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activity,whichmightofferabetterprospectforlong-termrecord-
ingstability.Furthermore,sinceECoGrecordingdoesnotpenetrate
thecortex,signal-prohibitiveencapsulation,anobstacleinchronic
SUArecording,islesslikelytooccurduringlong-termimplantation
(Szarowskietal.,2003;Vetteretal.,2004;Bjornssonetal.,2006).

ECoGsignalshavebeenusedtodecodealimitedsetofdiscrete
handmovements(Levineetal.,2000;Leuthardtetal.,2004;Mehring
etal.,2004;Balletal.,2009)andcontinuousmovements,suchas
hand-controlledcursormovements forperiodiccircularmotion
(Schalketal.,2007)andtargetreaching(Pistohletal.,2008;Sanchez
etal.,2008),flexionoffingers(Kubáneketal.,2009),andupperlimb
movements(Chinetal.,2007).TheapplicabilityofonlineECoG-
based BMIs has also been demonstrated (Leuthardt et al., 2004;
Leuthardtetal.,2006;Schalketal.,2008).However,littleisknown
aboutthelevelof long-termstabilitythatECoG-baseddecoding
canoffer,eventhoughchronicimplantationofECoGelectrodeshas
beenconductedpreviouslyinanimalsandhumans(Loebetal.,1977;
Bullaraetal.,1979;Yuenetal.,1987;PilcherandRusyniak,1993;
Margalitetal.,2003).Moreover,onlyfewECoGstudiesattempted
decodingintendedmotionduringasynchronoustasks(Schalketal.,
2007;Pistohletal.,2008),wherenoexplicitcueswereprovidedto
initiatemovement,whichcouldenablemorenaturalisticcontrolin
BMIapplications.Here,wesimultaneouslyrecordedmultiplemotor
parameters forhighdegree-of-freedom(DOF)armmotionand
ECoGsignalsfrommultiplecorticalareasduringanasynchronous

INTRODUCTION
Recent scientificand technological advanceshaveaccelerated the
developmentofbrain–machineinterfaces(BMIs),particularlyasa
meansforassistingorrepairinghumancognitiveorsensory-motor
functions(Donoghue,2002;Mussa-IvaldiandMiller,2003;Nicolelis,
2003;LebedevandNicolelis,2006;PatilandTurner,2008).However,
therearestillmanyseriousconcernsaboutthestability,durability,
andmaintenancethatsignificantlydiminishtheirreal-lifeapplicabil-
ity(Kipkeetal.,2008;HatsopoulosandDonoghue,2009;Stieglitz
etal., 2009). Noninvasive BMIs mainly exploit electroencephalo-
grams(EEGs)tocontrolcomputercursorsorothersimpledevices,
butsuchsystemsmayultimatelybelimitedintheircapabilitiesand
alsousuallyrequireextensivetraining.InvasiveBMIs,whichusepri-
marilysingle-unitactivity(SUA)andlocalfieldpotentials(LFPs),
canacquirethehighestbrainsignalfidelityforfine-grainedcontrol.
However,thismethodsuffersfrompoorlong-termstability,where
daily recalibration is normally required to maintain reliable per-
formancebecauseofdeteriorationinsignalqualityorvariabilityin
recordedneuronalensembles(Chesteketal.,2007).Onepossible
alternativethatcouldreducetheseconcernsissemi-invasiveBMIs
basedonelectrocorticograms(ECoGs)usingsubduralelectrodes.
ComparedwiththeEEG,theECoGhashigherspatialresolution,
broaderbandwidth,higheramplitude,andlesssensitivitytoarti-
factssuchaselectromyographic(EMG)signals(Freemanetal.,2003;
Schwartzetal.,2006).IncontrasttoSUA,ECoGmeasurespopulation
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food-reachingtaskinmonkeys,andwedemonstratedsuccessfully
thatECoGcarriedsufficientinformationforpredictingcontinuous
high-DOFarmmotionwithperformancesimilartothatofSUA-
baseddecodingsystems(Wessbergetal.,2000;Carmenaetal.,2003;
Lebedevetal.,2008).Wealsocompareddecodingperformanceover
monthsandshowedthatasingledecodingmodelcouldbeusedfor
monthswithoutrecalibratingorsacrificingpredictiveaccuracy.The
observedhighaccuracyandlong-termstabilityshowtheadvantages
ofECoG-baseddecodinginimplementingchronicneuroprosthetic
devicesforreal-lifeapplications.

MATERIALS AND METHODS
SUbjECTS AND MATERIALS
CustomizedmultichannelECoGelectrodearrays(UniqueMedical,
Japan)containing2.1mmdiameterplatinumelectrodes(1mm
diameterexposedfromasiliconesheet)withaninter-electrodedis-
tancesof3.5mmwerechronicallyimplantedinthesubduralspace
intwoJapanesemacaques(monkeysAandK)(Figure 1A).Thirty-
twoelectrodeswereimplantedintherighthemisphere,covering

fromtheprefrontalcortex(PFC)totheprimarysomatosensory
cortexinmonkeyA,and64electrodeswereimplantedintheleft
hemisphere,coveringfromthePFCtotheparietalcortexinmon-
key K. The reference electrode was also placed in the subdural
space,andthegroundelectrodewasplacedintheepiduralspace.
ElectricalcablesleadingfromtheECoGelectrodeswereconnected
toOmneticsconnectorsaffixedtotheskullwithanadaptorand
titaniumscrews.MonkeyAhadtwoimplantsthatcoveredalmost
thesamecorticalareaduringthestudy.Theinitial implanthad
beenworkingwell,butthemonkeydamagedtheconnectorsafew
weeksafterthefirstimplantation,andweimplantedtheECoGarray
again.MonkeyA’sdatainthisstudywerecollectedfromthesecond
implant(seedetailsinSupplementary Methods in SupplementarySupplementary Methods in SupplementaryMethodsinSupplementary
Material).

ELECTROpHySIOLOgICAL AND bEHAvIORAL RECORDINgS
FormonkeyA,13experimentswereperformedwithaNeuralynx
Digital Lynx data acquisition system (Neuralynx, USA) dur-
ingtheinitial3-monthperiod(correspondingdataaredenoted
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FIGurE � | Experimental design and decoding performance to detect 3D 
hand positions. (A)	Locations	of	the	32	electrodes	in	monkey	A	and	the	64	
electrodes	in	monkey	K,	which	were	identified	by	computed	tomography	(CT)	
and	magnetic	resonance	imaging	(MRI).	Reference	electrodes	are	shown	as	
gray	circles.	(B)	In	the	asynchronous	food-reaching	task,	each	monkey	was	
trained	to	reach	for	food	offered	by	the	experimenter	in	3D	space	without	explicit	

cues.	The	body-centered	coordinates	for	measuring	3D	hand	positions	from	the	
top-down	viewpoint	are	shown.	(C)	Schematic	diagram	depicting	the	prediction	
of	a	motor	parameter	M(t)	from	simultaneously	recorded	ECoG	signals.	
Examples	of	1.1	s	of	raw	ECoG	signal	from	one	electrode,	the	corresponding	
scalogram,	down-sampled	scalogram	matrix,	and	normalized	scalogram	matrix	
are	shown	(bottom	row).
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asA-DL), followedby10experimentswithaNeuralynxDigital
Falcontelemetrydataacquisitionsystemduringthefollowing5-
monthperiod(A-DF).FormonkeyK,12experimentswereper-
formedwithaCyberkineticsdataacquisitionsystem(Cyberkinetics
NeurotechnologySystems,USA)for2months(K-C).ECoGsignals
wererecordedatasamplingrateof1kHzperchannel.Themon-
keys’movementswerecapturedatasamplingrateof120Hzbyan
opticalmotioncapturesystem(ViconMotionSystems,USA).For
allexperiments(n=23formonkeyAandn=12formonkeyK),
eachmonkeyworeacustom-madejacketwithreflectivemarkers
formotioncaptureaffixedtotheleftandrightshoulders,elbows,
andwrists.Eachmonkey’sheadwasrestrainedbyacustom-made
helmetthatfitperfectlyandheldtheheadinplace.Forsomeexperi-
ments(n=5forA-DFandn=4forK-C),fiveadditionalmark-
erswereplacedonthereachinghandtodeterminethearmjoint
angles(seebelow).Allexperimentalandsurgicalprocedureswere
performedinaccordancewithprotocolsapprovedbytheRIKEN
ethicscommittee.

ExpERIMENTAL pROCEDURE
Ineachexperiment,themonkeywasseatedinaprimatechairfacing
theexperimenterwithheadmovementrestricted.Eachmonkeywas
trainedtoretrievefood(reachingdurationrangedfrom0.83to
8.57sinallexperiments)fedbytheexperimenter4.6±1.5times/
min(mean±SD,n=35experiments,twomonkeys)in3Dspace
usingthehandcontralateraltotheimplantedhemispherewhilethe
monkey’smovementwascapturedbyanopticalmotioncapture
system(Figure 1B,alsoseeMovie S1inSupplementaryMaterial).
Thelengthofeachexperimentwas15min:thefirst10minofdata
wereusedfortrainingthedecodingmodel(trainingdata)andthe
last5minofdatawereusedforvalidation(validationdata).

DECODINg pARADIgM AND DATA ANALySIS
Signal preprocessing
ECoGsignalsof1kHzwereband-passfilteredfrom0.1to600Hz,
andre-referencedusingacommonaveragereference(CAR)mon-
tage(seeFigure 1C).Motionmarkerlocationsweredown-sampled
to20Hzbecausethepositiondata,whichcontainedthecharac-
teristicsofthereachingmotion,showedonlynegligiblevariance
inthespectraabove15Hz.Body-centered3Dhandtrajectories
(X:left–right,Y:forward–backward,Z:up–down)werecalculated
byreferencing thewristpositionof thereachinghandwith the
sagittalplane (SoechtingandFlanders,1992) (Figure 1B).Arm
motionwasdeterminedbytransformingtheeightmarkersinto
7-DOFjointangles(shoulderadduction,shoulderinternalrota-
tion,shoulderflexion,elbowflexion,pronation,wristflexion,and
wristabduction)basedona3D-7DOFcomputationalmodelfor
primates(ChanandMoran,2006).Thetimecourseofeachmotor
parameterwasthennormalized,toproduceastandardz-scoreby
subtractingitsmeanandthendividingbyitsstandarddeviation.

Wavelet transformation
Time–frequencyrepresentation,orthescalogram,oftheECoG
signals for each electrode was generated by Morlet wavelet
transformationat10different center frequencies (10–150Hz,
arranged in a logarithmic scale) with the half-length of the

Morletanalyzingwaveletsetatthecoarsestscaleofsevensam-
ples(seeschematicsofdecodingparadigminFigure 1C).The
scalogramoftimetwascalculatedfromtheECoGsignalsfrom
t−1.1stot.Thescalogramwasthenresampledat10timelags
(t−100ms,t−200ms,…,andt−1s)toforma10×10scalo-
grammatrixoftimet.Consideringedgeeffectsinthescalogram
calculation,ECoGsignalsfrom100msbeforet−1sto100ms
aftert−100mswereusedtoavoiddistorteddataattimelags
t−1sandt−100ms.The10×10scalogrammatrixoftimet
wasthennormalizedbycalculatingthestandardz-scoreateach
frequencybin;thus,thesamescalewassharedacrossdifferent
frequencybins.

Partial least squares regression
Topredictanormalizedmotorparameterattimet,M(t),thenor-
malized scalogrammatrices fromall electrodes,werepooled to
form a high-dimensional predictor vector, Scalo

ch,freq,lag
(t), which

describedthespatio-spectro-temporalinformationofthesignals
duringtheprevious1sateachelectrodech, frequencybin freq, 
andtimelaglag. Thenumberofvariablesinthepredictorvector
formonkeyAwas3200(32electrodes,10frequencybins,and10
timelags),andformonkeyKwas6400.Thegoalofdecodingwas
toestimateasetofweights{a

0
, a

ch,freq,lag
}soM(t) couldbemodeled

astheirlinearcombinationwithScalo
ch,freq,lag

(t):

M t a a Scalo t tch freq lag ch freq lag
lagfreqch

( ) ( ) ( ), , , ,= + ⋅ +∑∑∑0 ε


(1)

wherea
0
istheintercept,a

ch,freq,lag
 istheweightforthescalogram

componentatelectrodech, frequencyfreq,andtimelaglag, and
ε(t) is the residualerror.Becauseof thehighdimensionalityof
Scalo

ch,freq,lag
(t) andthehighcorrelationsbetweenscalogramcom-

ponents, multivariate partial least squares (PLS) regression was
usedtoestimatethelowerdimensionallatentstructurestoavoid
over-fitting(Woldetal.,1984).ThePLSdecodingmodelwascal-
culatedfromthetrainingdata,where10-foldcrossvalidationwas
performedandtheoptimalnumberofPLScomponentswasdeter-
minedbytheminimalpredictiveerrorsumofsquares(PRESS):the
sumofthesquareddifferencesbetweenpredictedandobservedval-
ues(Allen,1974;GeladiandKowalski,1986).R2values(explained
variance),theratioofvariancesofpredictedandobservedvalues,
werealsocalculatedforcomparison.

Spatial and temporal shuffling
Toensurethatthedecodingperformancewasachievedbyutilizing
uniquespatio-temporalstructuresinthebrainsignals,insteadof
anysystematicbias,ashufflinganalysiswasperformedaftereach
decodingmodelwasacquired.Foreachexperiment,20surrogate
validationdatasetsweregenerated(10withspatialshufflingand
10 with temporal shuffling), and the decoding model obtained
previouslyfromthetrainingdatawasusedtomakepredictionon
thesesurrogatevalidationdata.Inspatialshuffling,theelectrode
orderofvalidationdatawasrandomlyshuffled,whilethesample
orderremainedunchanged.Intemporalshuffling,thesampleorder
ofvalidationdatawasrandomlyshuffled,whiletheelectrodeorder
remainedunchanged.
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Spatio-spectro-temporal contributions
To quantify the spatio-spectro-temporal contributions of brain
activity for predicting each motor parameter, three different
quantities were calculated from the weights {a

ch,freq,lag
} of each

decodingmodel:

W ch

a

a

W frs

ch freq lag
lagfreq

ch freq lag
lagfreqch
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(2)

where |·| represents the absolute value, W
s
(ch) quantifies the

percentagespatialcontributionofeachrecordingelectrodechfor
predictingacrossallfrequencybinsandtimelags,W

f
(freq)quanti-

fiesthepercentagespectralcontributionofeachfrequencybinfreq
acrossallrecordingelectrodesandtimelags,andW

t
(lag)quantifies

thepercentagetemporalcontributionofeachtimelaglag across
allelectrodesandfrequencybins.

RESULTS
ASyNCHRONOUS DECODINg Of 3D HAND pOSITIONS wITH ACCURACy 
SIMILAR TO THAT Of ExISTINg DECODERS
Wesuccessfullydecoded3Dhandtrajectories,wherethecorrela-
tion coefficients (r) between observed and predicted trajectories
were 0.71±0.11, 0.71±0.13, and 0.75±0.08 (mean±SD, 5-min
validationdata,n=35experiments,twomonkeys)forX-,Y-,and
Z-positions,respectively(Figure 2A).Thisaccuracyissimilartothat

B

20 40 60 80 100
0

0.1

0.2

0.3

0.4

0.5

0 20 40 60 80 100
6

7

8

9

10

R
2  v

al
ue

P
R

E
S

S

# of PLS components

Monkey A

0

0.14

0.28

0.42

0.56

0.7

5

7

9

11

13

15

20 40 60 80 1000 20 40 60 80 100

R
2  v

al
ue

P
R

E
S

S

# of PLS components

Monkey K

−4

−2

0

2

4

6

X
−

po
si

tio
n

(n
or

m
al

iz
ed

)

 

Predicted trajectories
Observed trajectories

−6

−4

−2

0

2

4

Y
−

po
si

tio
n

(n
or

m
al

iz
ed

)

 

 

0 1 2 3 4 5
−4

−2

0

2

4

Time (min)

Z
−

po
si

tio
n

(n
or

m
al

iz
ed

)

 

 

A

r = 0.71 ± 0.11 (n = 35 experiments, 2 monkeys)

r = 0.71 ± 0.13 (n = 35 experiments, 2 monkeys)

r = 0.75 ± 0.08 (n = 35 experiments, 2 monkeys)

FIGurE � | Asynchronous decoding of 3D hand position by PLS 
regression. (A)	Representative	example	of	prediction	of	X-,	Y-,	and	Z-positions	
of	hand	movements	during	a	5-min	validation	session.	The	average	correlation	
coefficients	(r)	between	the	predicted	(blue)	and	observed	(red)	trajectories	for	
all	positions	are	shown.	(B)	Determination	of	the	optimal	numbers	of	PLS	

components	for	the	decoding	models.	R2	values	(green,	mean	±	SD)	and	
PRESS	(blue)	for	the	decoding	models	with	different	numbers	of	PLS	
components	in	two	monkeys.	For	each	experiment,	the	number	of	PLS	
components	for	the	optimal	decoding	model	was	determined	as	that	with	the	
minimal	PRESS	(red).
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producedbypredicting3DhandtrajectoriesusingSUAinprimates
(Wessbergetal.,2000;Carmenaetal.,2003;Lebedevetal.,2008).
Onerepresentativeexampleof5minofpredictionof3Dhandposi-
tionsisshowninFigure 2A,wherestillpositions,movementonsets,
anddifferentreachingtrajectorieswerepredicted(alsoseeMovie S1
inSupplementaryMaterial).Afterspatialshuffling,thecorrelation
coefficientsbetweenobservedandpredictedtrajectoriesdecreased
to0.08±0.11,0.06±0.12,and0.11±0.10(n=350spatially-shuffled
data,twomonkeys)forX-,Y-,andZ-positions,respectively.Aftertem-
poralshuffling,thecorrelationcoefficientsdecreasedto−0.01±0.09,
−0.02±0.10,and0.03±0.10(n=350temporally-shuffleddata)for
X-,Y-,andZ-positions,respectively.Thepredictiveaccuraciesfrom
the surrogate validation data were significantly lower than those
fromtheoriginalvalidationdata(p<1e−6,forbothspatially-and
temporally-shuffleddata inallX-,Y-,andZ-positions,Wilcoxon
rank-sumtest),whichindicatesthatspatio-temporalstructuresin
thebrainsignalsplayedanessentialroleinourdecoding.

TheoptimalnumbersofPLScomponents,orlatentfactors,for
decodingthemodelswere21.6±4.0(R2=0.29±0.04,10-foldcross
validation)and22.7±7.3(R2=0.32±0.11)formonkeysA(n=23
experiments)andK(n=12experiments),respectively(Figure 2B).
Thesenumbersweresignificantlylowerthanthetotalnumberof
variablesincluded(3200formonkeyAand6400formonkeyK).
Inaddition,eventhoughthetotalnumberofvariablesincludedfor
monkeyKwasdoublethatformonkeyA,theoptimalnumbersof
PLScomponentsuseddidnotdiffersignificantlybetweenmonkeys
(p=0.15,Wilcoxonrank-sumtest).Thisindicatesthatasmallpor-
tionoftheinformationcarriedinECoGsignals,representingthe
latentstructureindependentoftheoriginaldata’sdimensionality,
wassufficientforobtaininganaccurateprediction.Examplesof
theuniquestructuresoftheselatentfactorsareshowninFigure S1
inSupplementaryMaterial.

DURAbLE AND STAbLE DECODER USAbLE fOR MONTHS wITHOUT ANy 
DRIfT IN ACCURACy OR RECALIbRATION
Usingthedecodingmodelconstructedjustbeforethevalidation
data(same-dayprediction),weacquiredhighpredictiveaccuracies
thatshowednosignificantdecreaseovermonths(about2months
forA-DL,5monthsforA-DF,and2monthsforK-C)(Figure 3A).
Fittingthecorrelationcoefficientsversusrecordingdayswith1-
degreepolynomials(slopesrangedbetween−0.08and0.02/month)
revealednosignificantmonotonicdecreaseinpredictiveaccuracy
(p>0.25,|r|<0.36,Spearmanrankcorrelationtest).Thisdemon-
stratedthelong-termstabilityofthesignalqualityandthedurabil-
ityoftherecordingsystem.

Next,weaskedifthedecodingmodelwouldproducesimilar
predictiveaccuracywiththedatarecordeddays later(cross-day
prediction).Thedecodingmodelconstructedfromtrainingdata
ofeachexperimentwasusedtopredictallvalidationdatainsubse-
quentexperiments,andthepredictiveaccuracieswereevaluatedas
afunctionofdurationbetweenthemodelconstructionandpredic-
tion(upperpanelsforeachpositioninFigure 3B).Foreachblock
ofdatacollectionwithNexperiments(N=13,10,and12forA-DL,
A-DF,andK-C,respectively),theaccuraciesofeveryNcross-day
predictionwithclosestdurations(whichcouldbedifferentmodels
predictingthesamevalidationdataorthesamemodelpredicting
differentvalidationdata)werecomparedwiththeaccuraciesofthe

Nsame-daypredictions(shownasdarkersymbolsattheduration
ofzerodays),andthesignificanceoftheirsharingthesamemedian
wasevaluated(lowerpanelsforeachpositioninFigure 3B).The
accuraciesfromanyNcross-daypredictionsandthecorrespond-
ingN same-daypredictionsdidnotdiffersignificantly(p>0.01,
Wilcoxonrank-sumtest).Thisindicatesthatthedecodingmodel
could be used to predict hand position from the data collected
monthslaterwithoutcompromisingtheaccuracy.

The long-term stability of the predictive accuracy suggests
constancyindecodingmodels,whichwassupportedbythehigh
correlationsfoundbetweentheweightsofthedecodingmodels
constructedfromdifferentdays.ForA-DL,thecorrelationcoef-
ficients between the weights from all pairs of decoding models
were0.52±0.12,0.50±0.11,and0.52±0.11(n=78pairsfrom13
experiments)forX-,Y-,Z-positions,respectively.ThoseforA-DF
were0.52±0.19,0.57±0.19,and0.60±0.16(n=45pairsfrom
10experiments),andforK-Cwere0.43±0.11,0.47±0.13,and
0.65±0.11(n=66pairsfrom12experiments).

SpATIO-SpECTRO-TEMpORAL INTEgRATION Of ACTIvITy ACROSS 
MULTIpLE CORTICAL AREAS
Wehypothesizedthathighpredictiveaccuracyofthedataacquired
fromECoG,evenwithoutsignalresolutionofsingleunits,couldbe
producedbyincorporatingadditionalinformationthatisusually
lackinginSUA-baseddecoding:thespatio-temporalintegration
ofactivitynotonlyatfewlocalcorticalregions,butacrossmulti-
pleregionswithmorecontinuouscoverageoverawidearea.We
investigated further how our decoding models used the spatial,
spectral,andtemporalcontentsoftheECoGdata.FormonkeyA,
spatialcontributions,W

s
(ch),weresignificantlygreaterthantheir

median(p<0.01,Wilcoxonsigned-ranktest,thickcirclesinFigure 
4A)inthedorsalpremotorcortex(PMd)fortheX-andY-positions
andintheventralpremotorcortex(PMv)fortheZ-positions.For
monkeyK,significantspatialcontributionswerefoundinthePMd
fortheX-andY-positionsandintheprimarymotorcortexforthe
Z-positions(Figure 4A).Spectralcontributions,W

f
(freq),signifi-

cantlygreaterthantheirmedian(p<0.01,Wilcoxonsigned-rank
test,asterisksinFigure 4B)werebetween40and90Hz(high-γ
band)forallpositions.Temporalcontributions,W

t
(lag),signifi-

cantlygreaterthantheirmedian(p<0.01,Wilcoxonsigned-rank
test,asterisksinFigure 4C)werefoundwithin500msbeforethe
predictedinstant.

ToexaminethedifferencesbetweendecodingmodelsforX-,Y-,
andZ-positions,thecorrelationsbetweentheweightsofthedecod-
ingmodelsfordifferentpositionswereevaluated(seetheweights
of decoding models in Figure S2 in Supplementary Material).
Significantcorrelationswerefoundbetweenthedecodingmod-
elsforX-andY-positionsinA-DL(p<0.01,n=169modelpairs
from13experiments,Pearson’slinearcorrelation),A-DF(p<0.01,
n=100 model pairs from 10 experiments), and K-C (p<0.05,
n=144modelpairsfrom12experiments).However,nosignificant
correlations were found between X- and Z-positions (p=0.19
forA-DL,0.22forA-DF,and0.51forK-C)andbetweenY-and
Z-positions(p=0.17forA-DL,0.35forA-DF,and0.38forK-C).
Thisindicatesthatthedifferentspatio-temporalintegrationsof
corticalactivitywereengagedincontrollinghandtrajectoryinthe
Z-direction(vertical)andintheX–Yplane(horizontal).
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FIGurE 3 | Long-term stability of decoding performance for same-day and 
cross-day predictions. (A)	Correlation	coefficients	(r)	of	same-day	prediction	after	
implantation,	shown	with	fitted	1-degree	polynomials	(lines)	and	error	bounds	that	
contain	at	least	50%	of	the	predictions	(shaded).	(B)	Upper	panels:	correlation	
coefficients	of	cross-day	prediction	with	duration	between	the	model	construction	
and	prediction	(light-color	symbols),	shown	with	medians	of	N	consecutive	data	

points	(N	=	13,	10,	and	12	for	A-DL,	A-DF,	and	K-C,	respectively,	see	text)	(lines)	
and	lower/upper	quartiles	(shaded)	versus	medians	of	corresponding	durations.	
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DECODINg Of jOINT ANgLES fOR HIgH-DOf ARM MOTION
Todemonstrate thatECoGsignalscarryrich informationabout
multidimensionalmotorcontrol,weinvestigatedwhetherwecould
decodearmorientations,calculatedbyacomputationalmodelthat
transformedthemotion-capturemarkers’positionsinto7-DOFjoint
angles(ChanandMoran,2006).Highpredictiveaccuracieswere
obtained(averagerforeachjointanglerangedfrom0.62to0.78for

twomonkeys,Figure 5A).TheoptimalnumbersofPLScomponents
forthedecodingmodelwere49.2±8.0(R2=0.68±0.03,10-fold
cross-validation) for A-DF (n=5 experiments) and 49.8±9.3
(R2=0.69±0.03) forK-C(n=4experiments)(Figure 5B).The
optimalnumbersofPLScomponentsuseddidnotdiffersignifi-
cantly(p=0.94,Wilcoxonrank-sumtest).Differentcorticalareas
contributedtodifferentjointmovements(Figure 5C).
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To examine the differences between decoding models for
7-DOFjointanglesandthedecodingmodelsfor3Dhandposi-
tions,thecorrelationsbetweentheweightsofthedecodingmodels
foreachjointangleandeachhandpositionwereevaluated.For
K-C,noneofthe21pairs(sevenjointangles,threehandpositions)
correlatedsignificantly(p>0.21,n=48modelpairs,12models
foreachhandpositionand4modelsforeachjointangle,Pearson’s
linearcorrelation).ForA-DF,onlythecorrelationsbetweenelbow
flexionandtheY-positionandbetweenwristflexionandtheY-
positionweresignificant(p<0.01,n=50modelpairs,10models
foreachhandpositionand5modelsforeachjointangle),and
none of the other 19 pairs correlated significantly (p>0.13).
This indicates that the different spatio-temporal integrations

ofcorticalactivitywereengagedincontrollingdifferentmotor
parameters and suggests further that there is an advantage in
exploitingthelargerscalespatio-temporalintegrationofdifferent
neuronalensemblestoenhancedecodingperformance.

DISCUSSION
Wesuccessfullydemonstratedthelong-termasynchronousdecod-
ingofhigh-DOFarmkinematicsinmonkeysusingECoGsignals.
Withoutexplicitcues for instructing thesubjects tostartor stop
their actions, we successfully predicted 3D hand trajectories and
7-DOFarmjointangleswithaccuracysimilar to thatofexisting
SUA-baseddecoders(Wessbergetal.,2000;Carmenaetal.,2003;
Lebedev etal., 2008). Our ECoG-based decoder incorporated
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spatio-spectro-temporal integrations of activity across multiple
cortical areas andcouldbeused for severalmonthswithoutany
driftinaccuracyorrecalibration.

INTEgRATION Of ACTIvITy ACROSS MULTIpLE CORTICAL AREAS
Fordecoding,eachmotorparameterateachpointintimewasmod-
eledasalinearcombinationofspatio-spectro-temporalcomponents
oftheECoGsignalsduringtheprevious1s.Thedecodingmodelwas
estimatedbymultivariatePLSregression,wherethelowerdimen-
sionallatentfactors,eachrepresentinganaxisinthepredictorvari-
ablespace,werefirstidentified.About20and50latentfactorswere
obtainedforoptimaldecodingof3Dhandpositions(Figure 2B)and
7-DOFjointangles(Figure 5B),respectively,andthesewereinde-
pendentofthesubjectandtheoriginaldata’sdimensionality.This
suggeststhattheselatentfactorscharacterizethepossibledynamic
basesforthecontrolofarmmotion(Figure S1inSupplementary
Material).However,furtheranalysesoflatentfactorsacrossdifferent
experimentsanddifferentsubjectsarerequiredforclarification.

Inthefinaldecodingmodel,thesignificantcontributionsfrom
neuronsinthepremotorandmotorcorticesfordecodinghand
movementwereconsistentwithpreviousfindings(Wessbergetal.,
2000;Carmenaetal.,2003;Lebedevetal.,2008).Figure 4 further
demonstratedthatdifferentspatio-spectro-temporalcontributions
wereemployedindecodingmodelsforpredictinghandmovement
intheZ-direction(vertical)andintheX–Yplane(horizontal).
This isconsistentwithstudiesof thekinematicsanddynamics
forhumanarmmotionthatreporteddistinctcontrolsforvertical
andhorizontalarmmovements(SoechtingandFlanders,1992;
Soechting etal., 1995).Thedifferences in spatial contributions
betweenmonkeysAandKmighthaveresultedfromtheirdiffer-
enttraininglevelsorpreviousmotorexperience(Mitzetal.,1991;
Laubachetal.,2000).Forspectralcontributions(Figure 4B),high-
γbandactivityinthemotorcortexhasbeenfoundtoassociate
withdifferentcomponentsofmovement(preparation,initiation,
andmaintenance)(Farmer,1998),andhasbeenreportedwidely
inECoG/LFP/EEG/MEGstudiesofthedirectionalandmuscular
controlofhandmovement(Leuthardtetal.,2004;Rickertetal.,
2005;Balletal.,2008;Waldertetal.,2008).

fUNCTIONAL MOTOR MAppINg Of ARM MOTION
Cortical functionalmapsofarmmotionhavebeeninvestigated
widelyinlesionandelectricalmicrostimulationstudiesinmon-
keys(Grazianoetal.,2002a).However,thesemapsdescribeonly
whethercertaincorticalcircuitsareinvolvedincertainmovement
controls,andevidenceofhowthesecorticalareasencodemove-
mentsislacking.Bycontrast,thedecodingofreaching,whichillus-
trateshow thebraincontrolshandmovementdynamically,has
beenstudiedinmanycorticalareas(Kalaskaetal.,1997;Schalland
Thompson,1999;Grazianoetal.,2002b).However,mostofthese
studiesfocusedonlyonspecificcorticalareas,whereastheinterplay

betweendifferentareas remainsunclear. Inaddition,activity in
acorticalareadoesnotstaticallycontrolmotorparameters.For
example,activityinthemotorcortexduringreachingisdifferent
for different initial arm orientations (Scott and Kalaska, 1995).
Therefore,howdifferenttheactivityofcorticalareasareintegrated
tocontrolasinglemotorparameterisunknown,andhowasingle
corticalareacanbeflexibleinrespondingtodifferentparameters
needsfurtherinvestigation.UsingECoG,wesuccessfullydecoded
neuralcorrelatesofvariousmotorparametersarisingfrommul-
tiplecorticalareasandtheirspatialandtemporalintegrationfor
intendedarmmovements.Weexpectthatourpresentresults,and
theresultsofthestudiesthatwillfollow,willelucidatethemany-
to-manydynamicmappingsbetweendifferentcorticalareasand
differentmotorparameters,andthecorticalmechanismsunderly-
ingthemotorcontrolofarmmotion.

AppLICATIONS IN bMIs
Tobeusefulinreallife,BMIsystemsneedtogiveusersadecent
levelof accuracyandcontrol,but alsoneed tobe easy touse,
install, service, and adjust, and they must be safe, stable, and
dependableoverthelongterm.CurrentBMIsystemsdonotyet
satisfymostofthesedemands.Eventhoughwehavenotapplied
our decoding paradigm to real-time BMI systems, our results
encouragethedevelopmentofECoG-basedfull-featuredBMIs.
Oursystemcanpredictintendedmotionasaccuratelyasother
existingmethodsandwithlong-termstability.Oursystem’sability
todecodehigh-DOFcontinuousmovements–anaccomplish-
mentthatgoesbeyondtheclassificationofdiscretetasksorstates
–couldenablemorenaturalisticcontrol.Moreover,oursystem
avoidspenetrationofthebrainentirelyandissurgicallyreplace-
ableifrepairorupgradeisneeded.TheeasewithwhichECoG
cancovermultiplecorticalregionsmightalsoallowonetolocate
relevantcorticalareasforspecificmotorcontrol,toenhanceper-
formancebyexploitingtheirintegration,andtocontrolavariety
ofmotorparametersbyutilizingsignalsfromdifferentcortical
areas.Inotherwords,itmayleadtoneuroprostheticdevicesthat
requirelessinvasivesurgerytoinstallanddonotrequirefrequent
recalibration.Theseadvantagesareessential for implementing
chronicneuroprostheticdevicesforreal-lifeapplications.
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