�gof�gboth�gstress�gand�grelax�gsignals.�gThere�gis�ga�gvariety �g
of�gstressors�gintroduced �gin�gresearch,�gbut�gfor �gthis�gstudy,�gthe�gstress�gsignal�g
generated�gfrom �gmental�garithmetic �gtasks�gis�gtaken�ginto �gconsideration,�gas�g
mental�gmathematical�gtasks�gincrease�gactivity �gin�gthe�gprefrontal �gcortex,�g
which �gresults�gin�gcognitive �gload�gand�gperformance�ganxiety.�gThis�gdataset�g
is�ga�gcollection �gof�gEEG�grecordings�gof�g40�gindividuals �g(14�gfemale�gand�g
26�gmale�gstudents)�gwith �gan�gaverage�gage�gof�g21.5�gyears,�gwhich �goffers�g
appropriate �grobust�gmodel�gtraining �gand�gevaluation �gwhile �gmaintaining �g
generalizability �gacross�gindividuals. �gThe�gdata�gis�grecorded�gfrom �gthe�g32-
channel�gEmotiv�gEPOC�gkit �gwith �ga�gsampling�gfrequency�gof�g128�gHz.�gEach�g
subject�ghas�gtwo �gseparate�grecordings,�gi.e.�gfor �gthe�gstress�gand�grelax�gstate.�g
The�graw�gform �gof�geach�gsignal�gis�gin�gmatrix �gform �gof�g32x3200,�gwhere�g3200�g
are�gthe�gtime �gpoints.

Before�gprocessing,�gthe�gdataset�gis�gcarefully �gpreprocessed�gto�gremove�g
any�gkind �gof�gnoise�gwhich �gmight �gaffect�gthe�gfinal �gresults.�gFor�gthat, �graw�g
data�gis�gfirst �gfiltered �gto�gremove�gmost�gof�gthe�gphysiological �gand�gnon-
physiological �gartifacts.�gThe�gSavitzky�Golay �gfilter �gis�gused�gfor �gre-
referencing.�gThis�gfilter �ghelps�gremove�gnoise�gand�gsmoothens�gthe�gsignals.�g
Unlike �gother�gmoving-average�gfilters �gthat �gblur �gout�gpeaks,�gSavitzky�
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Fig.�g2.�gSavitzky�Golay �gfiltering �gprocess.�g(A)�gis�gthe�goriginal �gsignal�gfrom �gchannel�g1�gfor�gsubject�g10.�g(B)�gshows�gthe�gaveraging�gtrend�gthat�gis�gprovided �gby�gSavitzky�Golay �g
filter. �gThis�gaveraging�gtrend�g(B)�gis�gsubtracted�gfrom �goriginal �gsignal�g(A)�gand�gresulted�gin�gthe�gsmooth�gshown�gin�g(C).

Golay�gfilters �gpreserve�ghigher-order �gsignal�gcharacteristics,�gsuch�gas�gsharp�g
transitions �gthat �gare�gmost�glikely �gto�goccur�gin�gstress�gsignals.�gFor�gan�ginput �g
EEG�gsignal�g𝑥.𝑡/,�gthe�gSG-filtered�goutput �ĝ𝑥.𝑡/�gcan�gbe�gexpressed�gas:�g

𝑥̂.𝑡/ =
𝑘
∑

𝑖=* 𝑘
𝑐𝑖 𝑥.𝑡 + 𝑖/ (1)

where�g𝑐𝑖�gare�gthe�gpolynomial �gcoefficients�gdetermined�gthrough �gleast-
squares�gfitting. �gThe�gbaseline-corrected�gsignal�gis�gthen�gobtained�gby�gsub-
tracting �gthe�gestimated�gtrend:�g

𝑦.𝑡/ = 𝑥.𝑡/ * 𝑥̂.𝑡/ (2)

The�gwindow �glength�gis�gkept�gat�g127,�gand�gthe�gpolynomial �gorder�gis�g
5.�gThe�gSG�gfilter �gsubtracts�gthe�gslow�gdrifts �gand�gresults�gin�ga�gsmooth�g
signal.�gFig.�g�g2�gshows�gthe�gsample�gEEG�gsignal�gin�gits�graw�gform �g(A), �gand�g
(B)�gis�gthe�ĝ𝑥.𝑡/�gsmoothing�gtrend.�gFinally, �gthe�g(C)�gfigure �gshows�gthe�g
averaged�gsignal�gafter�gremoving�gthe�gbaseline.�gTo�gremove�gthe�ghigh-
frequency,�gthe�gDiscrete�gWavelet�gTransform�gDWT�gfilter �gis�gused.�gThe�gDWT�g
decomposes�gthe�gsignals�ginto �gapproximation, �gusing�ga�gHigh-pass�gFilter �g
HPF�gand�gdetailed�gcomponents,�gusing�ga�gLow-pass�gFilter �gLPF.�gThe�gdb2�g
filter �gdecomposes�gthe�gsignal�ginto �g4-levels�gsub-bands�gnamely�gA4(0�4Hz), �g
D4(4�8Hz), �gD3(8�16Hz), �gD2(16�32Hz) �gand�gD1(32�64Hz). �gFig.�g�g3�gshows�g
the�gdetailed�gand�gapproximation �gcoefficients�gfor �ga�gsignal.�gThis�gfiltering �g
typically �gremoves�gthe�gnoise�gand�gfrequency�gabove�g64�gHz.

Finally, �gEEGLAB�gis�gused�gto�gremove�gbad�gchannels�gand�gcomponents�g
after�gapplying �gIndependent�gComponent�gAnalysis�gICA.�gThe�gtypically �g
removed�gartifacts�gwere�glateral �geye�gmovement�gand�geye�gblinking �gartifacts.

Feature �gextraction

In�gthis�gsection,�gfeature�gextraction �gwas�gperformed�gto�gcapture�gdistinct �g
neural�gdynamics�gfrom �gEEG�gsignals�gusing�gthree�gcomplementary�gap-
proaches:�gGranger�gCausality,�gMicrostate�gAnalysis,�gand�gTransfer�gEntropy.�g
These�gtechniques�gcollectively �gquantify �gdirectional �gconnectivity, �gtempo-
ral�gstability �gof�gbrain �gstates,�gand�ginformation �gflow �gbetween�gchannels,�g
providing �ga�gcomprehensive�grepresentation�gof�gthe�gbrain's�gfunctional �g
organization.

Granger�gcausality

Different �gparts�gof�gthe�gbrain �gwork �gin�gharmony�gwith �geach�gother�gto�g
perform �gany�gspecific�gtask.�gThe�gneuronal�gconnections�gcan�gsometimes�g
superimpose�gto�ggenerate�ga�gsignal�gor�gsometimes�ginhibit �geach�gother.�g
Granger�gproposed�gthat �gif �gpast�gvalues�gof�ga�gcertain�gsignal�gpredict �gthe�g
future �gvalues�gof�ganother�gsignal,�gthen�gthere�gexists�ga�gcausal�glink �gbetween�g
these�gtwo. �gThe�gsame�gprinciple �gis�gapplied�ghere�gto�gsignals�goriginating �gfrom �g

different �gparts�gof�gthe�gbrain. �gBy�gapplying �gthe�gGranger�gphenomenon�gon�g
brain �gsignals,�git �gcan�gbe�gpredicted�gif �gcausality�gexists�gin�gdifferent �gcortical �g
regions�gduring �gmental�gtasks�glike �gstress.

Granger�gCausality�gis�gmore�gof�ga�gpredictive �gidea�gof�ghow�gone�gsignal�gis�g
``causing''�gthe�gfuture �gvalue�gof�ganother�gsignal�gusing�gstatistical�gmeasures.�g
Grange�gWeiner�gis�gconvinced�gthat �gif �gthere�gare�gtwo �gtime �gsignals�g𝑋.𝑡/�gand�g
𝑌 .𝑡/,�gthen�gthe�gprevious�gvalue�gof�g𝑋,�gi.e.�g𝑋.𝑡* 𝑖/�gand�gof�g𝑌 ,�gi.e.�g𝑌 .𝑡* 𝑖/,�gcan�g
predict �gthe�gfuture �gvalue�gof�g𝑌 ,�gi.e.�g𝑌 .𝑡+1/.�gIf �gthe�gprediction �gis�gfound�gto�gbe�g
similar, �gthen�git �gis�gsaid�gthat �g𝑌 �gcontain�gsome�ginformation �gabout�g𝑋.�gThis�gre-
lationship �gbetween�g𝑋�gand�g𝑌 �gis�gnot�gstraightforward. �gThis�gis�gbecause�gthe�g
brain �gsignals�gare�goften�ginfluenced�gby�gneighboring �gsignal�gchannels�gand�g
by�gother�gparts�gof�gthe�gbrain. �gUsing�gan�gunrestrictive �gautoregressive�gmodel,�g
the�gGranger�gCausal�glink �gbetween�g𝑋.𝑡/�gand�g𝑌 .𝑡/�gcan�gbe�gpresented�gby:

𝑌 .𝑡/ =
𝑝
∑

𝑖=0

𝑎𝑖𝑋.𝑡 * 𝑖/ +
𝑞
∑

𝑗=0

𝑏𝑗𝑌 .𝑡 * 𝑗/ + 𝜀𝑌 |𝑋<,𝑌 (3)

A�gcausal�glink �gis�gthe�glinear �gweighted�gcombination �gof�gprevious�gtime �g
points.�gWhere�g𝑎𝑛�gand�g𝑏𝑛�gare�gautoregressive�gmodel�gcoefficients�gand�gGC�g
= �gln

(

𝜀𝑌 |𝑋<,𝑌
)

�gis�gthe�gresidual�gerror �gor�gvariance�gof�gthe�gsignal.�gFor�g𝐺𝐶 =

ln
(

𝜀𝑌 |𝑌 <,𝑌
𝜀𝑌 |𝑋<,𝑌

)

, if �g𝐺𝐶 < 0�gthen�gthere�gis�gno�gcausal�glink �gbetween�g𝑋�gand�g
𝑌 .�gThe�gcausal�glink �gexists�gwhen�gthe�gGC�gvalue�gis�gabove�g0.

The�gVector�gAutoregressive�gmodel�g(VAR),�gdiffers�gfrom �gthe�gDynamic�g
Causal�gModelling �g(DCM)�gtechnique�gin�gthat �gDCM�grelies�gon�gpre-specified�g
brain �gmechanisms�gfor �ghow�gneurons�ginteract. �gVAR�gis�gindependent�gand�g
generic,�gand�git �gdoes�gnot�grely �gon�ghow�gbrain �gdata�gis�gcaptured�g(Barnett�g
&�gSeth,�g2014).�gAlso,�ga�gVAR�gis�gefficient �gin�gestimating�gmany�gnon-linear �g
processes.�gThe�gbivariate �gautoregressive�g(unconditional) �gmodel�ghas�glim-
itations �gwhen�gapplied�gto�gEEG�gsignals�gfrom �gmultiple �gchannels.�gAs�ga�g
signal�gcoming�gfrom �gone�gchannel�gmay�gbe�gthe�gsuperposition�gof�ginfor-
mation �gcoming�gfrom �gmultiple �gchannels.�gIn�gthat �gcase,�ga�gmultivariate �g
autoregressive�g(conditional) �gmodel�gwill �gbe�gused.�gA�gconditional �gGC-
based�gmethod�gcomputes�gthe�gpredictive �glink �gbetween�gtwo �gchannels�gwhile �g
accounting�gfor �ginformation �gfrom �gother�gchannels.�gIn�gthe�gSAM40�gdataset,�g
each�gsignal�ghas�gdimensions�gof�g32�g• �g3200�g(channels�g• �gtime �gpoints).�gFor�g
calculating �gthe�gcausal�glink �gof�geach�gchannel,�ga�gmultivariate �gmodel�gwill �g
be�gconstructed.�g
⎛

⎜

⎜

⎝

𝑋1.𝑡/
⋮

𝑋32.𝑡/

⎞

⎟

⎟

⎠

=
𝑝
∑

𝑛=1

𝑎𝑛
⎛

⎜

⎜

⎝

𝑋1.𝑡 * 𝑛/
⋮

𝑋32.𝑡 * 𝑛/

⎞

⎟

⎟

⎠

+
⎛

⎜

⎜

⎝

𝜀1.𝑡/
⋮

𝜀32.𝑡/

⎞

⎟

⎟

⎠

(4)

Stationarity�gand�gstability
In�gthe�gcase�gof�gan�gEEG�gsignal,�gthe�gpattern�gof�gsynchronization �gchanges�g

the�gtemporal�gdynamics�gof�gthe�gsignal�gto�ga�ggreater�gextent.�gAlso,�gGranger�g
Causality�gworks�gbest�gwith �ga�gstationary �gand�gstable�gsignal�g(Barnett�g&�g
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Fig.�g3.�g4-level�gdiscrete�gwavelet�gtransform�g(db2)�gfilter �gdecomposition.

Fig.�g4.�gValue�gof�gAIC�gagainst�gthe�gmodel�gorder�gP.�gThe�gvalue�gof�gP�granges�gfrom �g0�gto�g20.�gFor�geach�gp,�gAIC�gis�gcalculated�gacross�gall�gsignals�g(files). �gThe�gsmallest�gvalue�gof�g
AIC�gis�ggiven�gby�gP�g=�g7,�gindicating �gthe�gleast�gsquared�gerrors�gfor�gmodel�gparameters.

Seth,�g2014).�gFor�gstationary �gsignals,�gthe�gstatistical�gfeatures�gsuch�gas�gmean,�g
variance�gremain�gconstant�gover�gtime. �gFor�gtask-based�gEEG�gsignals,�gsuch�gas�g
in�gthe�gcase�gof�gmental�gassessment�gtasks,�gthe�gsignals�gare�gabsolutely�gnon-
stationary. �gGranger�gCausality�gis�gapplied�gto�gsee�gthe�glinear �gconnection�g
between�gEEG�gsignals.�gGranger�gCausality�grequires�gthe�gsignal�gto�gbe�gstable�g
as�gwell. �gBy�gstability �gof�ga�gsystem�gmeans�gthat �ga�gfinite �ginput �gdoes�gnot�g
give�ginfinite �goutput, �gor�gin�gother�gwords,�gdoes�gnot�g̀̀blow�gup'' �gthe�gsystem.�g
Using�gMATLAB's�gVar-spectral�gfunction, �gthe�gunit �gcomplex�gz-plane�gvalue�g
is�gobtained�gto�gbe�g0.91,�gi.e.�gless�gthan�g1,�gindicating �gthat �gthe�gsignals�gare�g
stable.�gIn�gthe�gcontext�gof�gVAR,�gif �gthe�gmultivariate �gVAR�gcoefficient �g𝑎𝑛�gis�g
stable,�gthen�gthe�gsignal�gis�gsaid�gto�gbe�gstable.�gFor�g𝑎𝑛,�git �gis�gstable�gif �git �glies�g
within �gthe�gunit �gcomplex�gz-plane.�g

det.𝜙.𝑧// = 𝐼𝑛 * 𝑎1𝑧
1 * 𝑎2𝑧

2 * ⋯ * 𝑎32𝑧
32 > 1 (5)

The�gMVGC�gbuilt-in �gfunction, �g𝑣𝑎𝑟_𝑠𝑝𝑒𝑐𝑟𝑎𝑑,�gautomatically �gfinds�gif �g𝑎𝑛
is�gstable�gor�gnot.

Model�gparameter�gestimation

The�gmodel�gorder�gis�gthe�gnumber�gof�gtime �gpoints�gconsidered�gfor �gmod-
eling.�gThe�ghigher�gorder�gnumber�gincreases�gthe�gcomplexity �gof�gthe�gmodel�g
but�gprovides�gmore�gsensitive�ginformation �gthere,�gwhereas�gfor �ga�glower �g
order�gvalue,�gthe�gmodel�gbecomes�gsimpler�gbut�gless�gdependent�gon�gthe�g
previous�ghistory �gof�gthe�gsignal.�gAkaike�gInformation �gCriterion �g(AIC),�g
Bayesian�gInformation �gCriterion �g(BIC)�gand�gHannan-Quinn�gCriterion �g(HQ)�g
are�gimportant �gand�guseful�gmethods�gwhich �gare�gconsidered�gin�gthe�gliterature �g
for �gmodel�gorder�gestimation�g(Placek�get�gal.,�g2022).�gFor�gmodel�gorder�g
estimation,�ga�gmultivariate �gAIC�gfor �gthe�gVAR�gvalue�gwill �gbe�gused�ghere.�gAIC�g
value�gis�gcalculated�gfor �geach�gsignal�gand�gthen�gaveraged�gacross�gall �gsignals�g
for �geach�gvalue�gof�gp.�gThe�gvalue�gof�gp�gwith �gthe�gminimum �gsum�gof�gsquared�g
errors�gis�gselected�gas�gthe�gmodel�gparameter.�gFig.�g�g4�gshows�gthe�gAIC�gvalue�gof�g
all �gsubjects�gaveraged�gover�ga�grange�gof�gp�gfrom �g2-20.�gThe�glower �gOrdinary �g
Least�gSquares�gvalue�gis�gobtained�gfor �gp�g= �g7�g(indicated �gby�gthe�gred�gline �gin�g
Fig.�g�g4).�gAfter �gapplying �gthe�gproposed�gsetup,�gthe�goutcome�gof�gthe�gG-causal.�g
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Fig.�g5.�gThe�gGranger�gcausal�glink �gbetween�g32�gchannels�gsignals�gfor�gsubject�g10.�gStress�g(left) �gand�grelax�g(right). �gThe�gsource�gchannels�gare�gpresented�gon�gthe�gvertical �gaxis,�g
and�gthe�gtarget�gchannels�gare�gpresented�gin�ghorizontal �gaxis.

AIC = 𝑇 ln
(

det.𝛴𝑝/
)

+ 2𝑝 (6)

where�g𝑇 �gis�gthe�gnumber�gof�gtime �gpoints,�g𝛴𝑝 = cov.𝜀𝑡/�gis�gthe�gresidual�g
variance�gmatrix �gof�gthe�gcurrent �gorder�gof�gthe�gAR�gmodel�g(P).�gAIC�gis�gbased�g
on�gmaximum �glikelihood �gestimation�gand�gselects�gthe�gbest�gfit �gwhere�gthe�g
variance�g.det.

∑

𝑝// �gis�gminimum. �gAIG�gis�gcalculated�gfor �geach�gsignal�gfor �ga�g
range�gof�gvalues�gof�gp�gand�gaveraged�gacross�gall �gsignals.�gThe�goptimal �gAIG�g
with �gthe�gminimum �gvalue�gof�gthe�gOrdinary �gLeast�gSquares�g(OLS)�gmethod,�g
which �gminimizes�gthe�gsum�gof�gsquared�gerrors�gof�gVAR�gcoefficients.�g

𝑌 = 𝐴𝑍 + 𝐸 (7)

𝑌 �gis�gthe�gpredicting �gvariable,�gand�g𝐴�gis�gthe�gmultivariate �gVAR�gcoefficient �g
𝑛 • 𝑛𝑝,�gwhere�gn�gis�gthe�gnumber�gof�gindividual �gchannels.�g

𝛴𝑝 =
1

𝑇 * 𝑝
𝐸𝐸𝑇 (8)

For�g32�gchannels�gC=1,2,3,�g. . . .32,�gand�g𝑋.𝑡/ �gis�ga�gtime �gseries,�gthe�g
Granger�gCausality�glink �gbetween�gthe�gsource�gs�gand�gdestination�gd,�gis�gbased�g
upon�gthe�gresidual�gvariance�gproduced�gby�gthe�gpast�gvalue�gof�gd�g𝜀𝑑|𝑑<,𝑑 �gas�g
well �gas�gon�gthe�gvariance�gof�gthe�gpast�gvalues�gof�gall �gother�gconditioning �g
sources�gs,�g𝜀𝑑|𝑑<,^𝐶` ,�gwhere�g 𝑆 = 𝐶 ⧵^𝑖` .�gIn�gother�gwords,�git �gcan�gbe�gstated�g
that �gwhen�ga�gcertain�gtime �gseries�gGranger�gcauses�ganother�gtime �gseries,�git �gis�g
based�gupon�gthe�gresidual�gvariance�gof�gtwo �gregressive�gmodels,�gi.e.�gthe�gfull �g
restrictive �gmodel�g𝜀𝑑|𝑑<,𝑑 �gand�greduced�gnon-restrictive �gmodels�g𝜀𝑑|𝑑<,^𝐶` .�g
The�gGranger�gpair �gvalue�gis�gevaluated�gbased�gon�gthe�gresidual�gvariance�g
between�geach�gchannel.�g

GC𝑖→𝑑Ý𝐶̂` = ln
( 𝜀𝑑Ý𝑑<

𝜀𝑑Ý𝑑<,^𝐶`

)

(9)

The�gGranger�gCausality�g(Fig.�g�g5)�gquantifies�gthe�gdirectional �ginfluence�g
between�gEEG�gchannels,�grevealing�gcausal�ginteractions �gand�gconnectivity �g
patterns�gwithin �gthe�gbrain. �gWhile �gGranger�gCausality�geffectively �gcaptures�g
linear �gdependencies,�git �gmay�goverlook �gnonlinear �ginteractions �gthat �gare�g
often�gpresent�gin�gneural�gdynamics.�gTo�gaddress�gthis�glimitation, �gTransfer�g
Entropy�gis�gapplied�gas�ga�gnonlinear �gand�gmodel-free�gmeasure�gof�ginforma-
tion �gflow �gbetween�gEEG�gsignals,�gproviding �ga�gdeeper�gunderstanding�gof�g
dynamic�gcausal�grelationships�gbeyond�gthe�gassumptions�gof�glinearity.

Stationarity�gand�gstability
In�gthe�gcase�gof�gan�gEEG�gsignal,�gthe�gpattern�gof�gsynchronization �gchanges�g

the�gtemporal�gdynamics�gof�gthe�gsignal�gto�ga�ggreater�gextent.�gAlso,�gGranger�g
Causality�gworks�gbest�gwith �ga�gstationary �gand�gstable�gsignal�g(Barnett�g&�g
Seth,�g2014).�gFor�gstationary �gsignals,�gthe�gstatistical�gfeatures�gsuch�gas�gmean,�g
variance�gremain�gconstant�gover�gtime. �gFor�gtask-based�gEEG�gsignals,�gsuch�gas�g

in�gthe�gcase�gof�gmental�gassessment�gtasks,�gthe�gsignals�gare�gabsolutely�gnon-
stationary. �gGranger�gCausality�gis�gapplied�gto�gsee�gthe�glinear �gconnection�g
between�gEEG�gsignals.�gGranger�gCausality�grequires�gthe�gsignal�gto�gbe�gstable�g
as�gwell. �gBy�gstability �gof�ga�gsystem�gmeans�gthat �ga�gfinite �ginput �gdoes�gnot�g
give�ginfinite �goutput, �gor�gin�gother�gwords,�gdoes�gnot�g̀̀blow�gup'' �gthe�gsystem.�g
Using�gMATLAB's�gVar-spectral�gfunction, �gthe�gunit �gcomplex�gz-plane�gvalue�g
is�gobtained�gto�gbe�g0.91,�gi.e.�gless�gthan�g1,�gindicating �gthat �gthe�gsignals�gare�g
stable.�gIn�gthe�gcontext�gof�gVAR,�gif �gthe�gmultivariate �gVAR�gcoefficient �g𝑎𝑛�gis�g
stable,�gthen�gthe�gsignal�gis�gsaid�gto�gbe�gstable.�gFor�g𝑎𝑛,�git �gis�gstable�gif �git �glies�g
within �gthe�gunit �gcomplex�gz-plane.�g

det.𝜙.𝑧// = 𝐼𝑛 * 𝑎1𝑧
1 * 𝑎2𝑧

2 * ⋯ * 𝑎32𝑧
32 > 1 (10)

The�gMVGC�gbuilt-in �gfunction, �g𝑣𝑎𝑟_𝑠𝑝𝑒𝑐𝑟𝑎𝑑,�gautomatically �gfinds�gif �g𝑎𝑛
is�gstable�gor�gnot.

Transfer�gentropy

Transfer�gentropy�gis�ga�gmeasure�gof�gdirectional �ginformation �gtransfer�g
between�gtwo �gentities�gbased�gon�ginformation �gtheory.�gTransfer�gEntropy�gis�g
useful�gin�gthe�gsense�gthat �git �gcan�gcapture�gthe�gasymmetric�gand�gnonlinear �gde-
pendencies�gbetween�gsignals.�gIn�gneuroscience,�gTransfer�gEntropy�gcan�ghelp�g
us�gto�gknow �ghow�ginformation �gis�gtransferred�gbetween�gmultiple �gsources�g
of�gsignals.�gThe�gpurpose�gof�gusing�gTE�ghere�gis�gto�gsee�gif �gthe�guncertainty �g
measure�gof�ginformation �gtransfer�gbetween�gmultiple �gbrain �gregions�gcan�gbe�g
effective�gfor �gthe�gclassification�gof�gdifferent �gbrain �gstates,�gsuch�gas�gstress�g
and�grelax.

TE�ghelps�gfind �gthe�ginformation �gtransferred�gbetween�gbrain �gregions.�g
Since�gthe�gTE�gconsiders�gthis�gcommunication �gwithout �gassuming�ga�gspecific�g
relationship �gbetween�gsignals;�git �gis�gmore�gapplicable�gto�gnonlinear �gsystems.�g
Transfer�gentropy�g(Sadeghijam�get�gal.,�g2021),�gtells�gabout�ghow�gmuch�gthe�g
past�gvalues�gof�g𝑋.𝑡/�greduce�gthe�guncertainty �gof�gfuture �gvalues�gof�ganother�g
signal�g𝑌 .𝑡/�ggiven�g𝑌 .𝑡/'s�gown�gpast�gvalues�gin�gEq.�g�g(11).�g

𝐻 .𝑋 Ý𝑌 / = 𝐻 .𝑋, 𝑌 / * 𝐻 .𝑌 / (11)

If �gthere�gis�ga�gdirected�gcausal�glink �gand�ginformation �gflows�gfrom �g𝑋�gto�g𝑌 ,�g
then�gthe�gtransfer�gentropy�gTE�gfrom �g𝑋�gto�g𝑌 �gis�gthe�ginformation �gflow �gfrom �g
both�g𝑌 .𝑘/�gand�g𝑋.𝑘/�gmutually �gminus�gthe�ginformation �greceived�gfrom �g𝑌 .𝑘/.�g
Expanding�gthe�gconditional �gentropy�gin�gterms�gof�gjoint �gentropy�gin�gEq.�g�g(12).

𝑇𝑋→𝑌 = 𝐻 .𝑌𝑡+1 , 𝑌
.𝑘/
𝑡 / + 𝐻 .𝑌 .𝑘/

𝑡 , 𝑋.𝑙/
𝑡 /*

𝐻 .𝑌 .𝑘/
𝑡 / * 𝐻 .𝑌𝑡+1 , 𝑌

.𝑘/
𝑡 , 𝑋.𝑙/

𝑡 /
(12)

In�gterms�gof�gjoint �gentropies,�gthe�gTransfer�gEntropy�gfrom �g𝑋�gto�g𝑌 �gis�g
defined�gas�gthe�guncertainty �gbetween�g𝑌 's�gfuture �gand�gits�gown�gpast�gvalues,�g
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Fig.�g6.�gTransfer�gentropy�gvalues�gbetween�g32�gchannels�gsignals�gfor�gsubject�g10.�gStress�g(left) �gand�grelax�g(right). �gThe�gsource�gchannels�gare�gpresented�gon�gthe�gvertical �gaxis,�g
and�gthe�gtarget�gchannels�gare�gpresented�gon�gthe�ghorizontal �gaxis.

𝐻 .𝑌𝑡+1 , 𝑌
.𝑘/
𝑡 /,�gcombined�gwith �gthe�guncertainty �gof�gthe�gpast�gof�gboth�gsignals,�g

𝐻 .𝑌 .𝑘/
𝑡 , 𝑋.𝑙/

𝑡 /,�gexcluding�gthe�gjoint �guncertainty �gof�gthe�gcomplete�gsystem,�g
𝐻 .𝑌𝑡+1 , 𝑌

.𝑘/
𝑡 , 𝑋.𝑙/

𝑡 /,�gand�g𝑌 's�gown�guncertainty, �g𝐻 .𝑌 .𝑘/
𝑡 /.�gThere�gare�gmultiple �g

methods�gto�gestimate�gtransfer�gentropy.�gThis�gframework �gassumed�gthat �gthe�g
underlying �gprocesses�gare�gapproximated�gby�ga�gGaussian�gassumption.�gThe�g
differential �gentropy�gof�gGaussian�g𝑍�gwith �gvariance�g𝜎2�gis�ggiven�gby:�g

𝐻 .𝑍/ =
1
2

log
(

2𝜋𝑒 𝜎2) (13)

Applying �gthe�gGaussian�gentropy�gon�gpredictive �gsignals,�g𝑌𝑡+1 �ggiven�gits�g
own�gpast�gvalues,�gthe�gentropy�gis�g𝐻 .𝑌𝑡+1 Ý𝑌𝑡/

𝐻 .𝑌𝑡+1 Ý𝑌𝑡/ =
1
2

log
(

2𝜋𝑒 var.𝑌𝑡+1 * 𝑌𝑡/
)

(14)

The�gconditional �gentropy�gof�g𝑌𝑡+1 �ggiven�gboth�gits�gown�gpast�gand�gthe�gX's�g
past�g𝑋𝑡�gis�gexpressed�gas:�g

𝐻 .𝑌𝑡+1 Ý𝑌𝑡, 𝑋𝑡/ =
1
2

log
(

2𝜋𝑒 var.𝑌𝑡+1 * . 𝑌𝑡 + 𝑋𝑡//
)

(15)

Microstates�ganalysis

The�gMicrostates�gcan�gbe�gdefined�gas�ga�gstable�gset�gof�gbrain �gpatterns�g
that �gusually�glast�gfor �gabout�g60�120ms �gbefore�gtransitioning �ginto �ga�gnew�g
stable�gstate.�gAt�grest,�gthe�gbrain �gexperiences�ga�gdistinct �gfunctional �gstate�g
for �ga�gcertain�gamount�gof�gtime �g(Fig.�g�g6).�gResearchers�gbelieve�gthat �ga�gset�g
of�ga�gfew�gof�gthese�gfunctional �gstates�gcan�ghelp�gexplain�gmost�gof�gbrain �g
analysis.�gThe�gMicrostates�gare�goften�greferred�gto�gas�g̀̀atoms�gof�gthoughts'' �g
due�gto�gtheir �grepeating�gpatterns�gand�gstability �gacross�gtime �gsignals.�gThe�g
idea�gof�gMicrostates�gcomes�gfrom �gresting�gstate�gbrain �ganalysis,�gwhen�git �g
was�gbelieved�gthat �gthe�gbrain �gremains�ginactive �gduring �grest�guntil �gsome�g
external�gstimuli �gactivate�gthe�gbrain �gMichel �gand�gKoenig�g(2018),�gwhere�g
it �gis�gfound�gthat �gresting�gstate�gMicrostates�ganalysis�gof�gthe�gbrain �gcan�g
reflect�gmultiple �gneuropsychiatric �gdiseases�g(Khanna�get�gal.,�g2015;�gLi�get�gal.,�g
2023).�gHowever,�gfew�gfunctional �gbrain �gstates�gcan�gbe�ghelpful �gto�gexplain�g
Microstates�gare�gused�gto�gexplore�gthe�gintrinsic �gproperties�gof�gtemporal�g
correlation �gof�gneuronal�gregions�gduring �gresting�gstates.

Global�gfield�gpotential
Global�gField�gPotential�g(GFP)�gis�gthe�gmeasure�gof�gthe�grelative �gpotential �g

difference�gbetween�gan�ginstantaneous�gpotential �g𝑉𝑛𝑖.𝑡/�gand�gthe�gmean�g
potential �gacross�gall �gchannels�g𝑉𝑛.𝑡/.�gThe�gGFP�gcan�gbe�gcalculated�gusing�g
Eq.�g�g(16)�gwhere�g𝑁�gis�gthe�gnumber�gof�gchannels.�gThe�gGFP�gtime �gseries�gis�g
subjected�gto�ga�gpeak�gdetection�gprocedure�gto�gidentify �glocal�gmaxima,�gwhich �g
correspond�gto�gmoments�gof�gmaximal �gglobal�gneuronal�gsynchronization �g
and�grepresent�gstable�gscalp�gpotential �gtopographies.�g

GFP.𝑡/ =

√

√

√

√
1
𝑁

𝑁
∑

𝑛=1

(

𝑉𝑛.𝑡/ * 𝑉 𝑛.𝑡/
)2

(16)

GFP�gpeak�gtopomaps
Next,�gk-means�gclustering�gis�gperformed�gon�gGFP�gPeaks�gmaps.�gFor�g

resting�gstate�gMicrostates�ganalysis,�g4�gdistinct �gcanonical�gMicrostates�gare�g
used�g(Khanna�get�gal.,�g2015).�gFor�gthe�gmental�garithmetic-based�ginduced�g
stress�gsignals,�gdata-driven�gMicrostresses�gare�gbased�gon�gthe�gbasis�gof�g
subject-level�gand�ggroup-level�gclustering.

For�gthe�gsubject-level�gclustering,�gthe�gtopomaps�gfrom �gGFP�gpeaks�gare�g
extracted�gfor �geach�gsubject.�gThese�gGFP�gtomomaps�gare�gthen�gclustered�g
for �gmultiple �gK.�gThe�gK-means�gclustering�galgorithm �gis�gapplied�gmultiple �g
times�g(nRuns)�gwith �gdifferent �ginitializations �gto�gmitigate �gthe�grisk�gof�g
convergence�gto�glocal�gminima. �gTo�gavoid�gthe�goverlapping �gand�gkeep�gthe�g
prominence�gof�geach�gmap,�ga�gminimum �gdistance�gof�gabout�g10�gms�gwas�gkept�g
between�gconsecutive�gpeaks.�gThe�gpercentile�gof�gthe�gmaximum �gthreshold�g
for �gselecting�gthe�ghighest�gpeaks�gis�gset�gto�gbe�g80%.

Subject-level�gclustering
The�gcentroids�gof�geach�gcluster�gare�gthen�gselected�gfor �gthe�ggroup-level�g

clustering.�gAs�ga�gresult�gof�gsubject-level�gclustering,�gK• N�gmaps�gwere�g
obtained,�gwhere�g𝑁�grepresents�gthe�gnumber�gof�gsubjects.�gTo�gbalance�gthe�g
contribution �gof�geach�gsubject,�gall �gmaps�gfrom �gK�g= �g4�gto�gK�g= �g8�gare�gpooled�g
together�gto�gcreate�ga�gstandard�gset�gof�gtopomaps,�gwhich �gis�gthen�gpassed�gfor �g
group-level�gclustering�g(Fig.�g�g7).

Now,�gfor �gk�g= �g8,�gcorrelation �gis�gcomputed�gto�gfind �gthe�gsimilarity �g
between�gmaps�gin�gwhich �gpolarity �gis�gignored�gusing�gEq.�g�g(19)�g(Fig.�g�g8).�g
In�gwhich �gway�gthe�gmaps�gwith �gthe�ghigh�gcorr�g.|𝑟| > 0.9, 90~ similarity /
are�gmerged,�gwhich �gactually �grepresents�gthe�gsame�gspatial�gconfigura-
tion �g(Kleinert �get�gal.,�g2024).�gTwo�gpairs�gof�ggroup�gmaps�gdemonstrated�g
strong�gcorrelations,�gspecifically �gMap�g1�gand�gMap�g2�g(r �g= �g0.911),�gas�gwell �g
as�gMap�g4�gand�gMap�g5�g(r �g= �g0.917).�gThese�ghigh�gcorrelation �gcoefficients�g
suggest�ga�gsignificant �goverlap�gin�gtheir �gspatial�gconfigurations.

Group-level�gclustering
After �gextracting �gthe�gsubject-level�gtentative �gMicrostates�g(centroids),�g

group-level�gclustering�gis�gapplied�gto�gidentify �ga�gdata-driven�gset�gof�grepre-
sentative�gMicrostates.�gNow,�gthe�gcollected�gpool�gof�gall �gcentroids�g[channels�g
x�g(KxN)] �gfrom �ggroup-level�gclustering�gwill �gbe�gagain�gclustered�gusing�gK-
means.�gThe�gchoice�gof�gK�gfrom �gK�g= �g4�gto�g8�gis�gconsistent�gwith �gprior �g
literature �g(Tarailis�get�gal.,�g2024).�gThe�grange�gallows�gfor �gcapturing �gmore�g
robust�gMicrostates�gwithout �goverfitting �gor�gunderfitting.
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Fig.�g7.�g(From�gtop�gto�gbottom) �gThe�gtopomaps�gpresent�gat�gthe�gGFP�gpeaks�gare�gcollected�gfor�gall�gsubjects�gn(80). �gFor�gthese,�gtopomaps�gare�gclustered�gfor�gK�g= �g4�gtill �gK�g= �g8�g
and�gthe�gcentroid �gof�geach�gclustering�g(K)�gis�gkept�gin�ga�gcommon,�gsubject-level�gpool.�gUpon�gthis�gfinal �gcentroid �gpool,�gthe�ggroup�glevel�gclustering�gis�gapplied.

Optimal�gK-clusters
For�geach�gK,�gthe�gselection�gcriteria �gfor �goptimal �gk�gare�gcomputed�gusing�g

multiple �gways.�gThe�gcross-validation�gresidual�gand�gglobal�gExplained�gVari-
ance�gGEV�g(Michel �g&�gKoenig,�g2018)�gare�gtwo �gof�gthem.�gGlobal�gExplained�g
Variance�gGEV�gvalue�grepresents�ghow�gclosely�ga�gtopomap�gat�ga�gparticular �g
time �gpoint �gbest�grepresents�gits�gassigned�glabels.�gThe�ghigher�gthe�gGEV�gvalue,�g
the�gbetter�gthe�gmaps�gare�grepresented�gby�gthe�gassigned�glabels.�g

GEV=

∑

𝑡Ë
[

GFP.𝑡/ ⋅ 𝑟
(

𝑉 .𝑡/,𝑀𝑠.𝑡/
)]2

∑

𝑡Ë GFP.𝑡/2
(17)

where�g𝑉 .𝑡/�gdenotes�gthe�gscalp�gpotential �gmap�gat�gtime �g𝑡,�g𝑀𝑠.𝑡/ �grepresents�g
the�gcentroid �gof�gthe�gMicrostate�gassigned�gto�gtime �g𝑡,�gand�g𝑟

(

𝑉 .𝑡/,𝑀𝑠.𝑡/
)

�gis�gthe�g
spatial�gcorrelation �g(often�gthe�gabsolute�gvalue�gis�gused�gduring �gassignment).

The�gGFP�gweighting �gemphasizes�gtime �gpoints�gwith �ghigher�gSNR,�gen-
suring�gthat �ghigh-variance�gmoments�gcontribute �gmore�gto�gthe�gexplained�g
variance.�gGEV�gtends�gto�gincrease�gwith �gincreasing�gnumber�gof�gK�gas�gvari-
ance�gincreases�g(Fig.�g�g9)�g(Liu�get�gal.,�g2024).�gHowever,�gincreasing�gGEV�g
tends�gto�gcapture�gnoise�grather�gthan�guseful�ginformation. �gTo�gmitigate �gthe�g
limitations �gof�gGEV,�ga�gCross-validation�gresidual-like �gfunction �gis�galso�gused�g
to�gfind �ghow�gwell �ga�gmodel�ggeneralizes�gfor �gthose�gassigned�glabels.�gCV�g
values�gminimizes�gthe�gresidual�gerror �gfor �gindependent�gunseen�gsubjects.

Let�g𝐗𝑛,𝑖 Ë R𝐶 �gdenote�gthe�gscalp�gtopography�g(across�g𝐶�gchannels)�gat�g
the�g𝑖th�gGFP�gpeak,�gand�glet�ĝ𝐗𝑛,𝑖�gbe�gits�greconstructed�gmap,�gobtained�gby�g
projecting �g𝐗𝑛,𝑖�gonto�gthe�gcorresponding�gMicrostate�gcentroid. �gThe�gresidual�g
error �gbetween�gthe�goriginal �gand�greconstructed�gmaps�greflects�gthe�gpart�gof�g
the�gsignal�gthat �gcannot�gbe�gexplained�gby�gthe�gmodel.�gThe�gcross-validation�g
(CV)�gcriterion �gis�gthen�gdefined�gas:�g

CV =

∑

𝑖 ‖𝐗𝑛,𝑖‖
2

∑

𝑖 ‖𝐗𝑛,𝑖 * 𝐗̂𝑛,𝑖‖
2

(18)

Fig.�g8.�gThe�gPearson's�gcorrelation �gvalue�gbetween�g8�gtopomaps�gpresented�gin�gthe�g
form �gof�gan�gadjacency�gheat�gmap.�gString�gcorrelation �gis�gobserved�gbetween�gpairs�g
of�gmaps�g1�gand�g2�gand�gmaps�g4�gand�g5.�gThe�gdiagonal�gvalue�ggives�g1,�gindicating �gthe�g
100�gcorrelation �gof�ga�gtopomap�gwith �gitself.

A�glower �gCV�gvalue�gindicates�ga�gbetter�greconstruction: �gThe�gcentroid �gcan�g
capture�gand�greconstruct�gthe�gunderlying �gEEG�gsignal.�gThe�glower �gvalue�gof�g
CV�gmeans�gthey�gare�gnot�goverfit �gand�ggeneralizes�gwell. �gIn�gother�gwords,�gGEV�g
explains�ghow�gclosely�ga�gmap�gis�gfitted �gby�gthe�glabel�gand�gCV�gresidual�gvalue�g
explains�ghow�gwell �gthe�gassigned�gmap�ggeneralizes�gacross�gall �gsubjects.�gThis�g
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Fig.�g9.�gGEV�gvs�gCV�gcurve�gfor�geach�gvalue�gof�gK�gfrom �gK�g= �g4�gto�gK�g=8. �gThe�gminimum �gvalue�gof�gCV�g(0.614) �gand�gmaximum �gvalue�gof�gGEV�g(0.652) �gis�gobtained�gfor�gK�g= �g8.

Fig.�g10.�g8�gTopomaps�gcentroids�gobtained�gafter�ggroup-level�gclustering.

combination �gensures�gthat �gthe�gMicrostates�gare�ginformative, �gstable�gand�g
physiologically �gmeaningful �gand�grobust.

Spatial�gmerging�gof�gtopographical�gmaps
EEG�gbrain �gmaps�gacquired�gcan�gbe�gpolarity �ginvariant �gwith �geach�gother,�g

but�gtheir �gspatial�gpattern�gis�gthe�gsame�g(Pascual-Marqui�get�gal.,�g1995).�g
To�gmitigate �gthe�geffect�gof�gcorrelated�gmaps�gand�gresulting �gredundancy�gin�g
cluster�gcentroids,�gthe�gmaps�gwith �ga�gcorrelation �ghigher�gthan�ga�gparticular �g
threshold�gare�gmerged�g

𝜌𝑖𝑗 = |𝑟𝑖𝑗 | =

|

|

|

|

|

|

|

|

∑𝑁
𝑘=1 .𝑀𝑘,𝑖 * 𝑀̄𝑖/.𝑀𝑘,𝑗 * 𝑀̄𝑗 /

√

∑𝑁
𝑘=1 .𝑀𝑘,𝑖 * 𝑀̄𝑖/2

√

∑𝑁
𝑘=1 .𝑀𝑘,𝑗 * 𝑀̄𝑗 /2

|

|

|

|

|

|

|

|

(19)

This�gdata-driven�gapproach�ghelped�gextract�ga�gset�gof�gtopomaps�g(Fig.�g�g10)�g
that �gcarefully �gconsiders�gthe�gunderlying �gstressful�gbrain �gdynamics.�gNow�g
this�gfinal �gset�gof�gspatially �gdistinct �gset�gof�gmaps�gwill �gbe�gused�gto�gbackfit �ginto �g
the�gGFP�gpeaks�gof�gthe�gindividual �gsubject.

Backfitting�gmicrostates
After �gobtaining �gthe�gfinal �gset�gof�gMicrostate�gtemplates,�gthe�gbackfitting �g

is�gdone�gto�glabel�geach�gtime �gpoint �gin�gthe�gEEG�gwith �gthe�gbest-matching�gtem-
plate,�genabling�gus�gto�greconstruct�gthe�gtemporal�gsequence�gof�gMicrostates�g
across�gthe�grecording�g(Fig.�g�g11).�gTo�greduce�gspurious,�gshort-lived �gfluctu-
ations�gcaused�gby�gnoise�gor�gabrupt�gswitching, �gtemporal�gsmoothing�gwas�g
applied�gto�gthe�gsequence,�genforcing�ga�gbiologically �gplausible�gminimum �g
duration �gfor �geach�gMicrostate.�gThis�gcombination �gof�gclustering,�gvariance-
based�gevaluation, �gand�gsmoothing�gensures�gthat �gthe�gidentified �gMicrostates�g
are�gboth�gstatistically �grobust�gand�gneurophysiologically �gmeaningful.

From�gthe�gfinal �gMicrostates,�gsubject-wise�gtemporal�gfeatures�gare�gex-
tracted�gas�gthey�gprovide �ghow�gthese�gtransient�gpatterns�gevolve.�gTemporal�g
resolution �gof�gMicrostates�gmakes�gan�gideal�gcandidate�gto�ganalyze�gfast�g

changes�gin�gthe�gbrain. �gThe�gkey�gtemporal�gparameters�gwhich �gare�gextracted�g
for �gthis�gresearch�gare�g(Tarailis�get�gal.,�g2024):�gMean�gduration, �gOccurrence�g
Rate,�gCoverage�gand�gprobability �gof�gtransition �gfrom �gone�gstate�gto�ganother.�g
Mean�gduration �grepresents�gthe�gaverage�gtime �ga�gspecific�gMicrostate�goc-
curred.�gOccurrence�grate�grecords�ghow�gfrequently �ga�gspecific�gMicrostate�g
appears�gper�gsubject,�gper�gstate.�gCoverage�gtells�gabout�ghow�gmuch�gof�g
the�gtotal �gtime �gis�gcovered�gby�geach�gMicrostate.�gLastly,�gthe�gtransition �g
probabilities �gdescribe�ghow�goften�ga�gstate�gswitches�gbetween�gother�gstates.�g
All �gthe�gtemporal�gfeatures�gcollected�gfor �gall �gsignals�gare�gflattened�ginto �ga�g
vector�gand�gcreate�ga�gfeature�gvector�gof�gan�g80�g• �g54�gmatrix.

Multi-modal�gfeature�gfusion�gusing�gattention�gmechanism

Different �gmodalities �gprovide �ga�gunique�grepresentation�gof�gneural�gac-
tivity; �ghowever,�gtheir �grelative �gdiscriminative �gsignificance�gmay�gvary�g
across�gsubjects�gor�gcognitive �gstates.�gTo�geffectively �gintegrate�gthese�ghet-
erogeneous�gfeature�gspaces,�gan�gattention-based�gfusion�gmechanism�gis�g
employed.

Attention �gfusion�g(Fig.�g�g12)�gis�gan�geffective�gway�gto�gfuse�gfeatures�gwhich �g
are�gderived�gfrom �gmultiple �gmodalities. �gUnlike �gtraditional �gand�gsimpler�g
methods�glike �gaveraging�gor�gconcatenation,�gthe�gattention �gmechanism�g
carefully �gconsiders�gthe�gmodality-specific �ginformation, �gemphasizing�gonly �g
on�gmore�gdominant �gpatterns�gand�gsuppressing�gthe�gless�gimportant �gfeatures.

Three�gdistinct �gfeature�gsets�gwere�gfused�gusing�gan�gattention �gmechanism.�g
The�gTransfer�gEntropy�gfeature�gis�gof�gdimensions�gW�g• �g992,�gwhich �grepre-
sents�gthe�gtemporally �gderived�gstatistical�gcharacteristics�gwhere�gW�g=1920 �g
windows. �gFor�gMicrostates�gfeatures�gthe�gdimensions�gwere�gN• 54,�gwhere�g𝑁
= �g80�gsignals.�gThe�gGranger�gCausality�gis�ga�gset�gof�gN• �gi• j�gadjacency�gmatrix �g
where�gi�gand�gj�gare�gthe�gnumber�gof�gchannels.�gThe�ggiven�gthree�gfeature�gsets�g
have�gdifferent �gdimensions,�gwhich �gmakes�gthem�gincompatible �gto�gfeed�ginto �g
the�glatent �gspace.�gTo�gmake�gdistinct �gsets�gof�gmodalities �gfeatures�gconsistent,�g
the�gsubject-level�glinear �ginterpolation �gis�gdone�gvia�gPython's�ginterp1D �g
function �gfor �gMS�gand�gGC�gfeatures�gto�gmeet�gthe�gtarget�gdimensionality �gof�g
Transfer�gEntropy.�gThe�ginterpolation �gfunction �gis�gdefined�gas:�g

𝑓𝑖.𝑥/ = 𝑦.old/
𝑖 +

𝑦.new/
𝑖 * 𝑦.old/

𝑖

𝑥.new/ * 𝑥.old/
.𝑥 * 𝑥.old/ / (20)

The�gobtained�gvalues�gwere�gnormalized�gto�gminimize �gthe�gscaling�gdis-
crepancies�gacross�gall �gdistinct �gfeature�gsets.

To�geffectively �gintegrate�gfeatures�gfrom �gdifferent �gneural�gmodalities, �ga�g
feature-level�gAttention-Based�gFusion�g(ABF)�gmodel�gis�gused.�gThis�gmethod�g
provides�gan�geffective�gway�gto�gfuse�gheterogeneous�gfeature�gsets�gfrom �g
Granger�gCausality,�gTransfer�gEntropy�gand�gTemporal�gMicrostate�gfeatures.�g
ABF�gperforms�gfeature-level�gfusion�g(Cai�get�gal.,�g2020)�gusing�gsome�glearn-
able�gweights�gthat �gdynamically �gmodulate�gand�gselect�gthe�gmost�gcontribut-
ing�gfeatures�gacross�gall �gfeature�gsets.�gFirst,�gthe�gfeature�gmatrix �gMS,�gGC�gand�g
TE�gare�gprojected�ginto �ga�gcommon�glatent �gspace�gfor �gmodality-specific �glinear �g
transformation �gto�gcreate�gembeddings�gfor �geach�gfeature�gset:
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Fig.�g11.�g6�gFinal�gmicrostates�gobtained�gfrom �g2�glevel�gclustering�gmethod�gfor�gstress-based�gtasks.

Fig.�g12.�gAttention �gfusion�gmodel.�g𝐹𝑀𝐶 ,�g𝐹𝑇𝐸 �gand�g𝐹𝐺𝐶 �gare�ginput �gfeature�gsets.�gThe�glinear �gtransformation �glayer�gtransforms�gthe�ginput �ginto �ga�glinear �gembedding�gsuitable�g
for�gthe�gattention �glayer.�gThe�gattention �glayers�gcompute�gand�greturn �gthe�gweight �gfor�geach�gfeature�gset,�gwhich �gare�gnormalized�gusing�gsoftmax.
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Table �g2
Key�gparameters�gand�garchitectural �gdetails�gof�gSVM,�gLDA,�gand�gMLP�gclassifiers.

�gSVM LDA MLP

�gParameter Value Parameter Value Parameter Value �g
�gKernel Radial�gBasis�gFunction�g(RBF) Optimization Solver Hidden�gLayers 2 �g
�gRegularization 𝐶 = 1.0 Regularization Shrinkage Hidden�gUnits (256,�g128) �g
�gKernel�gWidth Gamma�g(scale) Search�gMethod Grid�gSearch Regularization Dropout�g(0.4)�g
�g Loss�gFunction Cross-Entropy�g

𝐻𝑚 = tanh.𝑊𝑚𝐹𝑚 + 𝑏𝑚/, where�g𝑚 Ë ^TE,MS,GC` (21)

The�gtransformed�gfeatures�g𝐻𝑚�gare�gfed�ginto �gthe�gself-attention �glayer,�g
which �gcomputes�gthe�grelevance�gscore�g𝑤𝑇 �gfor �geach�gtype�gof�gfeature.�gThe�g
softmax�gfunction �gnormalizes�gthe�gobtained�gscore�gvalues,�gwhich �grepresent�g
the�grelative �gimportance�gof�geach�gmodality. �g

𝛼𝑚 = sof tmax.𝑤⊤𝐻𝑚/ (22)

𝐻fused =
∑

.𝛼TE + 𝛼MS + 𝛼GC/ (23)

The�gattention �glayer�ghelps�glearn�gthe�gsample-weight�gdependent�g𝛼𝑚.�g
The�gfinal �gfused�gvector�gcontains�gthe�gdiscriminating �gfeatures�gfrom �gall �g
three�gmodalities �gand�gis�gclassified�gusing�gLDA.�gFig.�g�g12�gdepicts�gthe�gat-
tention �gmechanism�gin�gdetail. �gThis�gfused�gfeature�gset�gis�gthen�gused�gto�g
perform �gclassification�gusing�gGroup�g5-Fold�gclassification�gwith �g32�gsubjects�g
selected�gfor �gtraining �gand�g8�gfor �gtesting.�gAfter �gcreating�gthe�gtraining �gand�g
testing�gdatasets,�gthe�gattention �gfusion�gmodel�gis�gre-initialized �gto�gavoid�g
information �gleakage.�gThe�greproducibility �gfor �gsame�gsubject-specific�gfolds�g
is�gensured�gacross�gall �gexperiments.

Classifiers

For�gthe�gbinary �gclassification�gof�gsignals�ginto �gstress�gand�grelax�gstates,�g
three�gdifferent �gclassifiers�gare�gused�gto�gimprove �gthe�greliability �gof�gthe�g
proposed�gmethodology.�gThe�gparametric�gand�garchitectural �gdetails�gof�g
classifiers�gis�gpresented�gin�gTable�gno.�g2.�gAll �gthree�gmodels�gare�gimplemented�g
using�ga�gGroup�g5-fold �gvalidation �gapproach.

Support�gvector�gmachine
Support�gVector�gMachine�g(SVM)�gis�ga�gsupervised�gMachine�glearning�g

model�gthat �ggives�grobust�gperformance�gfor �gclassification�gand�gregression�g
tasks.�gThe�gcore�gidea�gof�gSVM�gis�gto�gseparate�gthe�ggiven�gclasses�gwith �gthe�g
help�gof�ga�ghyperplane�gthat �gmaximizes�gthe�gdistance�gbetween�gdatapoints�g
from �geach�gclass.�gIn�gother�gwords,�gthe�ghyperplane�gthat �gseparates�gthe�ggiven�g
(two) �gclasses�gis�gat�gthe�gmaximum �gdistance�gfrom �gdata�gpoints�gof�geach�g
class.�gThis�ghelps�gin�gimproving �gthe�ggeneralization�gto�gunseen�gdata.�gFor�g
the�gclassification�gbetween�gstress�gand�grelax�gstate�gusing�ga�gfused�gfeature�g
set�gand�gconsidering�gthe�gnon-linearity �gof�gfeature�gsets,�ga�gRadial�gBasis�g
Function�g(RBF)�gkernel�gis�gused,�gwhich �gmaps�geach�gdimension�ginto �gan�g
infinite �gfeature�gspace�gwhere�glinear �gseparation�gis�gpossible.�gThe�gRBF�g
kernel�gis�ggiven�gas:

𝐾.𝑥, 𝑦/ = exp
(

* 𝛾 ‖𝑥 * 𝑦‖2
)

(24)

where,�g𝑥�gand�g𝑦�gare�gtwo �gfeature�gpoints.�gthe�gRBF�gis�gbased�gon�gmaximizing �g
the�gdistance�gbetween�gtwo �gfeature�gpoints�g𝛾�gcontrols�gthe�grate�gat�gwhich �g
the�gsimilarity �gbetween�gfeature�gpoints�gdecreases�gwith �gthe�gincreasing�g
distance.

Linear�gdiscriminant�ganalysis
Linear�gDiscriminant �gAnalysis�g(LDA)�gis�ga�gsupervised�gmachine�glearning�g

algorithm �gthat �gis�gbased�gon�gidentifying �ga�glinear �gcombination �gof�gfea-
tures�gto�gseparate�gclasses.�gLDA�gis�gbased�gon�gmaximizing �gvariance�gusing�g
class�ginformation. �gIt �gworks�gby�gprojecting �gfeature�gspace�gonto�ga�glower-
dimensional�gsubspace�gthat �gmaximizes�gthe�gratio �gof�ginter-class�gvariance�g

and�gintra-class�gvariance.�gFor�gan�g𝑥�gfeature�gvector�gwith �gdiscriminant �g
weights�gw,�gthe�glinear �gcombination �gof�gfeatures�gis�ggiven�gby

𝑦 = 𝐰𝑇 𝐱 + 𝑏 (25)

The�goptimal �g𝑤�gis�gderived�gfrom �gthe�gratio �gof�ginter-class�gscatter�gmatrix �g
𝑆𝑏�gand�gintra-class�gscatter�gmatrix �g𝑆𝑤.�g

𝐰 = arg max
𝐰

𝐰𝑇 𝐒𝑏𝐰
𝐰𝑇 𝐒𝑤𝐰

(26)

This�gcriterion �genhances�gthe�gdistinction �gbetween�gclasses�gwhere�gfea-
tures�gmight �gbe�ghighly �gcorrelated�gand�gmultidimensional. �gBefore�gfeeding�g
into �gthe�gclassifier,�gthe�gfused�gmatrix �gis�gfirst �gimputed �gto�ghandle�gmissing�g
values�gand�gnormalize�gfeature�gdistribution.

Multi-layer�gperceptron
Multi-layer �gperception�gis�ga�gfully �gconnected�gneural�gnetwork �gthat �g

learns�gnon-linear �gpatterns�gfrom �gthe�ggiven�gdata�gby�greducing�gthe�gdimen-
sion�gprogressively�gafter�geach�glayer.�gEach�glayer�gis�gpreceded�gby�ga�gReLU�g
activation �gfunction �gfor �gpreventing�goverfitting �gand�gadd�gnon-linearity. �g
The�ghidden�glayers�gtransform�gthe�gfeature�gset�ginto �glower �gdimensions�gbased�g
on�gthe�gcross-entropy�gfunction. �gAccording�gto�gEq.�g�g(27)�gat�geach�glevel,�g
where�g̃𝐡𝑛�gis�gthe�gfeatures�gacquired�gfrom �gprevious�ghidden�glayer�gand�g𝑊
is�gthe�gweights.�g

𝐡𝑛 = 𝜎
(

𝐖𝑛𝐡̃𝑛 + 𝐛𝑛
)

(27)

Performance�gevaluation

To�gevaluate�gthe�grobustness�gof�gfused�gfeatures,�gseveral�gstandard�gclas-
sification �gmatrices�gare�gused,�gincluding �gaccuracy,�gprecision,�grecall,�gF1�g
score,�gArea�gUnder�gthe�gReceiver�gOperating�gCharacteristic�gCurve�g(AUC),�g
and�gloss.�gAccuracy�gmeasures�gof�gcorrectness�gof�gclassified�glabels.�gPrecision�g
is�gthe�gproportion �gof�gcorrectly �gpredicted�gpositive�gsamples�gamong�gall �g
samples�gwhich �gare�gpredicted�gpositive.�gRecall�gor�gsensitivity �gidentify �g
the�gactual�gpossible�gcases.�gF1�gscore�gobserves�gthe�gbalance�gbetween�gthe�g
prediction �gof�geach�gclass�glabel.�gAUC�grepresents�ga�gthreshold-independent�g
measure�gof�gseparability �gof�gclasses�g(stress�gand�grelax).�g

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(28)

where�g𝑇𝑃 ,�g𝑇𝑁 ,�g𝐹𝑃 ,�gand�g𝐹𝑁�gdenote�gthe�gnumber�gof�gtrue�gpositives,�gtrue�g
negatives,�gfalse�gpositives,�gand�gfalse�gnegatives,�grespectively.�g

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(29)

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(30)

𝐹1 = 2 •
Precision • Recall
Precision + Recall

(31)

AUC = ∫

1

0
𝑇𝑃𝑅.𝐹𝑃𝑅/ 𝑑.𝐹𝑃𝑅/ (32)

where�g𝑇𝑃𝑅�gand�g𝐹𝑃𝑅�grepresent�gthe�gTrue�gPositive�gRate�gand�gFalse�g
Positive�gRate,�grespectively.

For�gbinary �gclassification,�gthe�gbinary �gcross-entropy�gloss�gis�gdefined�gas:

 = *
1
𝑁

𝑁
∑

𝑖=1

[

𝑦𝑖 log.𝑦̂𝑖/ + .1 * 𝑦𝑖/ log.1 * 𝑦̂𝑖/
]

(33)

where�g𝑦𝑖�gdenotes�gthe�gtrue�glabel,�ĝ𝑦𝑖�gis�gthe�gpredicted�gprobability, �gand�g𝑁
is�gthe�gtotal �gnumber�gof�gsamples.
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Table �g3
Five-fold�gperformance�gof�gthe�gproposed�gattention-based�gfusion�gmodel�gfor�gSVM.

Training

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9589 0.9619 0.9557 0.9588 0.9923 0.00521 �g
�g2 0.9153 0.9381 0.8893 0.9131 0.9752 0.07031 �g
�g3 0.9388 0.9365 0.9414 0.9389 0.9839 0.03646 �g
�g4 0.9212 0.9284 0.9127 0.9205 0.9754 0.03646 �g
�g5 0.9694 0.9724 0.9661 0.9693 0.9955 0.07552 �g
�gMean�g, �gSD 0.9407 �g, �g0.0028 0.9475 �g, �g0.0032 0.9330 �g, �g0.0040 0.9401 �g, �g0.0030 0.9845 �g, �g0.00001 0.0057 �g, �g0.0028 �g

Testing

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9948 0.9948 0.9948 0.9948 0.9996 0.0052 �g
�g2 0.9297 0.8986 0.9688 0.9323 0.9843 0.0703 �g
�g3 0.9635 0.9320 1.0000 0.9648 0.9985 0.0365 �g
�g4 0.9609 0.9836 0.9375 0.9600 0.9961 0.0391 �g
�g5 0.9245 0.9503 0.8958 0.9223 0.9812 0.0755 �g
�gMean�g, �gSD 0.9547 �g, �g0.0286 0.9519 �g, �g0.0390 0.9593 �g, �g0.0433 0.9548 �g, �g0.0287 0.9919 �g, �g0.0086 0.0453 �g, �g0.0286 �g

Fig.�g13.�gReceiver�goperating�gcharacteristic�gcurve�gfor�gGroup�g5-Fold�gbased�gclassification�gusing�gSVM.

Results �gand �gdiscussion

SVM�gclassification�gresults

The�gSVM�gclassifier�gdemonstrates�ghigh�gperformance�gon�gboth�gtrain-
ing�gand�gtesting�gdatasets�g(Table�g�g3).�gThe�gmean�gtraining �gaccuracy�gis�g
0.9407�g, �g0.0028,�gand�gthe�gaverage�gtesting�gaccuracy�gis�g0.9547�g, �g0.0286,�g
indicating �gstrong�ggeneralization�gwith �gminimal �goverfitting. �gSimilarly, �g
the�gAUC�gvalues�gare�gvery�ghigh�g(0.9919�g, �g0.0086�gfor �gtesting),�gwhich �g
reflects�gexcellent�gclass�gdiscrimination. �gThe�glow �gloss�gvalues�gconfirm �g
stable�gconvergence�gduring �gtraining. �gOverall,�gthe�gSVM�gwith �gRBF�gkernel�g
is�ghighly �geffective�gfor �ga�gfully �gfused�gfeature�gdataset,�gdue�gto�gits�gability �gto�g
handle�gnon-linear �gseparability �gin�ghigh-dimensional �gspace.

Fig.�g�g13�gshows�gthe�gROC�gcurves�gfor �gall �gfive�gcross-validation�gfolds.�g
These�gcurves�gdemonstrate�gconsistent�gclassification�gperformance�gacross�g
all �gfolds�gwith �gslight �gvariations. �gEach�gcurve�gremains�gclose�gto�gthe�gtop-left �g
corner,�gwhich �gdemonstrate�gthe�ghigh�gtrue�gpositive�grates�gat�gvery�glow �gfalse�g
positive�grates.�gIn�gaddition, �gminimal �gvariations �gacross�gfolds�gindicate �gthat �g
the�gmodel�ghas�gstrong�gstability, �grobustness,�gand�gexcellent�ggeneralization�g

capability �gacross�gdifferent �gdata�gsplits.�gSimilarly, �gconfusion�gmatrices�g
across�gall �gfolds�gare�grepresented�gin�gFig.�g�g14.

LDA�gclassification�gresults

The�gtesting�gaccuracy�greported�gby�gLDA�gis�g0.9891�g, �g0.0137,�gas�gpre-
sented�gin�gTable�g�g4.�gThis�gindicates�gthat �gLDA�ggives�grobust�ggeneralization�g
with �gvery�glow �gvariance.�gLDA�galso�gshows�ghigh�gprecision�gand�grecall,�g
suggesting�git �gis�geffective�gin�gidentifying �gboth�gclasses�gcorrectly. �gHowever,�g
LDA�gis�ginherently �ga�glinear �gclassifier,�gand�gwhile �gthe�gcurrent �gdataset�g
appears�gto�gbe�glinearly �gseparable�gto�ga�glarge�gextent,�git �gmay�gnot�gcapture�g
complex�gnonlinear �grelationships.�gTo�gfurther �gconfirm �gthe�grobustness�gof�g
the�gfused�gfeature�gset,�gthe�gclassification�gis�gperformed�gusing�gMLP.

To�gfurther �gvalidate �gthe�gdiscriminative �gcapability �gof�gthe�gfusion�gmodel,�g
AUC�ROC�gcurves�gwere�gplotted �gfor �geach�gtest�gfold, �gas�gshown�gin�gFig.�g�g15.�g
The�gROC�gcurves�gillustrate �gthe�grelationship �gbetween�gthe�gTrue�gPositive�g
Rate�g(TPR)�gand�gthe�gFalse�gPositive�gRate�g(FPR)�gunder�gvarying �gdecision�g
thresholds.�gAcross�gall �gfolds,�gthe�gmodel�gconsistently�gachieved�ghigh�gAUC�g
values,�gindicating �ghigh�gclass�gseparability. �gFig.�g�g16�gshowing�gthe�gconfusion�g
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Fig.�g14.�gConfusion�gmatrix �gfor�gGroup�g5-Fold�gbased�gclassification�gusing�gSVM.

Table �g4
Five-fold�gperformance�gof�gthe�gproposed�gattention-based�gfusion�gmodel�gfor�gLDA.

Training

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9967 0.9974 0.9961 0.9967 0.9999 0.0033 �g
�g2 0.9935 0.9948 0.9922 0.9935 0.9996 0.0065 �g
�g3 0.9954 0.9948 0.9961 0.9954 0.9999 0.0046 �g
�g4 0.9909 0.9948 0.9870 0.9909 0.9994 0.0091 �g
�g5 0.9928 0.9974 0.9883 0.9928 0.9996 0.0072 �g
�gMean�g, �gSD 0.9939 �g, �g0.0023 0.9958 �g, �g0.0014 0.9919 �g, �g0.0043 0.9939 �g, �g0.0023 0.9997 �g, �g0.0002 0.0061 �g, �g0.0023 �g

Testing

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9688 0.9545 0.9844 0.9692 0.9970 0.0313 �g
�g2 0.9974 0.9948 1.0000 0.9974 1.0000 0.0026 �g
�g3 0.9818 0.9894 0.9740 0.9816 0.9967 0.0182 �g
�g4 1.0000 1.0000 1.0000 1.0000 1.0000 0.0000 �g
�g5 0.9974 0.9948 1.0000 0.9974 1.0000 0.0026 �g
�gMean�g, �gSD 0.9891 �g, �g0.0137 0.9867 �g, �g0.0186 0.9917 �g, �g0.0126 0.9891 �g, �g0.0137 0.9987 �g, �g0.0016 0.0109 �g, �g0.0137 �g

matrices�gfor �gdifferent �gfolds,�galso�gindicate �ggood�gperformance�gwith �gvery�g
few�gfalse�gpositives�gand�gfalse�gnegatives.

MLP�gclassification�gresults
The�gtraining �gaccuracy�greported�gby�gMLP�gis�g0.9074�g, �g0.0235,�gand�g

testing�gaccuracy�gis�g0.8349�g, �g0.0636�gin�gTable�g�g5,�gwhich �gis�gslightly �glower �g
than�gboth�gSVM�gand�gLDA.�gThe�ghigher�gstandard�gdeviation �gin�gtesting�g
metrics�gsuggests�gthat �gthe�gMLP�gmodel�gexhibits�ggreater�gsensitivity �gto�g
data�gsplits,�gdue�gto�gits�ghigher�glearnability �gand�gthe�grisk�gof�goverfitting �gin�g
relatively �gsmall�gdatasets.�gNevertheless,�gthe�gMLP�gachieves�gcompetitive �g
F1�gscores�gand�gAUC�gvalues,�gindicating �gthat �git �gstill �gcaptures�gmeaningful �g
non-linear �gpatterns�gin�gthe�gdata.

The�gROC�gcurves�gacross�gthe�gfive�gfolds,�gin�gFig.�g�g17,�gindicate �ggood�g
overall �gclassification�gperformance,�gthough�gwith �ggreater�gvariability �gcom-
pared�gto�gthe�gprevious�gfigure. �gWhile �gmost�gfolds�gachieve�ghigh�gtrue�gpositive�g
rates�gat�grelatively �glow �gfalse�gpositive�grates,�gsome�gcurves�grise�gmore�g
gradually, �gsuggesting�gmoderate�gdifferences�gin�gdiscriminative �gcapability �g

and�gslightly �greduced�gstability �gacross�gdata�gsplits.�gPerformance�gof�gMLP�g
is�gpoor�gthan�gSVM�gand�gLDA,�gas�gindicated �gby�gthe�gnumber�gof�gwrong�g
predictions�gin�gFig.�g�g18.

Tables�g�g3,�g4,�gand�g5�gpresent�gthe�gclassification�gperformances�g(Train-
ing) �gacross�gall �gfive�gfolds�gfor �gSVM,�gMLP�gand�gLDA,�grespectively.�gThe�g
results�gconfirm �gthat �gthe�gproposed�gfusion�gapproach�geffectively �gmitigates�g
overfitting �gand�gpreserves�gthe�gdiscriminative �gpower�gacross�gsubjects.

Ablation�gstudy

To�gcompare�gthe�geffectiveness�gof�gfused�gfeatures,�gthe�gclassification�g
results�gof�gthe�gfused�gfeature�gset�gare�gcompared�gwith �gthe�gindividual �gfeature�g
set.�gThe�gclassification�gresults�gobtained�gfrom �gindividual �gfeatures�gfrom �g
Transfer�gEntropy�gTE,�gMicrostates�gMS,�gand�gGranger�gCausality�gGC�gshowed�g
overall �gmoderate�gperformances�gin�gTables�g�g6,�g7 and 8�gfor �gSVM,�gLDA�g
and�gMLP�grespectively.�gEach�gset�gof�gfeature�gmodalities �gcaptures�ga�gdistinct �g
brain �gfunctional �gstate.
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Fig.�g15.�gReceiver�goperating�gcharacteristic�gcurve�gfor�gGroup�g5-Fold�gbased�gclassification�gusing�gLDA.

Fig.�g16.�gConfusion�gmatrix �gfor�gGroup�g5-Fold�gbased�gclassification�gusing�gLDA.

Among�gall �gthree�gclassifiers,�gthe�gMicrostate�gfeatures�ggave�gthe�ghigh-
est�gclassification�gperformance�gwith �gSVM,�gwith �ga�gmean�gaccuracy�gof�g
0.6125�g, �g0.0745.�gDespite�gcapturing �gthe�gtransient�gtopographical �gcon-
figurations �gof�gbrain �gactivity, �gthe�gresults�gindicate �ginconsistent�ggeneral-
ization, �gsuggesting�gthat �gMicrostate�gdynamics�galone�gmay�gnot�gsufficiently �g
represent�gthe�gdiscriminative �gtemporal�gdependencies�grequired�gfor �grobust�g
stress-relax�gseparation.

The�gGranger�gCausality�gfeatures�gachieved�ghighest�gaccuracy�gof
0.8695�g, �g0.0723�gand�gan�gAUC�gof�g0.9339�g, �g0.0406�gfor �gMLP.�gWhile �gGC�g

captures�glinear �gcausal�grelationships�gamong�gEEG�gchannels,�gits�gperfor-
mance�gremained�gbelow�gthat �gof�gTE,�greflecting �gits�glimitation �gin�gmodeling�g
nonlinear �ginformation �gtransfer.

TE�gfeatures�gemerge�gas�gthe�gmost�gpowerful �gand�greliable �gdescriptors�g
for �gthis�gclassification�gtask.�gSupporting�gtheir �gintegration �ginto �gmultimodal �g
fusion�gframeworks�gfor �genhanced�gEEG-based�gdiscrimination. �gFor�gall �g
three�gclassifiers�gand�gfor �gall �gthree�gfeature�gsets�gobtained�gfrom �gdifferent �g
modalities, �ga�gsimilar �gbehavior�gwas�gobserved,�gdepicted�gby�geach�gfeature�g
set.�gHowever,�gcombining �gthese�gfeatures�gusing�gan�gattention �gmechanism�g
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Table �g5
Group�g5-Fold�gbased�gperformance�gof�gthe�gproposed�gattention-based�gfusion�gmodel�gfor�gMLP.

Training

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9287 0.9067 0.9689 0.8973 0.9379 0.0713 �g
�g2 0.9349 0.9987 0.9389 0.9087 0.9281 0.0651 �g
�g3 0.8934 0.9671 0.8678 0.8209 0.9190 0.1066 �g
�g4 0.8799 0.8978 0.8456 0.8480 0.9876 0.1201 �g
�g5 0.9001 0.8587 0.9467 0.8097 0.9182 0.0999 �g
�gMean�g, �gSD 0.9074 �g, �g0.0235 0.9258 �g, �g0.0556 0.9136 �g, �g0.0498 0.8569 �g, �g0.0410 0.9382 �g, �g0.0281 0.0926 �g, �g0.0235 �g

Testing

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8802 0.8174 0.9792 0.8910 0.9723 0.1198 �g
�g2 0.7396 0.6949 0.8542 0.7664 0.9021 0.2604 �g
�g3 0.8776 0.8680 0.8906 0.8792 0.9520 0.1224 �g
�g4 0.7969 0.7767 0.8333 0.8040 0.9071 0.2031 �g
�g5 0.8802 0.9506 0.8021 0.8701 0.9607 0.1198 �g
�gMean�g, �gSD 0.8349 �g, �g0.0636 0.8215 �g, �g0.0950 0.8719 �g, �g0.0691 0.8423 �g, �g0.0566 0.9388 �g, �g0.0307 0.1651 �g, �g0.0636 �g

Fig.�g17.�gReceiver�goperating�gcharacteristic�gcurve�gfor�gGroup�g5-Fold�gbased�gclassification�gusing�gMLP.

carefully �gextracts�gthe�gmost�geffective�gfeatures�gfrom �gall �gthree�gmodalities �gto�g
provide �gmore�gpowerful �gand�grobust�gclassification,�gas�gexplained�gin�gearlier�g
sections.

Granger�gcausality�gand�gtransfer�gentropy�gfusion
The�gfusion�gof�gTransfer�gEntropy�gand�gGranger�gCausality�gfeatures�g

yielded�ga�gsignificant �gperformance�gin�gclassification�gperformance�gcom-
pared�gto�gthe�gindividual �gmodalities. �gAs�gshown�gin�gTables�g�g9� 11�gthe�gcom-
bined�gTE+GC�gmodel�gachieved�ga�gmean�gtesting�gaccuracy�gof�g0.9526�g,
0.0453,�gF1-score�gof�g0.9497�g, �g0.0416,�gand�gan�gexceptionally �ghigh�gAUC�g
of�g0.9803�g, �g0.0245�gusing�gSVM�gModel,�gdemonstrating�gstrong�ggeneral-
ization �gand�gdiscriminative �gcapability �gacross�gfolds.�gThis�gimprovement �g
suggests�gthat �gfusing�gnonlinear �g(Transfer�gEntropy) �gand�glinear �g(Granger�g
Causality)�gcausal�gdynamics�gprovides�ga�gmore�gcomprehensive�gcharacter-
ization �gof�geffective�gbrain �gconnectivity, �gcapturing �gboth�gcomplex�gdirec-
tional �ginformation �gflow �gand�gstable�gcausal�gdependencies.

The�gthree�gROC�gplots,�gin�gFig.�g�g19,�gillustrate �gvarying �glevels�gof�gclassifi-
cation�gperformance�gacross�gthe�gfive�gfolds.�gThe�gbest�gperformance�gis�gillus-
trated�gin�gmiddle �gplot �gwhich �gis�gfor �gSVM�gmodel.�gIt �gdemonstrates�gexcellent�g
and�ghighly �gconsistent�gperformance,�gwith �gcurves�gclosely�gapproaching�g
the�gtop-left �gcorner.�gThese�gcurves�gindicate �ghigh�gtrue�gpositive�grates�gat�g
very�glow �gfalse�gpositive�grates.�gIn�gcontrast,�gthe�gleft �gplot �gshows�gmoderate�g

performance�gwith �gnoticeable�gvariability �gamong�gfolds,�gsuggesting�gless�g
stable�ggeneralization.�gThe�gright �gplot �greflects�ggood�goverall �gdiscrimi-
nation, �gthough�gsome�gfolds�grise�gmore�ggradually, �gindicating �gmoderate�g
differences�gin�gsensitivity �gacross�gdata�gsplits.

Granger�gcausality�gand�gmicrostates�gfusion
The�gperformance�gresults�gof�gthe�gMicrostates�gFeatures,�gand�gGranger�g

Causality�gfeatures�gindicate �gmoderate�gdiscriminative �gcapability �gduring �g
training �gand�glimited �ggeneralization�gon�gthe�gtest�gdata,�gas�gshown�gin�gTa-
bles�g�g12� 14.�gDuring �gtraining, �gthe�gmodel�gachieved�gan�gaverage�gaccu-
racy�gof�g0.7891�g, �g0.0614,�gprecision�gof�g0.7874�g, �g0.0545,�grecall�gof�g
0.7958�g, �g0.0849,�gand�gan�gF1�gscore�gof�g0.7899�g, �g0.067,�gwith �ga�gmean�g
AUC�gof�g0.8419�gfor �gMLP.�gFor�gSVM,�gan�gaverage�gaccuracy�gwas�gobtained�g
to�gbe�g70.00%.

These�gvalues�gsuggest�gthat �gthe�gextracted�gfeatures�gwere�gable�gto�gcapture�g
meaningful �gclass-specific�gpatterns�gto�gsome�gextent.�gHowever,�gthe�gtesting�g
phase�gshows�ga�gconsiderable�gperformance�gdrop.�gTable�g�g14�gshows�ga�gsimilar �g
behavior�gby�gSVM,�gwhich �gdepicts�gthat �gMS�gand�gGC�gare�gnot�gcomplemen-
tary �gwhen�gfused.�gThis�gdiscrepancy�gbetween�gtraining �gand�gtesting�gresults�g
may�gindicate �gpotential �goverfitting �gor�gthat �gthe�gMS�gand�gGC�gfeatures�galone�g
are�gnot�gsufficiently �grobust�gfor �gdistinguishing �gbetween�gthe�gtwo �gclasses.

The�gcomparative�gROC�ganalysis�gacross�gthree�gmodels�gin�gFig.�g�g20,�gre-
veals�gdistinct �gperformance�gpatterns.�gThe�gfirst �gmodel�gexhibits�gmoderate�g
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Fig.�g18.�gConfusion�gmatrix �gfor�g5-fold �gcross-validation-based�gclassification�gusing�gMLP.

Table �g6
Group�g5-Fold�gbased�gperformance�gof�gindividual �gfeature�gmodalities�gusing�gSVM.

Granger�gCausality�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6250 0.6000 0.7500 0.6667 0.3281 0.3750 �g
�g2 0.6875 0.7143 0.6250 0.6667 0.4062 0.3125 �g
�g3 0.5000 0.5000 0.5000 0.5000 0.4844 0.5000 �g
�g4 0.7500 0.7500 0.7500 0.7500 0.2812 0.2500 �g
�g5 0.6250 0.6000 0.7500 0.6667 0.2969 0.3750 �g
�gMean�g, �gSD 0.6375 �g, �g0.0919 0.6329 �g, �g0.1003 0.6750 �g, �g0.1118 0.6500 �g, �g0.0913 0.3594 �g, �g0.0855 0.3625 �g, �g0.0919 �g

Transfer�gEntropy�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.5339 0.5528 0.3542 0.4317 0.5660 0.4661 �g
�g2 0.5573 0.5705 0.4635 0.5115 0.5889 0.4427 �g
�g3 0.5000 0.5000 0.5417 0.5200 0.4768 0.5000 �g
�g4 0.4740 0.4597 0.2969 0.3608 0.4562 0.5260 �g
�g5 0.4974 0.4969 0.4167 0.4533 0.5045 0.5026 �g
�gMean�g, �gSD 0.5125 �g, �g0.0344 0.5160 �g, �g0.0446 0.4146 �g, �g0.0961 0.4555 �g, �g0.0635 0.5185 �g, �g0.0581 0.4875 �g, �g0.0344 �g

Microstates�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6250 0.6000 0.7500 0.6667 0.2344 0.3750 �g
�g2 0.5625 0.5556 0.6250 0.5882 0.5000 0.4375 �g
�g3 0.6875 0.6667 0.7500 0.7059 0.2188 0.3125 �g
�g4 0.6875 0.6667 0.7500 0.7059 0.3281 0.3125 �g
�g5 0.5000 0.5000 0.3750 0.4286 0.4688 0.5000 �g
�gMean�g, �gSD 0.6125 �g, �g0.0745 0.5978 �g, �g0.0709 0.6500 �g, �g0.1500 0.6191 �g, �g0.1104 0.3509 �g, �g0.1113 0.3875 �g, �g0.0745 �g

discrimination �gwith �gnoticeable�ginter-fold �gvariability. �gThe�gsecond�gmodel�g
demonstrates�gunstable�gand�ginconsistent�gbehavior,�gwith �gsome�gfolds�gap-
proaching�grandom�gclassification.�gIn�gcontrast,�gthe�gthird �gmodel�gachieves�g
superior�gand�gconsistent�gperformance,�gwith �gcurves�gconcentrated�gnear�gthe�g
top-left �gcorner,�gindicating �grobust�ggeneralization�gand�ghigher�gpredictive �g
reliability.

Transfer�gentropy�gand�gmicrostates�gfusion
The�gfusion�gof�gMicrostate�gand�gTransfer�gEntropy�gfeatures�gdemonstrates�g

a�ghighly �geffective�grepresentation�gof�gEEG�gdynamics,�gresulting �gin�gstrong�g
discriminative �gperformance�gfor �gLDA,�gMLP�gand�gSVM�gas�gpresented�gin�g

Tables�g�g15� 17.�gThe�gaverage�gtraining �gaccuracy�gof�g0.8008�g, �g0.0345�g
with �gan�gAUC�gof�g0.8642�g, �g0.0324�gindicates�gthat �gthe�gmodel�geffectively �g
learned�gclass-specific�gtemporal�gand�gspatial�gpatterns�gfrom �gthe�gfused�g
features�gwhen�gclassified�gusing�gLDA.�gThe�gmean�gtesting�gaccuracy�gof�g
0.6266�g, �g0.1360�gand�gF1�gscore�gof�g0.6419�g, �g0.1182�gconfirm �gthe�gro-
bustness�gand�ggeneralization�gcapability �gof�gthe�gfusion�gapproach.�gUpon�g
evaluation �gof�gother�grelated�gparameters,�git �gis�gobserved�gthat �gTransfer�g
Entropy�goutperformed �gthe�gbinary �gas�gwell �gas�gfull-fusion �gof�gfeatures�gfor �g
MLP.

The�gsuperior�gperformance�gof�gfusion,�gcompared�gto�gthe�gindividual �g
modalities �g(Microstates�gor,�gTransfer�gEntropy�galone)�gdemonstrates�gthat �g
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Table �g7
Group�g5-fold �gbased�gperformance�gof�gIndividual �gfeature�gmodalities�gLDA.

Granger�gCausality�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6667 0.6798 0.6302 0.6541 0.7595 0.3333 �g
�g2 0.5365 0.5729 0.2865 0.3819 0.5735 0.4635 �g
�g3 0.6901 0.6973 0.6719 0.6844 0.7689 0.3099 �g
�g4 0.8073 0.7783 0.8594 0.8168 0.7718 0.1927 �g
�g5 0.6771 0.6382 0.8177 0.7169 0.7402 0.3229 �g
�gMean�g, �gSD 0.6753 �g, �g0.0934 0.6733 �g, �g0.0693 0.6335 �g, �g0.2010 0.6500 �g, �g0.1574 0.7228 �g, �g0.0884 0.3245 �gv�g0.0972 �g

Microstates�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.5651 0.5796 0.4740 0.5215 0.5951 0.4349 �g
�g2 0.4740 0.4777 0.5573 0.5144 0.4740 0.5260 �g
�g3 0.5625 0.5432 0.7865 0.6426 0.5382 0.4375 �g
�g4 0.5365 0.5350 0.5573 0.5459 0.5338 0.4635 �g
�g5 0.5339 0.5596 0.3177 0.4053 0.5666 0.4661 �g
�gMean�g, �gSD 0.5420 �g, �g0.0373 0.5392 �g, �g0.0367 0.5387 �g, �g0.1579 0.5259 �g, �g0.0920 0.5412 �g, �g0.0440 0.4578 �g, �g0.0353 �g

Transfer�gEntropy�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8281 0.8938 0.7448 0.8125 0.8685 0.1719 �g
�g2 0.6536 0.6725 0.5990 0.6336 0.6697 0.3464 �g
�g3 0.6250 0.6200 0.6458 0.6327 0.6397 0.3750 �g
�g4 0.7344 0.7778 0.6563 0.7119 0.7807 0.2656 �g
�g5 0.6615 0.6582 0.6719 0.6649 0.6113 0.3385 �g
�gMean�g, �gSD 0.7005 �g, �g0.0885 0.7249 �g, �g0.1154 0.6636 �g, �g0.0535 0.6717 �g, �g0.0751 0.6941 �g, �g0.1042 0.2995 �g, �g0.0613 �g

Table �g8
Group�g5-fold �gbased�gperformance�gof�gindividual �gfeature�gmodalities�gusing�gMLP.

Granger�gCausality�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8490 0.8988 0.7865 0.8389 0.9034 0.1520 �g
�g2 0.7630 0.7919 0.7135 0.7507 0.8534 0.2370 �g
�g3 0.9505 1.0000 0.9010 0.9479 0.9459 0.0495 �g
�g4 0.9010 0.8738 0.9375 0.9045 0.9523 0.0990 �g
�g5 0.8828 0.8210 0.9792 0.8931 0.9790 0.1172 �g
�gMean�g, �gSD 0.8695 �g, �g0.0723 0.8771 �g, �g0.0800 0.8635 �g, �g0.0866 0.8670 �g, �g0.0767 0.9260 �g, �g0.0480 0.1329 �g, �g0.0676 �g

Transfer�gEntropy�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9427 0.9885 0.8958 0.9399 0.9559 0.0573 �g
�g2 0.8958 0.9000 0.8906 0.8953 0.9730 0.1042 �g
�g3 0.8359 0.8525 0.8125 0.8320 0.8839 0.1641 �g
�g4 0.8464 0.8446 0.8490 0.8468 0.9469 0.1536 �g
�g5 0.8307 0.8009 0.8802 0.8387 0.9100 0.1693 �g
�gMean�g, �gSD 0.8703 �g, �g0.0549 0.8773 �g, �g0.0736 0.8656 �g, �g0.0319 0.8705 �g, �g0.0418 0.9339 �g, �g0.0406 0.1297 �g, �g0.0455 �g

Microstates�gFeatures

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.4896 0.4895 0.4844 0.4869 0.4680 0.5104 �g
�g2 0.4844 0.4831 0.4479 0.4649 0.4465 0.5156 �g
�g3 0.4948 0.4958 0.6094 0.5467 0.4918 0.5052 �g
�g4 0.5599 0.5673 0.5052 0.5344 0.5663 0.4401 �g
�g5 0.5651 0.5839 0.4531 0.5103 0.5606 0.4349 �g
�gMean�g, �gSD 0.5186 �g, �g0.0367 0.5239 �g, �g0.0411 0.5003 �g, �g0.0681 0.5086 �g, �g0.0315 0.5066 �g, �g0.0485 0.4712 �g, �g0.0367 �g

combining �gmicrostate-based�gtemporal.�gStability �gwith �gthe�gdirectional �g
information �gflow �gcaptured�gby�gtransfer�gentropy�gprovides�ga�gmore�gcompre-
hensive�gfeature�gspace,�gleading�gto�genhanced�gclassification�gperformance.

The�gROC�gcurves�gacross�gthe�gthree�gmodels,�gin�gFig.�g�g21,�gindicate �gmod-
erate�gand�gvariable�gclassification�gperformance.�gIn�gthe�gfirst �gplot, �gseveral�g
folds�gremain�gclose�gto�gthe�gdiagonal,�gsuggesting�glimited �gdiscriminative �g
ability, �gwhile �gone�gfold �gperforms�gcomparatively �gbetter.�gThe�gsecond�gplot �g
shows�gimproved �gbut�ginconsistent�gperformance�gacross�gfolds.�gThe�gthird �g
plot �gdemonstrates�grelatively �gstronger�gand�gmore�gstable�gdiscrimination, �g
with �gmost�gfolds�gachieving�ghigher�gtrue�gpositive�grates�gat�glower �gfalse�g
positive�grates,�gindicating �gcomparatively �gbetter�ggeneralization.

Results�ganalysis

Among�gthe�gthree�gdifferent �gfeature�gsets,�gTransfer�gEntropy�gachieved�g
the�ghighest�gdiscriminating �gresults�gwith �gthe�gaccuracy�gof�g87%�gas�gcom-
pared�gto�gthe�gother�gtwo �gfeature�gsets,�gGranger�gCausality�g(86%)�gand�g
Microstates�gfeatures�g(54%)�gfor �gMLP.�gThis�gtells�gus�gthat �gTE�gis�gefficient �gin�g
capturing �gthe�gnon-linearity �gbetween�gdifferent �gneuronal�gregions�gwhile �g
the�gbrain �gis�gundergoing�gstrong�gmental�gactivity, �gwhich �gincreases�gthe�g
stress�glevel.�gGC,�ghowever,�gtried �gto�gbuild �gthe�glinear �gcausal�glink �gbetween�g
brain �gregions.�gIn�gcontrast�gto�gthis,�gmicrostates�gshowed�glower �gaccuracies�g
of�g51%,�gwhich �gindicate �glimited �gperformance.�gThese�gresults�gindicate �g
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Table �g9
Group�g5-Fold�gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gSVM�gclassifier�gusing�gcombined�gTransfer�gEntropy�g(TE)�gand�g
Granger�gCausality�g(GC)�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8743 0.8890 0.8555 0.8719 0.9467 0.1257 �g
�g2 0.9479 0.9574 0.9375 0.9474 0.9887 0.0521 �g
�g3 0.9661 0.9735 0.9583 0.9659 0.9929 0.0339 �g
�g4 0.9616 0.9683 0.9544 0.9613 0.9944 0.0384 �g
�g5 0.9297 0.9447 0.9128 0.9285 0.9825 0.0703 �g
�gMean�g, �gSD 0.9351 �g, �g0.0358 0.9460 �g, �g0.0354 0.9235 �g, �g0.0370 0.9354 �g, �g0.0344 0.9813 �g, �g0.0192 0.0641 �g, �g0.0330 �g

Testing�gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 1.0000 1.0000 1.0000 1.0000 1.0000 0.0000 �g
�g2 0.9688 0.9787 0.9583 0.9684 0.9945 0.0312 �g
�g3 0.8854 0.9744 0.7917 0.8736 0.9331 0.1146 �g
�g4 0.9375 0.9667 0.9063 0.9355 0.9779 0.0625 �g
�g5 0.9714 0.9840 0.9583 0.9710 0.9958 0.0286 �g
�gMean�g, �gSD 0.9526 �g, �g0.0453 0.9807 �g, �g0.0103 0.9229 �g, �g0.0840 0.9497 �g, �g0.0416 0.9803 �g, �g0.0245 0.0474 �g, �g0.0386 �g

Table �g10
Group�g5-Fold�gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gLDA�gclassifier�gusing�gcombined�gTransfer�gEntropy�g(TE)�gand�g
Granger�gCausality�g(GC)�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8874 0.8940 0.8789 0.8864 0.9594 0.1126 �g
�g2 0.8333 0.8055 0.8789 0.8406 0.9257 0.1667 �g
�g3 0.7500 0.7270 0.8008 0.7621 0.8356 0.2500 �g
�g4 0.8568 0.8495 0.8672 0.8582 0.9201 0.1432 �g
�g5 0.8346 0.8002 0.8919 0.8436 0.9152 0.1654 �g
�gMean�g, �gSD 0.8324 �g, �g0.0504 0.8152 �g, �g0.0644 0.8637 �g, �g0.0379 0.8182 �g, �g0.0465 0.9116 �g, �g0.0448 0.1676 �g, �g0.0481 �g

Testing�gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6068 0.5735 0.8333 0.6794 0.7740 0.3932 �g
�g2 0.6484 0.6278 0.7292 0.6747 0.7465 0.3516 �g
�g3 0.5885 0.5733 0.6927 0.6274 0.5946 0.4115 �g
�g4 0.6823 0.8070 0.4792 0.6013 0.6604 0.3177 �g
�g5 0.6667 0.6739 0.6458 0.6596 0.7225 0.3333 �g
�gMean�g, �gSD 0.6385 �g, �g0.0349 0.6519 �g, �g0.1007 0.6560 �g, �g0.1405 0.6487 �g, �g0.0310 0.6997 �g, �g0.0727 0.3615 �g, �g0.0381 �g

Table �g11
Group�g5-Fold�gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gMLP�gclassifier�gusing�gcombined�gTransfer�gEntropy�g(TE)�gand�g
Granger�gCausality�g(GC)�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9590 0.9608 0.9570 0.9589 0.9894 0.0410 �g
�g2 0.9661 0.9520 0.9818 0.9667 0.9965 0.0339 �g
�g3 0.9753 0.9854 0.9648 0.9750 0.9964 0.0247 �g
�g4 0.9583 0.9757 0.9401 0.9576 0.9934 0.0417 �g
�g5 0.9186 0.8935 0.9505 0.9211 0.9780 0.0814 �g
�gMean�g, �gSD 0.9551 �g, �g0.0204 0.9535 �g, �g0.0361 0.9585 �g, �g0.0165 0.9551 �g, �g0.0195 0.9902 �g, �g0.0079 0.0445 �g, �g0.0204 �g

Testing�gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6901 0.6398 0.8698 0.7373 0.7551 0.3099 �g
�g2 0.7318 0.7032 0.8021 0.7494 0.8372 0.2682 �g
�g3 0.6901 0.7325 0.5990 0.6590 0.7416 0.3099 �g
�g4 0.7031 0.7321 0.6406 0.6833 0.8225 0.2969 �g
�g5 0.7031 0.7532 0.6042 0.6705 0.7994 0.2969 �g
�gMean�g, �gSD 0.7036 �gv�g0.0166 0.7122 �g, �g0.0451 0.7033 �g, �g0.1015 0.6999 �g, �g0.0414 0.7913 �gv�g0.0343 0.2956 �g, �g0.0172 �g

that �gindividual �gfeatures�gare�gnot�gsufficient �gto�gcapture�gunderlying �gneural�g
dynamics�gwhen�gclassified�gusing�gMLP.

This�gmay�gbe�gbecause�gthe�gcortical �gregion�gis�gunder�ghighly �gnon-linear �g
intrinsic �ginteractions, �gwhich �gresult�gin�gdiminishing �gits�glinear �gproperties.�g
The�gmicrostate�gcaptured�gin�gstressful�gconditions�gis�ga�grelatively �gnewer�g

direction. �gWe�gobtained�gnew�gsets�gof�gtopographical �gmaps�gwith �ga�gde-
fined�gmethodology�gthat �gcarefully �grepresents�gthe�gbrain �gimages�gin�gstress-
ful �gstates.�gThe�gdiscriminating �gpower�gof�gmicrostates�gindicates�gthat �gthe�g
obtained�gquasi-stable�gbrain �gconfigurations �gmay�glack�gthe�gfine-grained�g
temporal�gdependencies�gfor �gdiscrimination �gwhen�gin�gisolation.
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Fig.�g19.�gROC�gcurves�gfor�ggroup�g5-fold �gbased�gvalidation �gfor�gTE�gand�gGC�gfusion.�gLDA�g(left), �gSVM�g(center),�gMLP�g(right).

Table �g12
Group�g5-Fold�gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gSVM�gclassifier�gusing�gcombined�gMicrostates�g(MS)�gand�gGranger�g
Causality�g(GC)�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8438 0.8235 0.8750 0.8485 0.0713 0.1562 �g
�g2 0.9375 0.9375 0.9375 0.9375 0.9922 0.0625 �g
�g3 0.9688 1.0000 0.9375 0.9677 0.0000 0.0312 �g
�g4 0.8750 0.8750 0.8750 0.8750 0.0723 0.1250 �g
�g5 0.8125 0.8571 0.7500 0.8000 0.1328 0.1875 �g
�gMean�g, �gSD 0.8879 �g, �g0.0613 0.8780 �g, �g0.0681 0.8750 �g, �g0.0670 0.8657 �g, �g0.0625 0.2531 �g, �g0.4127 0.1321 �g, �g0.0569 �g

Testing�gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.7500 0.7000 0.8750 0.7778 0.1250 0.2500 �g
�g2 0.6250 0.5714 1.0000 0.7273 0.8281 0.3750 �g
�g3 0.7500 0.8333 0.6250 0.7143 0.1406 0.2500 �g
�g4 0.8125 0.8571 0.7500 0.8000 0.1094 0.1875 �g
�g5 0.5625 0.6667 0.2500 0.3636 0.3281 0.4375 �g
�gMean�g, �gSD 0.7000 �g, �g0.0870 0.7257 �g, �g0.1047 0.7000 �g, �g0.2735 0.6766 �g, �g0.1726 0.3063 �g, �g0.2954 0.3000 �g, �g0.0870 �g

Table �g13
Group�g5-Fold�gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gLDA�gclassifier�gusing�gcombined�gMicrostates�g(MS)�gand�gGranger�g
Causality�g(GC)�gfeatures.

Training

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9206 0.9228 0.9180 0.9204 0.9641 0.0794 �g
�g2 0.8613 0.8413 0.8906 0.8653 0.9429 0.1387 �g
�g3 0.8542 0.8358 0.8815 0.8580 0.9331 0.1458 �g
�g4 0.8757 0.8611 0.8958 0.8781 0.9367 0.1243 �g
�g5 0.8945 0.8976 0.8906 0.8941 0.9479 0.1055 �g
�gMean�g, �gSD 0.8819 �g, �g0.0285 0.8713 �g, �g0.0382 0.8951 �g, �g0.0282 0.8832 �g, �g0.0265 0.9445 �g, �g0.0119 0.1187 �g, �g0.0253 �g

Testing�gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6823 0.6434 0.8177 0.7202 0.7190 0.3177 �g
�g2 0.6901 0.6798 0.7188 0.6987 0.8048 0.3099 �g
�g3 0.5000 0.5000 0.4896 0.4947 0.4796 0.5000 �g
�g4 0.6224 0.6667 0.4896 0.5646 0.6088 0.3776 �g
�g5 0.7188 0.7561 0.6458 0.6966 0.7457 0.2812 �g
�gMean�g, �gSD 0.6427 �g, �g0.0820 0.6492 �g, �g0.0949 0.6323 �g, �g0.1375 0.6350 �g, �g0.0860 0.6710 �g, �g0.1237 0.3573 �g, �g0.0856 �g

The�gfusion�gof�gGC�gand�gTE�gusing�gan�gattention �gmechanism�goutper-
formed�gthe�gindividual �gdiscriminating �gpower�gof�gboth�gfeature�gsets�gonly �gfor �g
the�gSVM�gmodel.�gFor�gthe�gremaining �gModels,�gMLP�gand�gLDA,�gthe�gbinary �g
fusion�gperforms�gworse�gthan�gthese�gindividual �gfeatures.�gThis�gindicates�g
that �gGC's�glinear �gand�gTE's�gnon-linear �gcapabilities�gdegrade�gthe�goverall �g
holistic �geffective�gconnectivity. �gThe�gfusion�gof�gGC�gand�gMS�gdegraded�gthe�g
performance�gas�gcompared�gto�gtheir �gindividual �gfeature�gsets.�gIt �greflects�gthe�g
temporal-resolution �gdisparity �gbetween�gGC�gand�gMS.�gGC,�gwhich �gis�gbased�g
on�gtime-series�gcausality�gand�gMicrostates,�gbased�gon�gspatial�temporal �g

clustering,�gintroduce �gextract�gnoise�gduring �gfusion.�gMoreover,�ga�gsignifi-
cant�gdegradation�gin�gperformance�gcan�gbe�gseen�gfor �gvarious�gother�gbinary �g
pairs.�gFor�gexample,�gMS�g+ �gTE�gshowed�gthe�gaccuracy�gof�g62.66%,�gwhich �g
is�gworse�gto�ga�gsignificant �gextent�gwhen�gcompared�gwith �gtheir �gindividual �g
counterparts.�gA�gsimilar �gpattern�gcan�gbe�gobserved�gwith �gMS�g+ �gGC,�gwhich �g
fails�gto�gimprove �gand�gsuggests�ga�gweak�gsynergy�gbetween�gthe�gtwo �gfeatures.

The�gablation �gstudy�gand�gclassification�gresults�gpresented�gby�gfusing�gall �g
features�gsuggest�gthat �gthe�gfully �gfused�gfeatures�ggive�gimproved �gclassifica-
tion �gresults�gwhen�gclassified�gusing�gLDA.�gWhen�gthe�gsignals�gare�gclassified�g
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Table �g14
Five-fold�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gMLP�gclassifier�gusing�gcombined�gMicrostates�g(MS)�gand�gGranger�gCausality�g
(GC)�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9850 0.9895 0.9805 0.9850 0.9996 0.0150 �g
�g2 0.9583 0.9548 0.9622 0.9585 0.9860 0.0417 �g
�g3 0.9831 0.9882 0.9779 0.9830 0.9990 0.0169 �g
�g4 0.9844 0.9819 0.9870 0.9844 0.9980 0.0156 �g
�g5 0.9902 0.9896 0.9909 0.9902 0.9989 0.0098 �g
�gMean�g, �gSD 0.9808 �g, �g0.0125 0.9806 �g, �g0.0137 0.9793 �g, �g0.0109 0.9803 �g, �g0.0122 0.9963 �g, �g0.0062 0.0198 �g, �g0.0121 �g

Testing�gPerformance

�g1 0.7917 0.7414 0.8958 0.8113 0.8494 0.2083 �g
�g2 0.8307 0.8432 0.8125 0.8276 0.8643 0.1693 �g
�g3 0.6771 0.6828 0.6615 0.6720 0.7486 0.3229 �g
�g4 0.7995 0.8142 0.7760 0.7947 0.8703 0.2005 �g
�g5 0.8464 0.8556 0.8333 0.8443 0.8747 0.1536 �g
�gMean�g, �gSD 0.7891 �g, �g0.0614 0.7874 �g, �g0.0545 0.7958 �g, �g0.0849 0.7899 �g, �g0.0671 0.8419 �g, �g0.0480 0.2109 �g, �g0.0595 �g

Fig.�g20.�gROC�gcurves�gfor�ggroup�g5-fold �gbased�gvalidation �gfor�gMS�gand�gGC�gfusion.�gLDA�g(left), �gSVM�g(center),�gMLP�g(right).

Table �g15
Group�g5-fold �gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gSVM�gclassifier�gusing�gcombined�gTransfer�gEntropy�gand�g
Microstates�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.9564 0.9511 0.9622 0.9566 0.9922 0.0436 �g
�g2 0.9668 0.9723 0.9609 0.9666 0.9962 0.0332 �g
�g3 0.9772 0.9754 0.9792 0.9773 0.9970 0.0228 �g
�g4 0.8210 0.8077 0.8424 0.8247 0.8991 0.1790 �g
�g5 0.7760 0.7650 0.7969 0.7806 0.8490 0.2240 �g
�gMean�g, �gSD 0.8995 �g, �g0.0831 0.8949 �g, �g0.0797 0.9085 �g, �g0.0757 0.9019 �g, �g0.0780 0.9265 �g, �g0.0633 0.1005 �g, �g0.0845 �g

Testing�gPerformance

�g1 0.7396 0.7674 0.6875 0.7253 0.7678 0.2604 �g
�g2 0.4714 0.4796 0.6719 0.5597 0.4523 0.5286 �g
�g3 0.5260 0.5410 0.3438 0.4204 0.5930 0.4740 �g
�g4 0.6094 0.5778 0.8125 0.6753 0.6832 0.3906 �g
�g5 0.5677 0.5448 0.8229 0.6556 0.6107 0.4323 �g
�gMean�g, �gSD 0.5824 �g, �g0.0951 0.5821 �g, �g0.1070 0.6673 �g, �g0.1964 0.6078 �g, �g0.1074 0.6114 �g, �g0.1160 0.4152 �g, �g0.0964 �g

Fig.�g21.�gROC�gcurves�gfor�ggroup�g5-fold �gbased�gvalidation �gfor�gTransfer�gEntropy�gand�gMicrostates�gfusion,�gLDA�g(left), �gSVM�g(center),�gMLP�g(right).
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Table �g16
Group�g5-fold �gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gMLP�gclassifier�gusing�gcombined�gTransfer�gEntropy�gand�g
Microstates�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.6302 0.6302 0.6302 0.6302 0.6684 0.3698 �g
�g2 0.7500 0.8750 0.5833 0.7000 0.8874 0.2500 �g
�g3 0.5964 0.5768 0.7240 0.6420 0.5596 0.4036 �g
�g4 0.7318 0.7486 0.6979 0.7224 0.7897 0.2682 �g
�g5 0.8750 0.9000 0.8438 0.8710 0.9706 0.1250 �g
�gMean�g, �gSD 0.7167 �g, �g0.0973 0.7461 �g, �g0.1176 0.6956 �g, �g0.0973 0.7133 �g, �g0.0942 0.7759 �g, �g0.1545 0.2633 �g, �g0.0963 �g

Testing�gPerformance

�g1 0.5625 0.5583 0.5990 0.5779 0.6341 0.4375 �g
�g2 0.5677 0.7708 0.1927 0.3083 0.7295 0.4323 �g
�g3 0.5182 0.5131 0.7135 0.5970 0.4942 0.4818 �g
�g4 0.6589 0.6432 0.7135 0.6765 0.6826 0.3411 �g
�g5 0.7917 0.8784 0.6771 0.7647 0.8582 0.2083 �g
�gMean�g, �gSD 0.6190 �g, �g0.0941 0.6727 �g, �g0.1576 0.5799 �g, �g0.1963 0.5849 �g, �g0.1857 0.6793 �g, �g0.1475 0.3802 �g, �g0.0967 �g

Table �g17
Group�g5-Fold�gbased�gtraining �gand�gtesting�gperformance�gof�gthe�gproposed�gLDA�gclassifier�gusing�gcombined�gTransfer�gEntropy�g(TE)�gand�g
Microstates�g(MS)�gfeatures.

Training �gPerformance

�gFold Accuracy Precision Recall F1-Score AUC Loss �g
�g1 0.8053 0.8106 0.7969 0.8037 0.8692 0.1947 �g
�g2 0.7943 0.8046 0.7773 0.7907 0.8306 0.2057 �g
�g3 0.8542 0.8542 0.8542 0.8542 0.9152 0.1458 �g
�g4 0.7643 0.7804 0.7357 0.7574 0.8522 0.2357 �g
�g5 0.7819 0.8080 0.7396 0.7723 0.8557 0.2181 �g
�gMean�g, �gSD 0.8008 �g, �g0.0345 0.8111 �g, �g0.0310 0.7807 �g, �g0.0486 0.7957 �g, �g0.0350 0.8642 �g, �g0.0324 0.2000 �g, �g0.0338 �g

Testing�gPerformance

�g1 0.4948 0.4956 0.5833 0.5359 0.5158 0.5052 �g
�g2 0.6797 0.7170 0.5938 0.6496 0.6712 0.3203 �g
�g3 0.4922 0.4935 0.5885 0.5368 0.4462 0.5078 �g
�g4 0.6328 0.6114 0.7292 0.6651 0.6866 0.3672 �g
�g5 0.8333 0.8810 0.7708 0.8222 0.8629 0.1667 �g
�gMean�g, �gSD 0.6266 �g, �g0.1360 0.6397 �g, �g0.1607 0.5931 �g, �g0.0651 0.6419 �g, �g0.1182 0.6369 �g, �g0.1423 0.3734 �g, �g0.1300 �g

using�gindividual �gfeatures,�gthe�gaccuracy�gand�gother�gparameters�ggive�glow �g
performance,�gindicating �gthat �gindividual �gfeatures�gare�gnot�gsufficient �gto�g
capture�gthe�gdiscriminative �gpatterns.

The�gattention �gmechanism�gsensitively�gcaptured�gthe�ginformation �gfrom �g
each�gmodality �gby�gadaptively �gweighting �gthe�gcontribution �gbased�gon�gtask�g
relevancy.�gThis�gdynamic�gweighting �gof�gfeatures�gdiminishes�gthe�gdimen-
sional�gimbalance�gand�gnoise�greduction �gwhich �gis�gpresent�gin�gstandalone�g
feature�gsets.�gFrom�gthe�gpattern�gobserved�gfrom �gindividual, �gpartial �gfusion�g
and�gfull �gfusion�gof�gfeatures,�git �gis�gevaluated�gthat �gno�gsingle�gtype�gof�gfeature�g
is�gsufficient �gfor �gcapturing �gthe�gdense�gmultifaceted �gnature�gof�gneural�g
dynamics�gin�gmental�gstress�gactivity. �gInstead,�gthe�gfusion�gof�gpotential �g
and�gdiverse�gfeature�gsets�gintegrates�gthe�gdiverse�gunderlying �ginformation, �g
particularly �gin�gcases�gwhere�gboth�glinear �gand�gnon-linear �ginformation �g
transfer�gis�gcrucial. �gThis�gtechnique�gfurther �ghighlights �gthe�gimportance�gof�g
combining �gconnectivity �gfeatures�gin�gneurophysiological �ganalysis.

Discussion

The�gresults�gare�gpresented�gin�gTables�g�g6� 8�gillustrate �gthe�gimportance�gof�g
feature-level�gfusion�gof�gmultiple �gEEG�gmodalities �gin�gthe�gtask�gof�gmental�g
stress�gclassification.�gThe�gevaluation �gparameters�gshow�glow �gperformance�g
of�gall �gthree�gsets�gof�gfeatures�gwhen�gused�gfor �gclassification�gindividually. �g
For�ginstance,�gthe�gaccuracy�gof�gthe�gfused�gfeature�gset�gimproved �gby�g49.76%,�g
46.47%�gand�g38.92%�gas�gcompared�gto�gthe�gindividual �gfeature�gset�gextracted�g
from �gGranger�gCausality�gusing�gSVM�gand�gLDA.�gWhereas�gwith �gMLP,�ga�g
slight �gdecrease�gin�gperformance�gof�gabout�g3.98%�gis�gobserved.

Similarly, �gthe�gattention-based�gfused�gfeature�gset�gshows�gan�gimprove-
ment�gof�g55.87%,�g+82.53%,�g60.99%�gand�g86.29%,�g41.19%,�g�g4.07%�gwhen�g
compared�gwith �gindividual �gresults�gobtained�gfrom �gMicrostate-based�gand�g
Transfer�gEntropy�gclassification�gusing�gSVM,�gLDA�gand�gMLP,�grespectively.�g

It �gis�gobserved�gthat �gfor �gMLP,�gthe�gTE�gfeatures�goutperform �gthe�gfull-fusion �g
results.

The�gsame�gtrend�gwas�gobserved�gwhen�gthe�gmodel�gfusion�gresults�gwere�g
compared�gwith �gthe�gbinary �gfusion�gof�gfeatures.�gFor�gexample,�gthe�gbi-
nary�gfusion�gof�gGranger�gCausality�gand�gTransfer�gEntropy�gprovided �gabout�g
0.22%,�g54.91%�gand�g18.66%�gimprovement �gin�gthe�gclassification�gresults�g
compared�gwith �gtheir �gfull-fusion �gperformance�gof�gboth�gfeature�gsets,�gre-
spectively�gfor �gSVM,�gLDA�gand�gMLP.

For�gSVM,�gthe�gfully �gfuse�gmodel�gshowed�gabout�g36.39%�gimproved �gas�g
compared�gwith �gGranger�gCausality+�gMicrostates�gand�gabout�g53.90%�gand�g
6.03%�gimprovement �gfor �gLDA�gand�gMLP.�gCombining�gMicrostates�gand�g
Granger�gCausality�ggives�ga�gsignificant �gimprovement �gin�gaccuracy.�gBoth�g
features�gare�grobust�gin�ga�gway�gthat �gthey�gprovide �gcomplementary�gmecha-
nisms�gexplained�gdue�gto�gdistinct �ginteraction �gmodels.�gGranger�gCausality�g
and�gMicrostates�gshowed�gcomplementary�gfusion.�gGranger�gCausality�gcap-
tured�glinear �gcausality,�gand�gMS�gencodes�gthe�gmacro-level�gspatial�gorganiza-
tion. �gIn�gthis�gway,�gboth�gof�gthese�gfeatures�gcaptured�glocal�gand�gglobal�gbrain �g
responses�gwhile �gunder�gstress.�gSimilarly, �gfor �gMicrostates�gand�gTransfer�g
Entropy,�gSVM�gachieved�gabout�g63.93%,�gLDA�gabout�g57.85%�gand�gMLP�g
about�g35.54%�gimprovement.

Transfer�gentropy�gelevates�gthe�gnonlinear �ginformation �gflow, �gi.e.�gunder�g
the�gstress�gcondition, �gthe�gfrontal(including �gamygdala,�ghypothalamus)�g
regions�gof�gthe�gbrain �gare�gactivated.�gThese�gregions�gsend�gstrong�gyet�gnon-
linear �genergy�gbursts,�gindicating �gthe�ghigh�gactivity �gemerging�gin�gthe�gpre-
frontal �gcortex.�gThe�gnon-linearity �gin�gthe�gpre-frontal �gcortex�gis�gdue�gto�g
sudden�gresponse�gto�gattention �gand�gmemory�gcircuits �g(Rasheed�get�gal.,�g
2021).�gTransfer�gEntropy�gcaptures�ginformation �gtransfer�gfrom �gthe�glimbic �g
and�gemotional �gareas�ginto �gthe�gprefrontal �gcortex�g(Rasheed�get�gal.,�g2021).�g
The�gclassification�gresult�gof�gabout�g70.05%�g(Table�g�g7),�g87.03%�g(Table�g�g8)�g
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Fig.�g22.�gMicrostate�gtransition �gentropy�gfor�gstress�gand�grelax�gstate.

and�g51.25%�g(Table�g�g6)�gshowed�gthat �gTransfer�gEntropy�gcan�gcapture�gthe�g
high�ginformation �gflow �gduring �gstress�gconditions.

Granger�gCausality�grepresents�gthe�gdirected�glinear �ginfluence�gof�ghow�g
one�gpart�gof�gthe�gbrain �gregions�gstatistically �ginfluences�gthe�gother�gregions�g
of�gthe�gbrain. �gAs�gthe�gactivity �gin�gthe�gpre-frontal �gcortex�gincreases,�gshowing�g
the�gincrease�gin�gattention �gand�gworking �gmemory,�gthe�gshorter�gwindowing �g
mechanism�greduces�gthe�gdirectionality �gand�gleads�gto�gloss�gof�gcontrol �gwhen�g
there�gis�greduced�gcognitive �gstability. �gIn�gthis�gway,�gthe�gwindowed �gGranger�g
Causality�gmethods�gshow�gwhen,�gi.e.�gin�gwhich �gwindow �gand�ghow�gfast�gthe�g
directions�gof�gactivities �gchange�gin�gthat �gwindow �g(Yi�get�gal.,�g2022).

Microstates�gare�gquasi-stable�gconfigurations �gof�gglobal�gbrain �gacti-
vation �gthat �glast�groughly �g100�gms.�gUnder�gstress,�gthe�gprobability �gand�g
speed�gof�gtransitioning �gfrom �gone�gstate�gto�ganother�gincrease,�gwhich �gmakes�g
the�gMicrostates�gmore�gunstable.�gThis�gmeans�gthat �gwhen�gunder�gstress,�g
the�gMicrostate�gduration �gdecreases�gand�gentropy�gincreases.�gBy�gentropy�g
mean�gthe�gmeasure�gof�gunpredictability �gof�gthe�gnext�gstate.�gUnlike �gin�gthe�g
resting�gstate,�gthe�gMicrostate�gpatterns�gare�gnot�grandom.�gFig.�g�g22�grepre-
sents�gthe�gMicrostate�gtransition �gentropy�gfor �gboth�gstress�gand�grelax�gstates.�g
Higher�gentropy�gof�gstress�g(1.82) �grepresents�gmore�gunpredictability �gas�g
compared�gto�gresting-state�gentropy�g(1.68). �gThis�gindicates�gthe�grapid �gcog-
nitive �gprocess�gduring �gstressful�gconditions. �gThe�gdecrease�gin�gMicrostate�g
duration �gand�gincrease�gin�gswitching �gindicate �gthe�gvigilance �gand�gless�gstable�g
activity �g(Khanna�get�gal.,�g2015).

Limitations

Despite�gthese�gpromising �gresults,�gthe�gproposed�gmethodology�ghas�g
some�gshortcomings.�gMicrostates�gare�gsensitive�gto�gtransient�gchanges�gin�g
the�gbrain. �gThe�gextracted�gMicrostate�gset�gis�ghighly �gsubject-specific�gand�g
may�gnot�gbe�ggeneralizable�gto�gcross-subject�gvariations. �gAs�gmentioned�g
in�gKhanna�get�gal.�g(2015),�gthe�ggeneralization�gof�gMicrostates�gfor �gstudy-
task-based�gsignals�gis�gstill �gunderdeveloped�gand�grequires�ga�glarge�gcohort�g
of�gstandardized�gMicrostates,�gtested�gagainst�ga�gtest�gset,�gto�gensure�gtheir �g
reliability, �gthus�genabling�gtheir �guse�gfor �gcross-subject�gevaluation.

Interpolation �gacross�gindividual �gfeature�gsets�gis�gessential�gfor �gstandard-
izing �gall �gfeatures�gand�gensuring�gconsistency�gfor �gthe�gattention �gfusion�g
model�g(Chiarion �get�gal.,�g2023).�gHowever,�git �gis�gimportant �gto�gnote�gthat �g
interpolation �gcan�gdisrupt �gthe�gtemporal�gdynamics�ginherent �gin�gthese�g
features.

Features�gsuch�gas�gTransfer�gEntropy�gand�gGranger�gCausality�gmatri-
ces�gutilize �gwindowing �gtechniques,�gwhich �ghelp�gaccommodate�ga�gdegree�g
of�gnon-stationarity �gand�gtemporal�gsegmentation.�gInterpolation �gbecomes�g
necessary,�gespecially�gfor �gtarget�gfeature�gsets�gthat �gare�gcomputed�gover�g
specific�gwindows �grather�gthan�gthe�gentire�gsignal�glength.�gFor�gexample,�g

transfer�gentropy�gis�gcalculated�gusing�gwindows �gto�gcapture�gnon-linear �g
relationships,�gwhile �gMicrostates�gare�gevaluated�gover�gthe�gfull �gduration �gof�g
the�gsignal�gto�grepresent�gglobal�gnetworks.�gInterpolation �gaids�gin�gsmoothing�g
out�gabrupt�gtransitions �gcaused�gby�gstress�gand�gcognitive �gswitching. �gTo�g
enhance�gthe�grobustness�gof�gthe�gresults,�gone�gcould�gconsider�greplacing�gcon-
ventional �ginterpolation �gwith �galternative �gtechniques,�gsuch�gas�gadaptive�g
window-based�ginterpolation.

Future�gworks

The�gEEG-based�gmulti-model �gfusion�gmethod�gprovided �gprofound �gre-
sults;�ghowever,�git �gstill �gneeds�gfurther �gimprovement �gand�gdevelopment.�g
For�ginstance,�gMS,�gGC�gand�gTE�gprovided �ga�gfirst �gstep�gfor �gfusion;�ghowever,�g
the�gset�gof�gmodalities �gwhich �gare�gfused�gcan�gbe�gextended�gto�gother�gdistinct �g
feature-sets�gsuch�gas�gtime-domain �gnd�gfrequency-domain�gfeatures.�gIn�gthis�g
context,�gthe�gfollowing �gfeatures�gcould�gbe�gintegrated�gto�genhance�gthe�g
functionality �gand�gusability:

• Deep-learning�garchitectures�gcan�gbe�gused�gto�gmodel�gnon-linear �gand�g
spatial�gdependencies�gamong�gTransfer�gEntropy,�gMicrostates�gand�g
Granger�gCausality.�gThe�gdeep�glearning�gmodels�gare�gbetter�gat�gcap-
turing �gunderlying �ginter-dependencies.�gAlso,�gthe�gattention-based�g
fusion�gtechnique�gcan�gbe�gimproved �gby�gusing�ga�gtransformer-based�g
encoder�gfor �gadaptive�gtemporal�gweighting.

• Thought�gfor �gstatic�gmethods�glike �gGranger�gCausality�gand�gTransfer�g
Entropy,�gwindowing �gis�gused�gto�gpreserve�gthe�gtime-related �ginforma-
tion, �gthe�gdynamic�gtrends�gcan�gbe�gimproved �gby�gexploring �gdynamic�g
Functional�gand�gEffective�gconnectivity �gmethods.

• The�gproposed�gframework �gis�gdeveloped�gwith �gthe�gstudents�gas�gtheir �g
target�gaudience,�gwho�goften�gfeel�gstress�gdue�gto�gexams�gand�gmental�g
workload. �gHowever,�gthis�gframework �gcan�gbe�gextended�gto�gvalidate �g
further �gon�gother�gtypes�gof�gstress�gparadigms�gother�gthan�gmental�g
arithmetic �gstress,�gsuch�gas�gthe�gStroop�gtest,�gsocial�gstress�gtest,�getc.

• To�gimprove �gits�greal-world �gapplicability, �gthe�gfused�gset�gof�gfeatures�g
can�gbe�gextended�gto�gother�gperipheral �gphysiological �gsignals�g(Chen�g
et�gal.,�g2022)�gsuch�gas�gheart�grate�gvariability �gand�gGalvanic�gskin�g
response,�getc.

Conclusion

In�gthis�gwork, �ga�gnew�gmulti-feature-based�gneuromarker�gfor �gaccurate�g
and�geffective�gstress�gclassification�gfor �gstudents�gbased�gon�gEEG�gsignals�g
is�gproposed.�gBy�gfusing�gthree�gimportant �gEEG�gfeatures,�gi.e.�gtemporal�g
microstates�gfeatures,�gnon-linear �gconnectivity �gmatrix, �gsuch�gas�gtransfer�g
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entropy�gand�glinear �gconnectivity �gmatrix �gGranger�gcausality,�gwhich �gare�g
combined�gusing�gan�gattention �gfusion�gmodel.�gThis�gfused�gset�gof�gfeatures�g
provided �gthe�gclassification�gresults�gof�g98%�gaccuracy�gwhen�gclassified�g
using�gGroup�g5-fold �gLinear�gDiscriminant �gAnalysis.�gThis�gwork �gis�gpre-
sented�gto�gbe�gthe�gfirst �gwork �gto�gcombine�gMicrostates,�gTransfer�gEntropy�g
and�gGranger�gCausality�gfor �gstress-based�gsignals.�gMoreover,�gmicrostate�g
analysis�gdone�gon�gstress-based�gsignal�gprovided �ga�gnew�gset�gof�g6�gdistinct �gmi-
crostates�gwhich �geffectively �gcaptured�gstress-based�gdynamics.�gThe�gfusion�g
results�gwere�gevaluated�gon�gthe�gSAM40�gdataset�gfor �gmental�garithmetic-
based�gstress�gand�grelax�gsignals.�gThe�gproposed�gmode�gis�gcompared�gwith �g
classification�gresults�gof�gindividual �gfeatures�gas�gwell �gas�gthe�gbinary �gfusion�g
of�gthe�gsame�gfeatures.�gThis�gwork �gnot�gonly �gprovided �ga�greliable �gbiomarker �g
for �gstress�gclassification,�grather�git �gis�galso�gbased�gon�gmultiple �gmodalities, �g
each�gof�gwhich �gpresents�ga�gdistinct �gperspective�gof�gstress�gdynamics.
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