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Abstract

To explore the evolutionary trajectory and research frontiers of EEG-based emotion recognition in
China, this study employs bibliometrics methods to analyze 155 high-impact documents indexed in
CNKI and Scopus from 2011 to 2024. Utilizing CiteSpace for knowledge graph construction, quanti-
tative and qualitative analyses were conducted across multiple dimensions, including publication
trends, institutional contributions, core authors and keyword co-occurrence. Findings indicate that
after a steady growth phase, the field entered explosive developmentin 2021, with Hangzhou Dianzi
University and scholars such as Kong Wanzeng exerting significant influence. The collaboration net-
work reveals a “broadly dispersed, locally clustered” pattern, with network densities of 0.0214
(CNKI) and 0.0148 (Scopus), highlighting persistent structural barriers to cross-institutional syn-
ergy. The technical paradigm has shifted from “feature-engineering-driven” to “data-driven and
brain-inspired modeling”. Feature representation has advanced from Power Spectral Density to-
ward non-linear Differential Entropy and functional connectivity, while algorithmic architectures
have transitioned from traditional models to hybrid CNN, GNN, and Transformer frameworks. Cur-
rently, multi-modal fusion, transfer learning, and non-Euclidean topological modeling represent
the leading edges of international competition. Future research should prioritize constructing heu-
ristic computational models aligned with the biological characteristics of the brain, improving fea-
ture robustness in complex environments, and facilitating practical implementation in clinical med-
icine and human-computer interaction.
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1. 5|

TR FIE ot G B0, ik L &I (Electroencephalogram, EEG) EAS 2 WM . MELAEA2RE K e it ] 73
PERSEREE, CBOVRHEM TS AR OB BIR[1]-[3]. 2800, EEG {55 RA ALt (RfE0RLE K 2
AR ZE S, A BRI TG IR DAk 4] HAT, 8558 2 5 T RVERA AR, BA D 0E
KTEBHIZER, (HEZE B NIk EHORIRE S S BRI K5 (0 iR B e 22047,
M LUK #E 5 AL BRSO T f. A, ARHFFTik B [ &1 (China National Knowledge Infrastructure,
CNKI) 55 Scopus #uff = 2011~2024 £F 6 A 2435 KR AR L SCHROMIR, FIH CiteSpace 2l /1R K, H1E
ARG PR ] A FL 1R 2 R A AT Tk S R B . ASCIAIET 2 AATE T B4k, SR CNKI 5 Scopus
B e LEAR A, 50T N 22 B T E I AMEART R RAF 22 5 R, ARFERITR S 4 S U 2 £
18, RGUIE IR GUNLAR 5 20 IR JE 25 D) RO OGB4 T A e, MR B I Y 48 e e S 2501 7
A, IRFERRNTRHMESE IS R BRI LR, SEIIR R E R R 27 1B X7

2. ANEFHE
2.1. WIERE
CNKI 55 Scopus SCHRf AR, G134 1 Fros. ABFF LD CNKI 5 Scopus A% IR, f% 2011~2024
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EYEEG” 5 BN TR ORBEDEFT TR, CNKI G R a5 b K% G A E R 5 S0
# % (Chinese Science Citation Database, CSCD). FH& # T i S5z ma /) Fa £k 5 (World Journal Clout Index,
WICI) J T.FEZ 5] (Engineering Index, ENT]; Scopus #6244 Article 287 Ciik, HLAFTEMIX RE N
HE, DRI REARI S . RS Ref-works. RIS # R # 5, S\ CiteSpace JT & nl #AL S kit
BT EESITEIREE 2024 47, CHATGISE SO T 7550 SEBEDIROT EE, ATEAREAR ST

Table 1. Detailed retrieval table for CNKI and Scopus literature
% 1. CNKI 5 Scopus 3Bk L=

KR AT Liva4E| R R A MET R MRER HR0e e
CNKI EEG, fE%4iR% TR A K#%.Cr, CSCD, WICI FTEl Rk 2011~2024 5255
. L SCERMIRE Article, HUXERGED China,
Scopus EEG. Emotion recognition {EE) Top 10 T2 2011~2024 103 F

e AWFFKR 2011~2024 4F EEG 1545 IR B CHR . CNKI O HITFIZ S HGN 52 &5; Scopus 4 FE¥]
3K 939 &, AT ZImZE Wi . NHAREREL VTR E, A TFOEN “ERaRA 50BN NEENL, T
FEFEWE SR Top 10 JR NEE— 25571 H) 103 5 Scopus 2% 0 SCHRIEAT #0iR B 3E 2047 o

22. ARAFZEIR

AT LSRR 2 N T RS SRR, B A 54T BO RR AR AT 52 4T . 18T CiteSpace W]
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Figure 1. Technical framework of EEG-based emotion recognition

Bl 1 e R AR AR SR E

i S L TR ERORHESR I, i 1 PR EEG {5 5 A m i (8] 70 R 5 A B W, Ol HR )

DOI: 10.12677/csa.2026.162070 416 THEAURF 5 R


https://doi.org/10.12677/csa.2026.162070

Elkg &

BEERZOBAR. 2R, HEFMIELM. JETREMEEEZENNMEER, HEMNERES PIREHEMRD
TH RS IR IR BEER[6]. N H B4 IR MIVRAE, 1855 DA BTy T B AR O i H oy B 1
B, M. T2 4ENSIE, 456 R 4EsEE R TR A Ol X TR TUAY: e A 4 B R AT I 45,
SIS 75 S8 R AS RS TR 531 5 7
3. &ER57He
3.1 FEANEMES

FERERCEBAE, K2 fia. 2R, 2011~2024 4 [ 7Y ik B 22 0 B 50 S0 5 22 (B B
TEALEFAAE . 2011~2016 =G 2E 1, 72 AL TFARAL B0 2 FE AR NE; 2017~2020 A Fa B K, AFAT
PR, [ Brre 3 964050 s 2021 48 5 2R B 24 S IR B0 N R A, B A SCAZ 0 STHRTE 2022~2023
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Figure 2. Publication trends of EEG-based emotion recognition research in China, 2011~2024

& 2. EABXEIFEEIR MR 2011~2024 F£& CHEHE

3.2. Rt

RIHURG BT BR AR A% O I BRI RRYEE[7]. W0 2 fo, B AN RS2 R e 2
L BB Bk 5 B OERFE . DU T RSO A L 78 R R SRR B AL, O 2 AT U A% O HESD
Jus HERRAR . RE RS SARSCE SRR R, MR T IERR S TR . MHLME YR, R T
1% 70.00%, WFFEHLA L 30.00%, 1 bi#EAZiE R, E LT R4S, ZHRHATEN. BaibeidEmEEy
TRESFARNE . o, WA AL UM e T s & R A ) LB R e 5 2 2D Bt T s PR IR
B2 5, MR T ZEEE ] TR 3 S R B .

Table 2. Top 10 Chinese institutions by publication frequency in EEG-based emotion recognition

% 2. BN IFEIRA L AR R R

s BHIFHLR A E Ay
1 HUM B PR K2 73 2016
2 1 E R} 2 B 55 2016
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R
3 IREE R 47 2015
4 WL AL R B EE s SR = 37 2020
5 AR 36 2015
6 P YN 30 2015
7 R TR 28 2019
8 R T K2 26 2018
9 FpE Rl AR O 2 25 2017
10 HEMILE LR GH R E s 24 2015
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Figure 3. Visualization map of domestic authors in EEG-based emotion recognition
E 3. ERKEIEZIRANEE AT EE

Pade 3 giit, [ P LG 25 R U O BN AR E IR O VR B A . AR SRTE NS, R0
WA SCEBRE Y 4.17 F, THEA T-H AL A8 R OCRIAE 12 B, B m T e briE[9].
H, FLAICL 3L IR SCRA B AL, WOV R RS2 B RIS, SRR 71280
B E T IR . WEAREEIFERE , SR FLE 2013 FERIARUBLL =, 8 T [ Pz s Je T IR R
WA 2016 2= 2019 4F[A], BEAE RSO FL7THE Lo 252 AT SR SR FRim B, il ] pAY g P 1
LEUUNIEFCREN T DU 1 BRI

(R P o FEL 1 2 RO PR B, i 4 Pl AR5 S RBLM T iR, FRHiJE(Zheng Weilong) 5%
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PSR Sy, ERFEN )23 . BRAI(Chen Xun). A 3C W] (Zheng Wenming) 545 BH(Li Yang) ) R IR A3
FREEZE 2024 47, FIRL T 41T USRI 5T BT AR 3G K

Table 3. Publication volume of EEG-based emotion recognition in China
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Top 14 Authors with the Strongest
Citation Bursts

Authors
Moore, Philip t
Chen, Jing
Zhang, Xiaowei

Top 4 Authors with the Strongest Citation Bursts tere xeov

Authors Year Strength Begin End

T 2018
SPEE 2018
2EMR 2012
FER 2021

0.97 2018
0.97 2018
0.67 2020
1.02 2021

(@) CNKI fE#

2020
2020
2021
2022

uan, Ruonan
Zhu, Jiayi

Year Strength Begin End

2011
2011
2011
2011
2012
2013

2011 - 2024 Zheng, Weilong 2014
L, Baoliang. 2011
— Cui, Zhen 2018
Zheng, Wenming 2019
—
Zong, Yuan 2019
S— , Chen, Xun 2020
Li, Chang 2020
— . Li, Yang 2018

2011-2024

1.892011 2015 e
1.892011 2015 m——
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Figure 4. Author bursts in Chinese EEG-based emotion recognition research
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CHLES 2] AL G B T E R H IR B 2 21 #E R, “Deep Learning” 5 “CNN” N1
DR . [HERME,  “Speech Recognition” FILH R m B O, R E 5IES LSS ZHRE
BT C N E bR SE 4 RIS 7 A . b4k, “Human” K “Biomedical Signal Processing” 41 () w43 B,
ST [ PR TR A 3 S R K AR A B AR A Y E AR
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Figure 5. Keyword co-occurrence network of EEG emotion recognition research in China
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FEAZATIBT TS IE L5 2 A5 T BSR4 . E 435 N iz A0 s [12]

M5 4 (o BRAIK i1,  “Speech Recognition” 5 “Biomedical Signal Processing” 54 & 2 i
Ao EAERERR, HEHEMN G IR 7 28R RE O Oon E NI 5T 0 B2, B i s
SHAEM ., TEE S 2 IR I U F ARG SR S FEME[13] . AL, 2012 FEAEDN A% 0 SR 1A (W0
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TR RS 55 10 2021 4F “Brain” 5 “Convolution” FIWFIEIL, TSt 1 R B 27 S 8 s AE fh 2 R 2
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MW 2552 br iz 5 (v R A [14] -

Table 4. Keyword frequency in Chinese EEG emotion recognition research

4. BN IFERATR KRIAIRR

Jrs HIUARIR (IK) L E% B IR B KA
1 84 0.05 2014 15 I3 (Speech Recognition)
2 44 0.05 2012 EY){E 5 4b B (Biomedical Signal Processing)
3 37 0.20 2012 1% 2% (Emotion)
4 35 0.01 2019 #7318 (Human)
5 31 0.26 2012 RRE$2 I (Feature Extraction)
6 29 0.11 2012 H1 4= 2 % (Electrophysiology)
7 29 0.11 2018 Jiki L. ¥l (EEG)
8 27 0.04 2021 KJii(Brain)
9 24 0.01 2019 15 B4y J5(Classification of information)
10 22 0.10 2021 & (Convolution)

Vi HORUET CNKI 5 Scopus $udffiE, %428, &IFRA LGS Hif.

Top 9 Keywords with the Strongest Citation Bursts TOP 10 Keywords with the Strongest Citation

Keywords Year Strength Begin End 2011 - 2024 BurSts
i) 2012 2,06 2012 2018
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154 2012 1.09 2012 2018 differential entropy 2013 3162013 2015 s
FEES 2019 1.15 2019 2021 — humans 2014 3.242014 2017 —
P physiology 2014 2.952015 2017 e
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Figure 6. Keyword bursts in Chinese EEG-based emotion recognition research
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FE AR Z 1 AR IR K0 4% (Brain Modeling, 585 3.77) S5 P48 (242 o X FUR BT 7090 20 E R
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Ab, FRAESEE S L0 Bk B e B, OB T AR ) “RRAE TR SURE S ST R RN (RS A R AR
EVER

35. BRERTHEB SR

T CiteSpace #fF, AR H Pathfinder 542 45 1% 50 BUUSR LSRR E AT SR 2K b o @
DRI SL IR 2% (VR FEFZ R, Guvt 5 SR s P A4 FE R N 24 SRS I B 3 SR IR 7. CNKI T SRS 2% 11
FELHLEE (Modularity, Q {H) 0.7543, “F¥3%¢Ei(Silhouette, S i)y 0.9402; Scopus HIFIRAKM %, H Q
{69 0.748, S{H’y 0.8959. MK Q EHEE KT 0.3 H SHAT 0.7, iESL 1 W HIERKLE A
A T ) S S P B

Wil 7 pras, 1 PG FL A 2 RO BIE S AE 25 AR 2R 5 AROUL A R 2 T Fee B v B R 285 A AL ARFAIE . CNIKIL 2R
KN, ENTFRIER T “#0 HEBGRA” “#LMNE” “#EEG” K “#3 Mibliz 1" DU/ FHEM % 0
REHE . XA E RO HAZ U N — S S 0, AR EENRHLH] . FOEEAL S TN
MR G AR R . Scopus RN —PHE/R T “#0 iy 2l X AL X TR A 2 X 2 (to-end regional-
asymmetric convolutional neural network)” “#1 2152545 B 25 %4k 2 (multi-modal physiological emotion
database)” “#11 HxiM%%(brain network)” K “#13 Hxi&i# P (brain connectivity)” 25+ 43N ki 404> T

xe

AR RS TNt

L)

) E%EE B
‘%&ﬁ#*ﬂ‘%#z iR

R
%
AE R S -t 3 #1 i L= -
#3 bLEED Lo
BAE 2 o
TS i,jg #,% ¥ g
) ;’% ']ﬁ‘@ Pl % B emotion gzogni'cxiz:vw: I
S A A ..:.% sl.:ay“
TN ot ..
FRR o ol B 5 et 2 o= sl
\ Esi; A ) | brain et 1oCtrOPYSIOlogy |
AR g 4 )i g 23] AV " Convolutional geural network
: I}%’@-ﬁ{ ﬁl] o g n i R 2
DK
feF s
LD
(@) CNKI (b) Scopus &%

Figure 7. Keyword clustering map of EEG emotion recognition research in China
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Figure 8. Keyword timezone view of EEG emotion recognition research in China
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