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Impact of Data Continuity in EEG Signal-based BCl Research

Youn—Sang Kim', Ju-Hyuck Han', Woong-Sik Kim®*
'Department of Medical Engineering, Konyang University
’Department of Medical Artificial Intelligence, Konyang University
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Abstract This study conducted a comparative experiment on the continuity of time series data and the classification performance of
artificial intelligence models. In BCI research using EEG signals, the performance of behavior and thought classification improved as
the continuity of the data decreased. In particular, LSTM achieved a high performance of 0.8728 on data with low continuity, and
DNN showed a performance of 0.9178 when continuity was not considered. This suggests that data without continuity may perform
better. Additionally, data without continuity showed better performance in task classification. These results suggest that BCI research
based on EEG signals can perform better by showing various data characteristics through shuffling rather than considering data

continuity.
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. ME
ks Ho] Rl wAshe vofd A7) AE
2, o Y Rl duERA 4 Thsd A=
o A7 g ARAIHIL Hie At d&H o
2 Wshks AAID HolEeH, F2 g8 i Sk
A= s g guhs Tk 02~HE Z2

FHoU WA A, o4 B e elA vehdth Al
BT Fabg 4~8z2 Aol Aztolu AA
b, Foll MAHEE A FEET diHadte
T 8~13Hz2 HIstA A H Aol TS
o, =& AY HE oA gatairt veRdth
F(ate Latel] &3h0, 7.5-125HF2 9~11Hp)e]
AAe] EHHY 229
T 13~30HzE 349l 1A 9 Alal S50
e, B3e Aol g2 AZs & o
Uehdth Zmnshes $344 0Hz o e® S5
7ol B8 e, 13T A BERETH2L
-7 H SlEj = o] A(BC, Brain-Computer
Interface)= oA WA= HaE Z4ste] AT
o= AFHY 7AE Aolste 71ER, T Fofol
A A&H o AFE T Yk o]2lgt BA &L A%
ARl 7} HoJEE ARSI AMEARY] EE TS
AE8tA A2 = ATH3l

Lo Giudice, et alld]l & &5 FNE = AR
AT T T FAAE FHOE FYPHI T
A7 EEG ASE 7oz Qo] 2pda ZHEkqlat
HApEA ZHQls A ER737] A% ID-CNN 715k
9] QIZAT BFEDS Agtgon, o] mdd 97.92%
9] J5e EYth

Cheng, S., et all5] & ¥ T} b &5 tlolHE
aRHoR sk WS Asith. EEGS b d
olElE §H3 EH ovA] &R/ A=t &+ EEG
dolE EE &4 ¢F &5 HoHRET ¢ & 52
= et

Lee, HS, et al[6] & uHD EEGQ] gPangoling A}
|3t & £ AME &b $AYE f2dste A
& gk AFE APtk S/ B Evie
A YE UFY stHE o Hd ASd=e 44 70.7%,
65.3%, 63.7%, 63.7%, 60.6%2] =S BT}
Shin, J., et all7] & &4t &5 F& 4, T8
2] gl A S = S48l diele] R dE &

o

o 2 orr X

rir

9 o

o

EZ %0]7] $Jaf hBClhybrid-BCDS] AMR-S A<kl
. tlelEE "H #A 7w AytslE 3%
HHE EEG dolEo] A&l AAE
EEG-BCI, NIRS-BCI, hBCI ol thgt H+# &5 A&
SLDA( Shrinkage Linear Discriminant Analysis) & A&
st} /AT

Chai, R., et al[8] & ICA(ndependent Component
Analysis) 71¥e] BSS(Blind Source Separation) 7|5
g3t it AEE AYS ERske ATE Y
3ok dlo]ElE PSD(Power Spectrum Density) 71802
244 3} dolg 4 F& F Ho|A} AATo R
EFetk 6712 EEG A'd(C3, C4, P3, P4, O1, O2)
X 2709 S FHst] 44 =S ERHSIA
o Ol&C4olA 714 B& ASE 76.4%S BT

Darmakusuma, R., et al[9] & 2 Aejel €29
A JEE sk $AY
o] EEG A5& ARgste] 229 A A
AEHE TR Mugt Betadl 2158 7 TPR(True
Positive Rate) 0.64% 4 + 0.11%<+ 3 FPR(False
Positive Rate) 0.17 + 0.08< 53f &<lslsich

Huang, C., et al[10] & EEG A& &Fo| A4
S 913 Multi-Scale CNN 2d-& #k3ith o] &
Toll A& BCI Competition IV Dataset 2bS A-&3) 01,
Layer Alxtell whe} @A¥3H= CNN Feature mape| 4
Ae EAE Aot Skip-Connection &Eje] Layer
d2e ALk o] WiEe HFS ANN(Artificial
Neural Network), SVM(Support Vector Machine),
SAE(Stacked Auto-Encoden)®} Hlw A¥-g B 43
Hom, Multi-Scale CNNo] B 73.9%2 =& A5
S Byt

kot ol
i Hor Y

Cho, J. H, et al[11] & EEG A3 2%E 25 &%
s F439 R/ AYEE A7 HE 3

< Aokt Ak 2ez CSP(Common Spatial Pattern)
9} LDA(Linear Discriminant Analysis)& Z3sl= =4l |
I Aatd Pel =9} CSPE x3ksts 2d 12 H)
wate] Age Yo Atd mde A=t
63.89%% Ugkerw 2 [ g M9 H4 HYE B
o} 247} 24.01%, 21.59% =& 7 o2 el

Huh Ao Qo] 71E AFlA owT HHE &
g3t AFE FYPeA Hla £49S 53 99
ATl AREE 5714 5-& AAsT A HA
o]% 7]& ATFoA $ele dATtdl Fie 1ID-CNN,
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MS-CNN, ANNDNN)S AdAstlar Hs7t AAE dl

SJEl9l 3} A%He NHF dolEel tF BF 4
9e 9181 LSTM, GRU 2alg A4sje] % 5717 =

a8 Mgt ATE WYsIth

71 AFNME HI dolEe HZSo=E Public
Datag &8sVl sy, dAFAELS Manual
Annotation& %3} HolEE FE3I9Th o2 Us) ©)
olele] B3 HAE W, A&Aol EsiEA ¢
of B A% Hlwe] ojzge] ok 8 AFE ©l
EAE sAdsty] A3l 571A AFollA dojzl Hat o
olElE FYHE A dolH d&gor T3t
BCl =¥ A%< vlw APE 18 ek 2 3}
o|% u}zbu]E e} Eé} —E— Ao vsg Ao ¢
gtk ol2H =dl ek Wlaleh A A
ntsl 7k ol %O}ﬁi‘:}. A= EEG tlo]Eel AlA
g dlojEe] AgAd wE oy 748 37k4 U
o= o] AFE IPFoH 579 IFAT B
t*‘OﬂH i B4 ek Elo] A5 B3 AlA
& dlolele A4/d¢] EEG Hd B/ A%l UWE
18t theFet dlolEjAlel wWE HAo &
tazk =gk AT A E]"C‘
£3 FRE AZY A= sk

o\-J
r

o 2

1, oo
re o n!{o

1>

®

ol

of

os]
a
-
2,
o

M. o7 g
2.1 Datasets

B Ao ME EEG A&E 7Hto g 435+ BCl
TE9 v BA& ¢ A48S PPk HA
e HRGA Hak 23 7](Quick-20r from CGX
A cognionics company)E F3l 3} dolHE £33}
Aot ZE gaddxiolA A 5H1 FHge AHYy
st om, FoAel Awstdeh AYgtigta A&
ALBRBY <<l 3tol] AFE WY SHATHEKYU
2022-12-004-00D. & dlo]ge] £ A=2 10-20 A
2L J)FE 2HH 07 Al AZL u]]x]o]-_?_ i
£ FHsIh Agd FAd JPAe HHEoR F
A Fck 19 ~ 604 Atele] AZF "é?_ A 11,

re

7

)

ﬂi

B 71 Y3l 5714 A%

B, & 242 AH, 948 5= *Jﬂ% LELES B
= A, &2t ) dielHE g5 H dojg AE
TA A% A vt 302 Yat =78 a6

3 o] A A F 28 029 NIVt £EF
2F WAE s wolEl AFT B 7 152F
@ 272 wel deleE Agdh 74 A%F 3
% 67529 % S Agate] A7E AYPsYTh
AR Hohs BE P5S XS] 3375% 719 M
1} dlolel7}t 35 &EEH U

+

 to
o

2.2 Preprocessing

B AT E HolH £3E& B3 g53 dolH
HMEZ Azt Sampling Rate= 500Hzo]® EEG
Channel-& 21Chelt. 5% =3} dlolge 3 P53
30x7F 0.002% HEo=2 =Ho] HAULE HolHe
Notch-FilterE 24 60Hzo] HY So|ZE AAHY
t}. o]% Band-Pass FiterZ 53] HolElE 4Hz ~
59Hz Atol2 HEF sFSth

2.3 Experiment

2 AFdA e dolg FAo wel AIAE HolE
9] dA&AHE 1T vlolHE HUHE s A3 Hol
H TS HRZE Yo AT Table 1& & A+
oA AFe {3 FAS dolEolH, HolHe A&
A9 AE HES 722 /2 EFETh

Table 1. Configuration of Datasets

sst, | ss | ss | ss

Merge | RST1 | o | 250 | 125 | 25

CR g0 0 1 05 | 025 | 005
(sec)
**RS

F T T Tl T | T
(T/F)

*CR : Continuous Range, RS : Random Shuffling
RSt; : Random Sample, SS¥, : Slicing Sample.

Ao A= Merge, Random Sample, Slicing Sample
A 7HA 589 HolHAS AHgst 57kx] BE md

(DNN, LSTM, 1D-CNN, GRU, MS-CNN)-&- A8 %13
stk Merge dlolHeE dE4E HA%  H,
Random Sample2 23tz oy HEF WA E 23|
T2 AMEZH e, Slicing Sample e A44S 18

ato] 94 HE& dehfa 4L Felolth é'd% ES
oh9lo] whet 474A(s, 0.5s, 0.25s, 0.059)E EHE AT
Merge¢} Random Sample ©lo]EjAloll A& DNN, LSTM,



S s[5k =2X] M25H HM135, 2024.

ID-CNN&  &g3l9a, dE54S E$  Slicing
Sampleol = GRUSF MS-CNN& 3712 Adsk9itt
GRUY 7% 2de| Bz m& A% HlnE 3]
A A FF AATES 1Bt ATE IPT
o Hut 2A 7)7)9} AATE gy £55 s ¢
3] A7t om, MS-CNN9| A9o= Bz ma
AT vlme} gEo] thoket ~AYe] FEA | Hm

g AYsty] S8 AAsS YAk BE =
YT oA Bl BF A¥E W5k 7

o] Holy f3el e e Hluwska, GRUS

o5
O

a2 A
© rlo 2

it

MS-CNNe| d&A-& a1ejgt dolgoA ojug 72
£ 7HEA s,

ATE AZH BE AN BA THE BEE
st ATE Pt AAMEES B SsiA
£ 2R SR04 mME B 570 5] Hojof
37 e 2d F2E vwd hdsiAl 7k
A7E JYsPT. mAEe FFHoe 2 mUe)
TZE A% % Flatten 292 A Dense Layerol A
0% 2R 44 2990
Table 2. Test Model Configuration by Datasets

Mege | RS SS SS SS SS

500 | 250 | 126 | 25
DNN | 295,734 | 295,734 | 283,755 | 289,359 | 294,254 | 292,397
LSTMT 5 | 292,357 | 292,357 | 292,437 | 291,305 | 291,920 | 293,270
1D-

291,549 | 201,549 | 203,817 | 292,407 | 201,957 | 291,957

CNN4

GRUt, | - — | 293561 | 292,901 | 292,521 | 292,245
MS—

oWt | — [ 299,175 299,385 | 290,845 | 294,206

DNNTy : Deep Neural Network, LSTMt, : Long Short Term
Memory, 1D-CNN : 1-Dimensional Convolutional Neural Network,
GRUT 4 : Gated Recurrent Unit, MS-CNNT5 : Multi-Scale CNN

Table 2= ©lo]E] AMEe] tht dgdA A8H &
F oEde EFE RAFED. DL ER7e2 ¢
300,0009] frARtE BREE 7MY, 4 ol u}
g AZ Aol N thath o] zol= mAE B
= Aolg frdatH, dolE MES] dA&4s &4
NAIA @al Z2o] g wmdlo] gwch LSTM3}
CRU Z2& RNN AE EF7Ie= <280 lolEldA
Featureo] “de] #EIE #7435t ths HE] JIFTES
7NAE ZdE& 7HAI itk Merge 9 RS dlo]E|Alo]

A& GRU%F Multi-Scale CNNeol| T3l A&o] =315 %]
Slicing  Sample Elo|EAlel A= GRU<}
Multi-Scale CNNo] A443& 1¢ dlolg &E/olA
o] e 15k fE APHA

o}o
TERLL,

m. &t
2 AFoAe Holy 4o we A%E Feature
7 &7 2d HE ojmd Ase HoleAd tid 4
q& olE] & IHA

Salsie o2 Slsld 4 )
ol TASOM, BA BF 2A0 0g ol
49l DL 25718 A4ste] wadd, nae vag

mol e ZANA Hwsl] 9Is) sholn seiele

Table 3. Hyper Parameter Setting

Hyper parameter Common Parameter Setting

Optimizer Adam

Learning Rate 0.0001

Loss Function Categorical Crossentropy

Activation Function Softmax

Table 35} Zo] 3o|3 sietulels dAHste] AFS
AW £F SHe WA dolg & Yt I}
2e-S 2] 913 EarlyStoppinge %3 Validation Loss
g ZUHY 9oy Epoch7t $/18545 S45ES

Baste A% Y48 eI

Table 4. Deep Leamning classifier Performance on Merge
Dataset

Wavin Wavin Mental
Eyes Eyes E ¢

Matrix | Model left right | arithme
Open | Closed hand hand tic

DNN | 0.9258 | 0.9278 | 0.9101 | 0.9091 | 0.9122

Pre | LSTM | 0.9288 | 0.9258 | 0.9026 | 0.9028 | 0.8767

cision éi@ 0.9263 | 0.9081 | 0.9071 | 0.9020 | 0.9094

DNN ] 0.9412 | 0.9303 | 0.9112 | 0.8984 | 0.9040

LSTM | 0.9169 | 0.9109 | 0.9028 | 0.8911 | 0.9132

Recall

1D-
CAN 0.9266 | 0.9263 | 0.9118 | 0.8966 | 0.8925

DNN ] 0.9334 | 0.9291 | 0.9107 | 0.9037 | 0.9081

F1— | LSTM | 0.9228 | 0.9183 | 0.9027 | 0.8969 | 0.8946

Score 10%@ 0.9264 | 0.9172 | 0.90%4 | 0.8997 | 0.9009
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Table 4= Merge Datasetell tjgt DL &
HojE) Precisionol 4] DNNo| =2 Hoju, LSTMS
Eyes open ZejolA 43 A= Rt} Recallol| A
+= DNNeJ Eyes open 2 closed, Waving right handel| 4
=81, Waving left handolA]= 1D-CNN©], Mental
arithmeticoll A+ LSTMo] <=3}t F1-Scoredl| A=
DNNo] BE ERlA 58 A5 Bl

7] Al .‘:._ET

Table 5. Deep Leamning classifier Performance on RS Dataset

Waving | Waving | Mental
left right | arithme
hand | hand tic

Eyes Eyes

Matrix | Model Open | Closed

DNN | 0.9361 | 0.9311 | 0.9156 | 0.8965 | 0.9102

Pre | LSTM | 0.9298 | 0.9129 | 0.9006 | 0.8977 | 0.8946

cision | 1D—

ONN 0.9359 | 0.9171 | 0.9091 | 0.9102 | 0.8917

DNN | 0.9323 | 0.9278 | 0.9054 | 0.9167 | 0.9068

LSTM | 0.9170 | 0.9242 | 0.9057 | 0.8959 | 0.8926

Recall 10—

ONN 0.9233 | 0.9232 | 0.9120 | 0.8919 | 0.9127

DNN | 0.9342 | 0.9295 | 0.9105 | 0.9065 | 0.9085

F1— | LSTM | 0.9233 | 0.9185 | 0.9032 | 0.8968 | 0.8936

Score | 1D—

CN 0.9295 | 0.9201 | 0.9105 | 0.9009 | 0.9021

Table 6. Deep Leaming dassifier Performance on SS 500 Deaset

Waving | Waving | Mental
Eyes Eyes ¢ g

Matrix | Model left right | arithme
Open | Closed hand hand tic

DNN | 0.3881 | 0.4072 | 0.3867 | 0.4105 | 0.3957

LSTM | 0.5885 | 0.6271 | 0.5330 | 0.5745 | 0.5913

1D-

Pre | oy |01743| 00 | 03684 | 03750 | 0.1887

O8O T SRU [ 0.5508 | 0.4366 | 0.4943 | 0.5629 | 0.4882
gﬁ@ 0.3393 | 0.4345 | 0.3778 | 0.4742 | 0.5000
DNN | 0.3842 | 0.3383 | 0.4008 | 0.3842 | 0.4789
LSTM | 0.7044 | 0.5522 | 0.4861 | 0.5320 | 0.6474
1D-

recal | oy | 02008 | 00 | 00972 | 00148 | 06158
GRU | 0.5764 | 0.5821 | 0.3981 | 0.4187 | 0.5421
MS—
oy | 0.0096 | 07761 | 01574 | 0.7241 | 08211
DNN | 0.3861 | 0.369 | 0.3946 | 0.3969 | 0.4333
LSTM | 0.6413 | 0.5673 | 0.5085 | 0.5524 | 0.6181

f— | 127 o251 | 00 | 0138 | 0.0084 | 0,889
ONN

Score

GRU | 0.5680 | 0.4989 | 0.4410 | 0.4802 | 0.5137
MS= 0.1467 | 0.5571 | 0.2222 | 0.5731 | 0.5103

CNN

Table 7. Deep Leaming dassifier Performance on SS 250 Dataset

Waving | Waving | Mental
left right | arithme
hand | hand tic

Eyes Eyes

Matrix | Model Open | Closed

DNN | 0.4956 | 0.5604 | 0.4780 | 0.4499 | 0.4163

LSTM | 0.7591 | 0.7634 | 0.6313 | 0.6537 | 0.6436

Pre E:EIKI 0.5763 | 0.5439 | 0.5139 | 0.5275 | 0.5734
cision
GRU | 0.7684 | 0.7175 | 0.5990 | 0.6547 | 0.6456
MS—
CNN 0.3730 | 0.3658 | 0.4094 | 0.5142 | 0.0

DNN | 0.5580 | 0.5062 | 0.4804 | 0.4300 | 0.4204

LSTM | 0.7235 | 0.7444 | 0.6127 | 0.6216 | 0.7413

1D-

Recall | CNN 0.4198 | 0.6154 | 0.4975 | 0.5651 | 0.6318
GRU | 0.6963 | 0.7816 | 0.6078 | 0.5823 | 0.7114
MS—
ONN 0.2864 | 0.8288 | 0.3431 | 0.5799 | 0.0

DNN | 0.5250 | 0.5319 | 0.4792 | 0.4397 | 0.4183

LSTM | 0.7408 | 0.7538 | 0.6219 | 0.6373 | 0.6890

1D-

F1— ONN 0.4857 | 0.5774 | 0.5056 | 0.5457 | 0.6012
Score
GRU | 0.7306 | 0.7482 | 0.6034 | 0.6164 | 0.6769
MS—
ONN 0.3240 | 0.5076 | 0.3733 | 0.5450 | 0.0

Table 5& RS Datasetol]l tist DL #7719 45
UEeRAT thA 2 DNNe] Precision, Recall, F1-Scored]|
A & 4%S Holn, RS Datasetol| A= #ukaog
Merge Dataset2th B+ 0.01 <49 ZS ®HAT o]
€ HAEAER HolHE AMgshe BF 2 gEolA
Random Shuffling?] &37} L& 4 doke AL Ye
Rl=

Table 6-& SS_500 Datasetell that DL #5719 A%
< JeRdth Precision, Recall, F1-ScoreollA] LSTMo]
e 45 BYth

Table 7-& SS_250 Datasetell that DL #5719 A%
< vepdth LSTMe] 37F AFAA hRE 7H &
2 Aes Hole AoR RISk =g GRUY
LSTME.T} Hofz|x|qk SS_5000 Hl3] &7/
oAl AL FIskth SS.500 Dataset®k SS_250
Dataset2 ®lwa|HH Slicing® 7} Yold4E &5
719] Aol FHEE AS AT & Yt

RNN ﬂl%ﬂ«l EH7712 LSTM3} GRUZF 94391 Al
AL dlolHE &8ss BF 9 skgolA Hojd A
& BoFa gtk

-

sl £
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Table 8. Desp Leaming dassifier Performance on SS_125 Dataset

Table 8-& SS_125 Datasetel]l thdt DL £77] A%<
HojF&Er}h  Precision, Recall, F1-ScoreollA] GRU%:

Eyes Eves Waving | Waving | Mental ws . BHol T no
Matrix | Model O;y)en Clg)/se g left right | arithme LS F717F Holyd, oiRE PE EFANA
hand | hand tic GRUZ7} $53F A%& Mtk SS 125 Dataset&
ém 82822 82531 8?;717 gggg? 8?1232 SS_500 2 SS_250 Dataset} wlm3-& w Slicing ©o]
D= : : . : : E7} ©] Atk o)A SS_25004 Slicing ®ll°]El7} a4
CiPSEn CNN 0.7228 | 0.6374 | 0.6744 | 0.6270 | 0.5725 é/‘i Aql_:_] %k}B}Q“E ;_1_% fi}?léll%ﬁl, SS_125
GRU |0.8242 | 0.8168 | 0.7643 | 0.7614 | 0.83% Dataset OIA%E Aso] T A AL Fold 4
gﬁ& 01936 | 00 | 00 | 00 | 00 AATH
DNN | 0.6849 | 0.4323 | 0.5566 | 0.4885 | 0.4690 Table 9= S5_25 Datasete] DL #+7] 4%5& Ho
LSTM | 0.7972 | 0.7648 | 0.6833 | 0.7679 | 0.7606 =t} LSTMZ} DNN ®357]= Precision, Recall,
Recall 2:?1;1 0.5089 | 0.7577 | 0.5676 | 0.7090 | 0.6428 Fl-Score| Al H& A2 Holth LSTMo] thitie
GRU | 0.8431 | 0.8682 | 0.7625 | 0.7487 | 0.78%5 Az Bl AT SRelA 7P Helubn, 85125 Dataset
M= 0 oo | oo | oo | oo ¥ vwge W GRU ti4l LSTM £F717F o &34
CNN | ' ' ' ' ol Aoz Uehgtt AAE dele9 Slicinge] 25
DNN | 0.5818 | 0.4758 | 0.5621 | 0.4974 | 0.4930 e el A _
LSTM | 0.7987 | 0.8040 | 0.7017 | 0.7247 | 0.7448 FoIEHA A&l fash, od3s] RN Ad =
D= do] DNN EF7150 $3F A% Ho|x glth
FI= | oy | 05973 | 06923 | 0.6164 | 0.6855 | 0.6056
Score orU o835 o7 To7ea 07550 [ 0810 Table 10. Deep Leaming classifier Performance by Dataset
MS— . ss | ss | ss | ss
32 . . . .
ONN 0.3244 | 0.0 0.0 0.0 0.0 Matrix | Model | Merge | RS 50 | 250 | 125 | 25

Table 9. Deep Leaming dassifier Performance on SS_25 Dataset

Matrix

Model

Eyes
Open

Eyes
Closed

Waving
left
hand

Waving
right
hand

Mental
arithme
tic

Pre
cision

DNN

0.9343

0.9235

0.7932

0.8125

0.7684

DNN | 0.9170 | 0.9179 | 0.9179 | 0.4800 | 0.5257 | 0.8464
LSTM | 0.9073 | 0.9071 | 0.5829 | 0.6902 | 0.7569 | 0.8744
1D-

Pe | oy | 09108 09128 | 02213 | 05470 | 06468 | 08289
OO TGRu = [= (0508306771 | 0.8013 | 0.8%6
MS—
o 04252 | 0.3305 | 0.0887 | 0.6006

LSTM

0.8996

0.9429

0.8537

0.7975

0.8785

1D-
CNN

0.8932

0.8729

0.7666

0.7635

0.8483

GRU

0.8613

0.8715

0.8332

0.7775

0.8544

MS—
CNN

0.6229

0.6933

0.5656

0.5659

0.599%

Recall

DNN

0.8808

0.8921

0.7998

0.7708

0.8729

DNN | 0.9170 | 0.9178 | 0.3977 | 0.4790 | 0.5263 | 0.8433
LSTM | 0.9070 | 0.9071 | 0.5844 | 0.6887 | 0.7548 | 0.8725

1D-

Recall | ONN 0.9108 | 0.9126 | 0.2017 | 0.5459 | 0.6372 | 0.8282
GRU |- - 0.5035 | 0.6759 | 0.8010 | 0.8389
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