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resolution brain-computer interfaces

Liu Jingyuan' Li Qi"*® Wu Jinglong' Zhang Zhilin’

(1. School of Computer Science and Technology, Changchun University of Science and Technology,Changchun 130022, China;
2. Jilin Provincial International Joint Research Center of Brain Informatics and Intelligence Science,Changchun 130022, China;
3. School of Computer Science and Technology, Zhongshan Institute of Changchun University of Science and Technology,
Zhongshan 528400, China; 4. School of Biomedical Engineering, Shenzhen University of Advanced Technology,
Shenzhen 518107, China;5. Medical Artificial Intelligence Center, Shenzhen Institute of
Advanced Technology Chinese Academy of Sciences,Shenzhen 518055, China)

Abstract: Existing BCI neurofeedback techniques often struggle to balance temporal and spatial resolution. Among
mainstream neurofeedback methods, EEG offers millisecond-level temporal resolution but lacks precise spatial
localization, whereas fMRI provides high spatial resolution but is constrained by second-level temporal delays. This
trade-off in spatiotemporal resolution limits the clinical applicability of neurofeedback. To address this issue, this study
proposes a hybrid wavelet neural network to model the complex nonlinear mapping between EEG signals and {MRI
regional activity. The model employs parallel wavelet convolutional layers and one-dimensional convolutional layers to
extract multi-resolution frequency-domain features and local time-domain features from EEG signals, respectively. A
channel cross-attention mechanism is further introduced to capture nonlinear interactions between features, while a
LSTM network models long-range temporal dependencies. Experimental results demonstrate that the proposed
approach achieves high-precision prediction of fMRI regional dynamics across two independent datasets, significantly
outperforming traditional linear models. This framework not only extends the modeling capacity of current
neurofeedback “EFP” techniques but also provides a new pathway for developing neurofeedback and BCI systems with
both high temporal and spatial resolution.

Keywords: neurofeedback; electrical fingerprint; deep learning; functional magnetic resonance imaging;
electroencephalography;brain-computer interface
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LSTM 0.36040.151 0.30740.199 0.728+0.117
HWNN-EFP 0.543%0.113 0.22720. 094 0.805£0. 089

B OC A {5 B A Wk AR IE A G BB RE 1 Cp TR T 4
6.21%) ., FBHXT HWNN-EFP 815 4 58 ¥4 ok 7 3k 7T

T 2 bR IEZE i BT R R o= 17) A 2 (B 15
H s H R R R A AR KT I AR R

R AL HWNN-EFP 75 A [F] 8048 5% 5 5 00 5 iy A fd
Y5z AL g 1. A SCif fE ME-TASK-CUE $#i £ b #E47
TV WAL, W 4 s, SR S5 R F B, HWNN-EFP Bl
fifi 75 5 B0HE 45 5 3 45 2 BOR W 1% B0 T TR AR T DLAR 319
LA IMRI 5 5 (995 31 (R?: 0.602 & 0.084, MAE .
0.2584-0. 050, p :0. 8070.039),

b

{af
¥ ‘M.i

-2
6 160 260 360 400 560
(a) ZEA |1 Bl A A0SR
(a) Regression effect of the left middle frontal gyrus
3r "
~
2F —HEE
E“" 1
g 0
-1
2
6 l(‘)0 260 360 460 560
(b) AP [ LR

(b) Regression effect of the right middle frontal gyrus

B 4 HWNN-EFP 7£ ME-TASK-CUE #$t#E 4 I fitEfe M
Fig. 4 Performance of HWNN-EFP on the ME-TASK-CUE

2.5 HBLSSIE

R UE HWNN-EFP A5 B 55 4% .0 A5 e # 7R M: fig 1
Bk RS — B i — AT T AR . SEE R
AR IR A YI 25 B B RV 8 Ar, 25 R N3k 3 iR, SRR
WY, /NS B S B bk T SOBE AL PE R L Bl KR R b
(R* FRET 2 13.08%) » B iiE T Ik i 15 5 v B 41 47 A 2k 4
A2 EFP SR G E BRI, X - E 5Haht
BEALH] = 5 W BB 28 36 Bl 5 I 3 30 g 2% 22 8] A7
AR B B I, HORJE LSTM MRH RS BR (R® N
%7249 10. 31 %), LSTM BB /) #% [k T fig T B0 B T 74 4
£ EEG 3| {MRI A WS A9 5 FR B (B AR . e,
B 4 32 04 % Bk 3t 0B ) SR S 2 48 X R 22 5 K (MAE
EFT 427,31 %) , CA R B Bl 4% ) 1 55 1 455 A8 X i

2N 'Jj_'f Ak °
x3 HELXE
Table 3 Ablation study
Ik R?* (£SD) MAE(£SD) o (£SD)

HWNN-EFP 0.54310.113 0.2270. 094 0.805=0. 089
w/o B4y 3 0. 47240. 049 0.264+0.163 0.74040.073
w/o B 4332 0.4904-0. 195 0.28940. 056 0.7620. 101
w/o CABIH 0.51240.019 0.2854-0. 188 0. 7554-0. 082
w/0o LSTM 0.48740. 161 0.290=40.111 0.76340. 112

TE 3R 3 R i 22 th BT A A 1K G = 1) B9 4 (15
H B R R A R K B L 5

2.6 SMEHIIGEKNE

Sy 0 2 ASE A 3 ) B I M BB T T Y S /N AT B B
AR BTE T B T4 i R YIRS U L8 BT
ARG — AR A A 8 (= 0) AR 5, 5 T 4 5 1 5
B B 25 KRR B (60,120,180,240,288 ) BEAT MK . 4N
B 5 iR, SLg 45 R, S Zhit K3k 5 180 s B, 4R &Y
PEREAR fb #a ok 2%, FL 0 M B ( R? = 0. 481 £ 0. 132,
MAE =0.251+0.151, p =0.782+0. 071) A {4 & 5¢ % |
SRt 88. 6 W I MERE. DL &SR EW , HWNN-EFP 784
of A A U RIS A R T B AT 3R AR R Y 0 BE T FE /D
AR k52 BR B 37 57 (A s DA DR st A R e S 56 =) o
ATH RE PR R 3 1 A T AT S

100 oo 2
RRMAE
p
0751
g 050
5% :
55 R
K K]
0.25 - RS K %
B KX %8
K3 K ot (IS K
R (5 e e B
& 3 KX = R
. o 3% X
0.00 L NS & 3
60 120 180 240 300
YIZRIT /s

Bl S d /N RN G R E 45

Fig.5 Determination of minimum effective training duration

2.7 B3R %2 X HWNN-EFP 14 8 (9 22 1

F PG HWNN-EFP #5258 78 R 5] B AR 500 F 19 & 1
PR AR — LRI T AR L., B
FoH AT IGENLS RS HARIX IMRI {55 # 4
KM HEATHET  JFMR R R G B RT 1~ 8 /> L B A Ay B 78
WA LELY R A ER, TSR E AT
7 YIS AR M BE L F BT S o JMAE DL R® =4
E R

W 6 fir s . BEE i A AR 3 i 3% i, HWNN-EFP

+ 101 -



949 B 2 F o

=

2

#OAR

R (1 TR0 P R 7 25 B T . DB F A B 5 A e Al A, A5 Y
TEA TR AR 38 F I 5 2 i« e R 0 eR AR {E W T
WL 1E 5 DN WA AR 0.54340. 113, Al B} MAE &L E
0.22740. 094, F R FR AR R EM 2 A = 0. 805 £0. 089,
X2 R W], B O R B B P T B R A 2
BT 58 4 (1 25 5 FRAE , AT A R FH X IMRI 55 1Y
TOORE B SR, AR AR S B 5 AN IEINE 6~8 AT,
PERESRTH A0 IR B W] WU 22, 5 AR AR L B R 3, X
Uil HWNN-EFP 7£ 5 AR BT © £ 6808 3015 5o 7241
W5 B, i — 25 3% 0 38 1B R B O R (AR BRAL S
T, BERE, Z LKL R FH HWNN-EFP 7&K i
T AT B RT S B Sk B E AN A 1 TR L LA A A 4 X
50 R e 2 2t IO P v B A P

10

—— R
—o— MAE
— A

08} #

0.6 -

0.4+

02}

L Il L 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 9
AR B

F 6 kB HWNN-EFP R #9521
Effect of electrode number on HWNN-EFP performance

Fig. 6

3 & it

-

AWFFTIR L T —Fh B EFP £ 5—HWNN-EFP,
T EEG BA#F S B IMRI 555088 1B . HWNN-
EFP a3 A 45 40 S /AN R B P 4 X — BB B
HAMA S LSTM KEEB Y = EWFAILH, ST
EEG-IMRI #¥34 sh 2 i JE 4 M R AE , 7 XP2 M1 ME-TASK-
CUE WAl 37 S0 48 1k 8 T 54 1 IMRI 228 4k 11 750 DU
PERE MO T4 5007 XS B EEG-IMRI $e = 28 1 2t
BRI, SR, R RANRAFAAEERBRE. 5%, kT
EEG 55 EA WA R 5 5 b 3% B0 S B4 223 2
A7 0 37 I 254 R 52 B0 % JE A M ik IMR] 5 -5 0% 1 B T
PR T S R R P . SRR IR TIATE 25
5 DL B ) i v A A5 78 A o0 4 T B 1T 1 1 2 i AR 9 AR I
grtn e, SR B pz ey . FLUOR H T Bk 2 X R
AF EEG-IMRI £ 48 (4 503 , 9% #E i 2 1T 8 30 EEG 5
IMRI HHE G4 & A o 28 , HWNN-EFP 8B 7R 1% 5 4435
SN A& R S M S T oE W MDA R OEAG . R R
25 5] A N BCE DA AR TR 5 e R T M 9 e A TR
FE PR Y N

+ 102 -

2% Uk

[1]

[2]

[4]

[6]

[7]

(8]

W, Ay KA R L T AR Al A R AR FE AR A ) 4%
32 A L 43 20T, i S AL B8 AR i, 2025,
39(1):70-79.

MO Y., L1 Y, ZHANG B X, et al. Weight fusion-
based feature recalibration network for motor imagery
EEG
Measurement
70-79.
MARCOS-MARTINEZ D. SANTAMARIA-
VAZQUEZ E, MARTINEZ-CAGIGAL V, et al.

ITACA: An open-source framework for neurofeedback

Journal of Electronic

2025, 39 (1)

classification [ ] .

and Instrumentation,

based on brain-computer interfaces[ J]. Computers in
Biology and Medicine, 2023, 160: 107011.

SULZER J, PAPAGEORGIOU T D, GOEBEL R,
et al. Neurofeedback: New territories and neurocognitive
mechanisms of endogenous neuromodulation [ J J.
Philosophical Transactions of the Royal Society B-
biological Sciences, 2024, 379(1915): 20230081.
PURPER-OUAKIL D. Editorial: Neurofeedback in
attention-deficit/hyperactivity  disorder:  Still no
effects [ J . of the
American Academy of Child & Adolescent Psychiatry,
2023, 62(4): 396-397.

5K T3 R BT 00 8 A R S IO I R R e 5
R ROvE B GE [T, 430 #% 40 3R % ). 2019, 40 (9):
199-205.

ZHANG L X, HAO X Y, LIU SH, et al.

and validation of EEG feedback relaxation training

evidence of specific Journal

Research

system[J]. Chinese Journal of Scientific Instrument,
2019, 40(9): 199-205.

MISAKI M, YOUNG K D, TSUCHIYAGAITO A,
et al. Clinical response to neurofeedback in major
depression relates to subtypes of whole-brain activation
patterns during training [ J ]. Molecular Psychiatry,
2025, 30(6): 2707-2717.

TG BT, R K B S TE [0 P 2R M 8 U 5 A A
W i — Ak INIRS-EEG mfg & e L) ], XA AL & 2%
#%,2025,46(4) :184-192.

WANG Y K, ZHU W R, ZHANG L M, et al.
Integrated neurohemodynamics and electrophysiology
imaging system for activation monitoring in daily
[ J 1. Chinese
Instrument, 2025,46(4) :184-192.

WIKMAN P, SALMELA V, SJOBLOM E, et al.

Attention to

situations Journal of  Scientific

speech shapes neural

feedback-feedforward

between different nodes of the speech network [ ]].

audiovisual

processing  through loops



X #it @A SRR SR AL 2 6 EEG-IMRI B4t 7 A 7

541

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Plos Biology, 2024, 22(3): ¢3002534.

MEIR-HASSON Y, KINREICH S, PODLIPSKY I,
An EEG finger-print of {MRI deep regional
1):

et al.
activation [ J J. Neuroimage, 2014, 102 ( Part
128-141.

KEYNAN J N, COHEN A, JACKONT G, et al.
the
neurofeedback training for stress resilience[ J]. Nature
Human Behaviour, 2019, 3(1):. 63-73.

ZOPFS M, JINDROVA M, GUREVITCH G, et al.
Amygdala-related

Electrical fingerprint  of amygdala  guides

electrical fingerprint is modulated
with neurofeedback training and correlates with deep-
borderline

Medicine,

brain activation: Proof-of-concept in

personality disorder [ J]. Psychological
2024, 54(8): 1651-1660.

OR-BORICHEV A, GUREVITCH G. KLOVATCH I,
validation of [MRI-
informed EEG model of right inferior frontal gyrus
activity[J]. Neuroimage, 2023, 266: 119822.

ROZO A, HASAN S, ZHANG ZH, et al. Exploring

neurovascular coupling in stroke patients:

et al. Neural and functional

Insights on
linear and nonlinear dynamics using transfer entropy[]].
Journal of Neural Engineering, 2025, 22(3): 036009.
PAESKE L, HINRIKUS H., LASS J. et al. The
impact of the natural level of blood biochemicals on
electroencephalographic markers in healthy people[J].
Sensors, 2024, 24(23) . 7438.
SR WA, BT 2RISR R SRR
W 25 R BT Tl B R . 2024, 47(3): 9-18.
PENG J Q, ZHANG L K, YANG Y N. Emotion
recognition based on multi-modal lightweight hybrid
model [ ] ].
2024, 47(3): 9-18.

ZOUGY, LIUJ Y, ZOU Q H, et al. A-PASS: An

automated pipeline to analyze simultaneously acquired

Electronic Measurement Technology,

EEG-fMRI data for studying brain activities during

sleep [ J]. Journal of Neural Engineering, 2022,
19(4): 046031.
CHEN J B, ZHANG Y S, PAN Y D, et al. A

transformer-based deep neural network model for

[18]

[19]

[20]

[21]

[22]

SSVEP classification [ J ]. Neural Networks, 2023,
164. 521-534.

LAKHANI D A, SABSEVITZ D S, CHAICHANA K L,
MRI in the
presurgical planning of brain tumors[]J]. Radiology:
Imaging Cancer, 2023, 5(6): e230078.

LIOI G, CURY C, PERRONNET L, et al
Simultaneous EEG-fMRI during a neurofeedback task, a
brain imaging dataset for multimodal data integration[ ] ].
Scientific Data, 2020, 7(1). 173.

BOLT T, WANG SH Y, NOMI ] S. et al
Autonomic physiological coupling of the global {MRI
signal [ 1. 2025, 28 (6):
1327-1335.

B SO AR R . W SE T UE R 4G A IR B TE L R
i Fh A R P 3 2 MR A o2 T (T ). B O 2 4 R, 2023,
46(13): 155-162.

HUANG H. LI W J, ZOU L.
schrodinger filtering combining threshold algorithm for
gradient artifact removal in EEG-fMRI[]J]. Electronic
Measurement Technology, 2023, 46(13): 155-162.
KUNG Y CH, LI CH W, HSU A L,

Neurovascular coupling in eye-open-eye-close task and

et al. Current state of functional

Nature Neuroscience,

Application of

et al.

state; Spectral correspondence between

concurrent EEG and fMRI[]J]. Neuroimage, 2024,
289: 120535.

resting

&N

B

XS 1 LT 5 A, ETAT S5 1 AL R &
AR,

E-mail:526319160(@qq. com

HA

A GREEF) W 4 #U4R, FERF T 5 8 S 4% 0
RZ AT TR A

E-mail:liqi@ cust. edu. cn

#H
+ i

KRBE WA HA, EENR 5w R K 2Rk R AE AL
G BE AR AR 5 B BT R M2 B 2 i &

o

E-mail : wujinglong(@ suat-sz. edu. cn

LN

A A BIBESE R ARG 5 W R BB SR AL B
Hp LR

E-mail: zhangzhilin@siat. ac. cn

+ 103 -



