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Abnormal electroencephalography recognition via
adaptive structured sparse regression

WU Tao', LIU Xia?, KONG Xiangzeng®
(1. College of Computer and Information Sciences, Fujian Agriculture and Forestry University, Fuzhou 350117, China; 2. College of
Future Technology, Fujian Agriculture and Forestry University, Fuzhou 350117, China)

Abstract: Feature reduction is a critical technique for enhancing the decoding accuracy of electroencephalography
(EEG) pathology. However, conventional abnormal EEG identification methods generally employ single-scale aggrega-
tion for dimension reduction, overlooking the complementary nature of multiscale aggregated features. This oversight
frequently leads to suboptimal classification performance. Furthermore, current approaches often overlook the inherent
correlation structure present among EEG features. To this end, an abnormal EEG recognition model based on adaptive
structured sparse regression and its two-stage construction method is proposed. First, a novel adaptive local-global ag-
gregation mechanism is employed to integrate wavelet statistical features extracted from the original data. This mechan-
ism aims to provide representative features for high-precision EEG pathology decoding. Second, a novel sparse regular-
ization model is defined, which can automatically eliminate unimportant characteristics by the L,-norm constraint term.
Concurrently, weighted piecewise structural regularization is employed to enable the group selection of highly correl-
ated features. The experimental findings based on real-world abnormal EEG datasets demonstrate that the proposed
method significantly enhances the accuracy and stability of the classification results.

Keywords: abnormal EEG recognition; aggregation; sparse structure; statistical features; discrete wavelet transform;
regularization; group feature selection; adaptive aggregation
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AT E B URA ST T T R AE 2 SR R
B O A A A, I S A TS TAE
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RAM Wit3EHL FiatT.
2.1 KIGEHE

SEIG SR T 2 A4 3T 04 Hik R BN S X T B T
HEAT B UE, LUK BB T Ik R RE o 2 D EUE AR
A3 R T 35 [ R DR 2 I e WSO 1) S i L 2
$i 4 (Temple University Hospital EEG Abnormal
Corpus, TUHEAC)®! F1 £ 3 31y $H — Bif 156 9§ 75 55 155 58
W2 B NUST-MH-TUKL (NMT) %48 525, 1]
TERAE B A AR B c sk i . A STt
SRR R R B AR B 22 5, ik 1
FIi7R o

F1 ZERMNAHBEENEXER

Table 1 Some information about the real-world datasets

b€ S PRl IEWEEGHE — FHEEGHE
Bk 853 742
TUHEAC
Ltk 668 730
Bk 489 122
NMT
Lk 998 196

1) TUHEAC %45 4E : AT &R FEZ g
B, W)z T R NG A A AR B
B S i PR PR bR UE 10-20 2R 45 AR i B 1k,
LA 250 Hz o} 5 55 A9 SRR 38 A 2329 7 55 1 Fn 2z
B KRR, AL TR 7 KB 96 % Z [H]
CEHEIAERS Jy 48.69+17.89 %), 1 3 1 fiji 86 1 4
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I FELSE A, SR BT AT SO 38 H R AR & 250 Hz,

2) NMT £dfide: — DL ETr WA HATE
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MIC K H 2417 207 B ARk, SF1
IR K 24.64 %, J5 IRk K BEG 5 5l i [ PR
#E 10-20 REHY 21 NIEE R AL, R 200 Hz,
B P IR IO SR B st R
PRYEAIEH BURE M . BeAh, Tl st K
114 i P 5 JE vk B I e R 1 B, 28T LAl F
5E 08 S A AR B 4 10 min 912 SR AT
SEH R IE . A, SCER R A NMT BoiE S
1805 4% EEG iC 5%, Hrf 82.38% N IE i 5%, 4T
29 17.62% MR BRLIC %, TEANE B L% 1.
22 KUWNEE

Shy KL 6 T 4 9 B AR, SERREE R T 2 A4
B MR, w, RS sIEESH
i R EEG 3 38 50 2 518 100 A KB
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Sym6 b BE/INE B B O/ INE R, R R R E
RS, ARAF RN E B F 5 7 B r AT R AR A
8, M D, D,. Ds. D, Ds Fl A5 ZECP R
FRE I G S50, AR IR B 5 d5c ), R FRRAE
RETIER AR E R IR G J1, I8 H ASLR #E47
a3 Hod, SREA T INECE 218 8 A R
I 5 30k [27] —RERO S BB R X T AS-
LR IS5, A SCGHE i S HOUBME SC I8 2 T e
) e A (E . EL R M, 183 S 80y A5 0 3 B R
0.5 F10.05, V-1 £ %, Mo, 73 0 B K 8 A1 S,
SCHG K H Python3 15 5 R L. ILAN, T XFEE
TERZRIFER, BB e ¥R AEES
B, DA RS2 30 25 R i T Lk

AR SR S 3738 I IE R 56 UE AN [ 12k )
e 45, 3114 FH F1-Score Fil G-mean 1E N PEH 35
b, X 52 B R B AT AR 2 B A 1 i 5040 4 B (B GE
M 2RO AR, DL AR 1), AT LA HE M A b
Ml A Y R SR . ELK K, F1-Score J& 4 A
VA [ BT BIME, 208 B0 5 A [l B AR AR
R B, F1-Score {E A, AT AT LAAE PR & 2 (A LR 5
R4 19 -7 5 G-mean 2 — P38 5o 3155 7 A i i 2k

%) A3 [ S 1 T Al Y- 4 R A 1 4SS AL 9 1 B
23 tEgEXTEE LIS

R T B E TR R B S, SEER R PR T A
T OC TAESEAT A o B AL3E /D U 0 40
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IRA ML, Hor, § 3 MR IEET P E X
i R AR I B SR M e A U O i B A AR R
JUHJZE WD+SVM fifi FH 1) Ge it R ik it 50 72 5 B
PO R A 5 I R T R B 2% 2 1 G F
SRR T, BT R AR AR
PE, FRDE IR A M LB dE i .

T2 T 6 BT IEAE WA S B N FH BE 4R
AR R, Il DT AR R,
HY 2% 2 BT L, 7R ST H T vk A LS S G P A
R A T BAF A RBOR . 4% 2 UL TUHEAC
AR NG, JE— 2000k 2 J5, AT RAURAS LR 0
L2598 1)ASLR 709 F1-Score {H LA T H P &
SURFIE ) L4 T vk (IR B FRIE+SVM) = 2 8.3%,
FOAR 26 M A TR i 24 2 J5 7% ChronoNet B & 425 T
23.1%; 2) S5HrUc i B IR A IR E 2= ) ik M T,
R IEWSEB T IR 2 rkfe . Ao, 3T
NMT %c#i 65, 3 2 AT LA i, ASLR 7540 255k
ST Tt B SO0 T A S R SR M R R O v
eI ML, ASLR 5 feilf & R 7 A0 HE, G-mean
32T+ T 6.48%, F1-Score {H KA TF T 2%, X
— 25 BT B T O R A A R S M LU
JIT T 1 170 A58 616 A 280 G R M . e 2 56 40
ASLR HUAS 0 458 - 235 SR 1) Dot R 2 22 )9 25+ LRk
WA RS I8 B I S R G IR B
PRI, X T NMT %8s 5, ASLR A] DL J5t 1 4%
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$& 586 MRFIEVE Ry S LRFIE T4, X T TUHEAC
A, B B /N S T RRAE A R AT
VB 475 DRRIEAE Ry et F 4, SR W T 2 11 1 45
A7 1 322 i [ A AT LA R b G o B BRURRAIE o
1 TC A A B, DT 3 e 455 =GR 0 i ME B M .
Hh, W R 2 R TR B S A S B 25 L, T L
& P ASLR 7E TUHEAC ¥4 230 H 19325
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H5 50k [30] TR SE B A2, H R E R
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Table 2 Comparison of the classification results on the real-world datasets
.. TUHEAC NMT
Ik
G-mean F1-Score G-mean F1-Score

IR FHIE+SVM 0.7341+0.0092 0.7033+0.0125 0.1351+0.0726 0.0454+0.027 5
WPD-+CatBoost 0.783 1+0.006 0 0.7716+0.0074 0.5537+0.0533 0.444 5+0.064 0
WD+SVM 0.7772+£0.0164 0.7497+0.0233 0.6994+0.058 1 0.3238+0.0462
ChronoNet 0.6215+0.1045 0.5555+0.1374 0.4367+0.0762 0.32414+0.088 8
IRA M4 0.7459+0.034 4 0.724 8+0.0492 0.6765+0.043 1 0.5559+0.0367
ASLR 0.7940+0.0177 0.786 5+0.023 2 0.7413+0.0277 0.5749+0.0378

T MR 2R L4 2R

24 AREIEMN/LFEEREERVE 7 ER X L L6
itk — 20Uk B ASLR AU ARFAE BE$E RE ) DL S AR
YR o3 B PERE, A SEB 4% 1 Lasso fR Y124
[5] 5 ( Lasso logistic regression, LLR)?" | ENLRP?
SPRM I ALCP!™ 3 4 Foft 1 WU A4 7 170 32 8 [m] )1 464
RUVE R XF X4 . LLR BAs 2 mIH Y e,
SIATHANY Ly AT, 38 48 AR Zhad #2 v
T R B AR =5, RORER T 1A B Y ] i R
PEAMTPERE . ENLR J27E LLR &4l I, #ishxf
R (0] 5 R 00 L, 7550, (2 (A A B 440

RN PE T . ALCP T SPR J2: 37 30 #2 H 4 11 0] £k 32
B NE I, EATA B R B 25 8 i 25 5 0
ASLR J7 ¥ AT o S0 1l T 28 22 RUBEARRAIE
fil5 H R B U EEG $#AEAE B A [m] )9 45 AL 1Y
A, BTSRRI SCERIERE R BN S8, £ 3
g5t T A MO ETEA FEE AR RIS A 2R a5 R
L RORE 7 3 BURFAE 1 F- Y %4 2 (average number of
selected features, AveSN), FH.H1, AveSN /R i #l
T 22 YR S 56 v AR AIE 25 [) 8 BRI 2508 1 - 3
B, N R AR B S A A R M

R3 FARABEEEAEBELALKIFES LR SRR

Table 3 Performance comparison between ASLR and baselines on public datasets

won TUHEAC NMT

AveSN G-mean F1-Score AveSN G-mean F1-Score
LLR 801.20+7.30 0.7517+0.0160 0.7446+0.0196 589.20+33.62 0.6371+0.0417 0.4423+0.0521
ENLR 736.20+12.08 0.7902+0.0200 0.7842+0.0247 627.40+22.91 0.5596:0.060 1 0.4191+0.0746
SPR 515.80+8.16 0.7632+0.0206 0.7671£0.0177 710.00+26.40 0.2799+0.047 1 0.4162+0.0383
ALCP 1121.00+15.97 0.7827+0.0188 0.7648+0.023 6 663.00+46.57 0.7182+0.0289 0.5270+0.042 1
ASLR 475.80+£11.90 0.794 0+0.0177 0.786 5+0.0232 586.00+£14.73 0.7413+0.0277 0.5749+0.0378

TE: IR R L4 2R

H1 ¢ 3 7] UL, ASLR 7 % £ 5 /0 REAiF 19 15
T, B T RO T HA 4 ROy ny o BAUR S
LI NMT 85 06, 2 Aral 15 LR A4 R 1) 5
22 ML) LLR J5 3540 He, ASLR 78 SZBR 5 8 i H 4%
P 4E B9 G-mean 1 F1-Score 73532 = T 10.4%
1 13.2%; 2) 587 £ 0 i g (8] 5 A Y AL-
CP A I, ASLR [ J 8t B B A 34 3) & T
oAy 4 F s 50 3% 48 MBS, ASLR 145 17 3 K
RO Moy R G5 5% . —Jri 28 ASLR R T 3
T 2 i )RR AE A A 3 SR W, AN TR AE
fR) L SEAE, f2 AR AE AL AT DL 38 I b 1R PR A
fiE; B — 7t F ASLR R T A& M L, 557
T, ] DA A s A A B A2 i (] ) AR AR v
A AT . BIREE SRR, 51 XT 5 2% 1 5 H il

A A G R )R] T, ASLR AH#E T B4 3 I fi i 1%
B RA R AR
2.5 HBLSCIR
251 TRI4FAEGRS 7 XAT £I 48 R 69Tk
TSR T B S B RRAE Bl A T R B A R,
ARG i B BRI IE R A i R P SR i T T
AR, Bk, ASCEERIIFIR T 4 Fh
AN TR) )1 50 A A FHARRE 3R A L AU F ey Pl 4
JR B A FRAE A B TR Bt R 3 R 42 )R R A R
fiEo 34 251 T 78 A SC PR 7 0 i o s 4 L &
Tofv158 0 X6F 7 #1943 55 51
Hi % 4 7T UL, BB e RRAE A 5 2 05 vk
PERE SRR X 82 22, 156 T 3R & R IE 10 Oy v 343k
5T BAF R IR AR . X RE T R AL
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Table 4 Ablation experiment results of multi-scale feature fusion method on public datasets

5 REEL AREA TUHEAC RMT
G-mean F1-Score G-mean F1-Score
1 x x 0.608 1£0.028 4 0.6069+0.043 2 0.5114+0.0300 0.2646+0.0324
2 J x 0.7931+0.0198 0.7858+0.024 1 0.726 6+0.030 1 0.5563+0.0382
3 x # 0.7871+0.0217 0.7810+0.0242 0.716 1+0.0429 0.5435+0.054 8
4 S d 0.7940+0.0177 0.7865+0.0232 0.7413+0.0277 0.5749+0.0378

T T 2R iR LA A

252 B MMM IE )T LI R Fh

R T 56 A I 2 ] U4 AN TR] g R s ot
RERY R, A SO BT AL R AT T i AR 5T . EAK
H, AN T ASLR AR 3 Fh AR (At 17 %
LS5, AR E T E R 2 S g & AFEH .
FE Model-A . Model-B Fll Model-C 43 5 %t [ %
ASLR (¥ TE WAL I 48 Ry L, Y5 AT A
JIAL L, JEECL 5, LUK FE Model-A 5] A 454 IE
MRS, 5] 2 25 1 T AN [R) RS R0 7 A 52 B A5 0 R
RT3 4y 252

80 r KXIG-mean
KN F1-Score

XXX X XXX

X0

Model-A  Model-B- Model-C ASLR #/
(a) Z¥i4E TUHEAC

77 1 &X1G-mean

42 .
Model-A  Model-B- Model-C ASLR #/
(b) B dE4E NMT

B2 AEEEIEERITLL
Fig.2 Comparative analysis of experimental results ob-
tained from different models

ME 2 AT LLE H, ASLR 76 W DSR4 3
RS T B AETERE . B0, £ NMT 45 4E |, Mod-

el-B il Model-C #4325 45 3 0 L T Model-A, 3
B 38 7 AR TE ISR A Xt &5 449 1 D) 4 30 7 A5
RYRRAIE 2 2] it B i 3 G E . iR 32
i PN 25 BT S RN 2 e U1, AS (] ik FL 30 3 [ 7 AE
1o BE A G, B0 L RRAE TP A AR A KR IR
T o AT INAL Ly Y545 2 RN AR % 25 #)
E DU AR T A AR T LA [ 3 I b 3 R 2 P ) B R
fiE . SBRH A T 015 8 B WS R A, 2R 1 3R A5
FERYOr 28455 . TRIL, PR et 5 s 1) il A5 (6 75
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SO AR HE A O D AR IR B T SR B R ST 55
)M RE A A
26 SEHBRM

AT S B AESE— 243 HT ASLR #EHY [1) S 40
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SR X, YIS RE S5, R34 3
O [ 8 AR SCHERZ I BRI . LAk, RS 8K
BURPE 5256 v, AE [0.01,0.06] PN LA 0.01 145 K it
{B, y7£ [0.1,0.6] N LA 0.1 A5 K IBUE, 1 n, Aln, 1Y
B 30 R BR A2 K {1,2,3,4,5,6,7,8) . 813 25 T AS-
LR AR AN [A] S5 N RIS 0 SR

i 1€l 3 AT L, ASLR X TS5y fia, Lk
S ZR B, S TR) BB T 75 31 1 43 R R B R
FE, 2 IR X S S A AU . X TS
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Fig. 4 Visualization results of different features on the
TUHEAC dataset
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Fig.5 Visualization results of different features on the
NMT dataset
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