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Data distribution-based cost-sensitive broad learning system

XU Peng-fei*, WANG Min', LIU Jin-ping'!, TANG Zhao-hui®, MA Tian-yu*

(1. College of Information Science and Engineering, Hunan Normal University, Changsha 410081, China; 2. College
of Automation, Central South University, Changsha 410083, China)

Abstract: Broad learning system (BLS) provides a flexible modeling framework, which is a potential substitute of deep
neural network models. Due to its fast adaptive ability of automatic model structure selection and online incremental
learning strategies, BLS is referred to as a promising technology in the field of knowledge discovery and data engineering.
However, traditional BLS model are mainly aimed at pattern classification tasks with approximately even-distributed data
and equal misclassification cost. In real applications, most of pattern recognition tasks are unevenly-distributed, such as
credit card fraud detection, network intrusion detection, medical diagnosis, etc. In this paper, a data distribution-based
cost-sensitive-BLS (DDbCs-BLYS) is proposed for solving the problem of pattern classification tasks with imbalance data
and varying misclassification costs on different classes. The DDbCs-BLS can achieve the best classification boundary
by adopting the cost sensitive BLS learners, and ensure the lossless of the information of sparse classes, so as to ensure
the classification performance of the BLS classifier in various data sets. The DDbCs-BLS is validated on multiple public
data sets (including balanced and imbalanced data sets). Extensive validation and comparative results show that the
DDbCs-BLS can effectively determine the best location of the classification boundary line, consequently, it can achieve
better classification performance on both balanced and imbalanced data sets.

Keywords: imbalanced dataset; cost sensitive; broad learning system; adaptive model structure selection; incremental
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0, Az B T R 45 (GAN) RT3 T UG AR B 7y
AT S8 ) UR FE B AS 2% (DBN) H#E47 TR BERFAIE 2
01 13 VA #2248 (RNIN) O A0 L5 B AR AT
o U0V 85 B IR 2 A5 R ks oK AR TS THT I o — 2
e JR: 3 % 45 e R R (1) 2 8, A4 2 M) 2% 52 3|
Y i R AR I 1R B2 . D fif PiX — ] @, Chen %511
PEH T % 2% 2] &5t (broad learning system, BLS), i
T4 A 2 X 45 11 T PR T AN 2 VAR S DR i e v 24 a0

A DL R G B T X 2 A A

Chen %5121 £ 284IF B BLS A 3 H (138 i1 58
&t — ML T IE AR ASAE ) BLS SR 25 2] ANH E 1 2
PEA IS, Xu ZE04 JE 5 BLS $& HH — i) (8] 7 471 T
17 (recurrent BLS) FH F 22 4% & Tl i) 18] /v %1). BLS
HAEHRETRE . REFFZ AL, BIA R 212
AR ) EE R R, BN e — AR B R S
VAT, IR, AL e BLS 7E 43 2K 1) @ E BRI 2L
PEAE AL I 3 A1 A w6 R AR AR TR], (E 52
s N7 P e 89 D8 2 A X 28 1) R T s )4 2 —
Yyttt o H A SO AR A A B S A, an )
28 NAZRTI S RITIZ 0T 28 VR B S 05170 DRyt
AR SR — b T S A AR A R S
ARG, BAESR A — My B e R 2805 i, A
PRSI, AR T 20 B LAl b3 3 i B iR 3R A5
BRI HERA R, EE TR I

1) X B AR 2o 1 A1 il e, e P A
JRAE STHE B2 5] N BLS, # tH AN B0 95 FE 22 2] R 4t
(cost-sensitive-BLS, Cs-BLS), ¥-4% 4t ) BLS ¥ & 21| A
Kt e R 0 R4 55

2) f£ Cs-BLS 125 JEFE A K Hs (1) 7 Afi ik, 32
LT B o3 A e 0 B AN BUR B8 2 2] R G (data
distribution-based cost-sensitive BLS, DDbCs-BLS), 12
AN R S B 1 73 AR Ve 58 e R 23 2RI A A/
BB AL GA, A RS B o A 5 1 it 4
AR AT 55
1 BLSHEALH

5 2] R G e AR L ) B bk 50 S 4 22 D 2%
(random vector functional link neural network, RVFL)
DN, S R 27T R A R ST R 2 A ) 9 ) —
Tl B 2 o 22 ) 4% 2 5] R 4 AR R 5 M V) 1 R

BLS i Fi] o ZHRFALE B S5 B 11 o 41995 55049 5 B
A RVFL Ay N\ 5 it 2 1) () BL#EE 32, A9 A R R Ik

(LESREDSY

enhancement nodes

) v

X 7"

mapped feature

E1 BLSEALH

B A X = (21, 20,..., 2] T, p 1IN

T AN A I R IE S & 1 Z,:
Zi=¢(XW,;+ B.i)xn, i =1,2,...,n. (1)
o LARAR R, D NFEAR 2 € RV I4ERE; FL
HIMEW,, € RPN AR ERFE B, € RE*N AL
PR, B REAE B TR 2 M ek 80T DAAS [RD; B R

AEWLS B 11 Z, PHz 2 R R i 2 Z7
zZ"=Z,..., 2], - )
SRIG, FHIE WL JE Z7 220 AR 2 PR AR T 1 5

Hj = 5(ZnWh] +/6hj)L><M7 ,7 = 172a"'7m' (3)

HAREEEW,,;, € RNMAmEH B, €
REXM BEAL Az, %% 1 5517 o 1 3R 2 4k B i mT DAAS
[ T B 975 i H PR Y 982 H™ N

H™ =[H\,....Hy], . . 4)

I a, BRI 2 Z AN or )2 Hm BEE R
FIBLS 1%t i, AWk A = [Z7|H™], W BLS 15
ZAG TR R

Y = AW. (5)

H: A € REPXNntMm) S AR B X AR 5 (14
NFEFE, Y € REXCFEARMRE X AR TIIAE, ¢ N
FEARZEHIHL, W € RWnt+Muw)xe Syt R AE .

SR At H RO R BE WO E AR AR A BR S R B

R
arg min : AW =Y |5+ A[W]]3, (6)
Heep N IE AL 23

2 FriRMETE

A 5 (8 B HE G Cs-BLS, 43 #1 B4 1 43 A 5
;SR8 J5 VEGH A4 B2 H 1) DDbCs-BLS, F: X 75 1 13t
A7 18T B R R A0 AT
2.1 Cs-BLS

A B 2 2] ) AR 5B B B AN [R) B R 40 SR
AR SR R AN 5 1 5 £ (P AR X 2 288 e 181,
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ST AR BURHE R 2 P B RO B FEA o IR T — DN BUE T, BAR TS
0 012 CIL %%ﬁu?ﬁﬁﬂi\‘
Coy 0 ...C __c , .
oo .21 . .2L ’ Class(z))’ Class(x;) > AVG(class);
oo e T = 1 ®)
Cui Cro o O Class(z))’ otherwise.

LXL
Hor Oy RAEFER 2, RHONFEA ;5 BN, T8,
SRR IR 2 BN B T 2 BR DB
FRAM.

7E3(6) I BLS ik H A ek 8, Cs-BLS ik %
BRI N — AR BUBAE B, T R BT

argmin : \|W|3 + C|AW - Y3, (7)

8B RAG — AN B, 32 5 7 2 3t D 2 )
TR P, A0 Rl Y40 1 A (A 288003 28 i, L e AR Y
UGS C BEFL £
2.2 DDbCs-BLS

TEAH FH Cs-BLS HEAT 452 30 43 2 B, 45 1 A S04l 4y
AAA BT, ) 22 B 4 Al B S HE AR R ZRR
7, RS BRI RN GiR 2, S BRI A
B Ak, B2y 230 5 2 i 17 /b Bk

151 1, 75 & 2 Jf 7% 19 Cs-BLS 43 27 2 B h, % 31
ORI T i T B, X R D B A 1k
SR A3 M B, BEAR D B vz AL P R

1.0 ¢ %

0.5r e O
O-

-0.5 *

l T

-1.0F ¢

,15 I L 1 1
-1.5 -1.0 -0.5 0 0.5 1.0

(a) :/\;7%t
0571 —
e

ot

,05 - ﬁ C} O

“1.01 % O

-1.5

215 210 05 0 05 1.0
(b) =7rk

O ¥v majclass O min class

E 2 Cs-BLSHHERE

AR, IE K 4 2RI T e R R Bl A — RN
FRAE 45 . ik, DDbCs-BLS 4 SCRik [19] FF AL
ELM [ A8, S /D R AR 43 B — N O BIAUE, DA
e m /D BRI BN GaR Z s m. N2 58 il —
AN EL/NHIRUE, PAREAR 2 208 R I 2R 22 10 52

Hrp:0 < e <1, Class(z;) Ron 5FEA ; [0 HIFE
A B, AVG (class) FoRFEASS S (117 B %L

AR b, AU T W2 1 P 53R 1 88 35
FEFE, VA Kol 5 1 22 B0 G #fe ot (0 2 (B A T A
SRR a0, 7 B 3) M (d) e = 0.2, BBl
2 (7) ML 100, D3 TP 22 35028, D Bk iz Ak
PERE PR EEB3) FI (D H, e = 1L, EZMKFERE
B /M, 120 52 2 ) /D K, dn SR A Yo i R AR
1 T8 2 5 0 1) /B, D BRI R i R AN B
B EE3b) F(e) 1,6 = 0.6, 73230 F 24 171 £ %
KD FLw T g, RE RIS IR, LA E
UFI o R

B Bt A B A B BUE Ty i A 38 (7) )G, 7T 45
DDbCs-BLS H Frfffk b5 1

argmin : A|W|; + QAW - Y[3.  (9)

Hih:Q =TC, T = diag(Ty,),i = 1,2,..., L.

K AE R (9) 1 B AR AL 26 %5, T 43 DDbCs-BLS )

AR EW R
W =(\I+ATQA)'ATQY. (10)

2.3 DDbCs-BLSIZE% ]
BRI REA R X 1, 4R 2 (10), LA FEAR Y
B R A L R N
Wy =M+ AjQoAy) 'A; QY.  (11)
BTAETRE Py = (M + AT QoAo) L M
Pyl =T+ AT QoA,, (12)
Wy = PyAj QYo (13)
Y—HOTFEAR X, INANTEZ2E 2T, W Ay AT
P AR [ 73 A N B, Ak 3 =X (10), B REAR & IE 0
FEA 5 Pt H A R
Ao

W, =
: Qy 0 A 1

0 0 -
TR
Ay ! Qo 0| |Yo| _

Ay 0 Q| |1

(M +AJQoAs + AT Q1 A1) (A; QoYo+
A?Qlyi):

(P '+ AT Q1A (AJQoYo + ATQ1Y1). (14)
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0.5+ I O 0.5F P O 0.5F W O
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P pie by
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1.0} 2 1.0} ¢ -1.0F ¥
-1.5 s : s - -1 : : s - S - s - -
15 -1.0 05 0 05 1.0 1.5 -1.0 -05 0 05 1.0 1.5 -1.0 05 0 05 1.0
(a) =HJe=02 (b) —43Ze=0.6 (¢) Zhde=1
1.0} 1.0} 1.0F
bk O e O s
0.5} e 0.5f o 0.5) "
of % of o 0t
-0.5} o © O | os) . © O | gsp ¥ " o O
1.0} # o Y “1.0} % o © | o} o ©
-1. s . . — -15 s L - - -1 s . s s s
1.5 -1.0 05 0 05 1.0 15 -1.0 05 0 05 1.0 15 -1.0 05 0 05 1.0

() =413ke=0.6
> ¥¢ maj class O min class

3 DDbCs-BLS HFER=E=

(f) =hke=1

WITAE TP, = (PO_1 + ATQ AL A
Pt=pP ' - ATQ A, (15)

AN 4 HE AL B Wy R LAEUS A

W, =

P PPy AT QoY + PLAT QY =

Pl(Pl_l - AlTQlAl)Wo + P1A1FQ1Y1 =

Wy + PLAT Q. (Y, — A W),
BRI, 288 kAR AS X, NG, 7T LIS HERS 2]

W, = W1 + P AL Qi(Ye — AW,_1),

Ho TAEI B P, = (P + AT QrAy)
24 HERE

254y i, DDbCS-BLS ik fEflid i F.

HIEA T B

step 1: B HLA) 46 A0 B 5 B W, A1 B 5 B
B, HH (1) TH EARHE R & Z,, 4 P Z;
FHIEBU E Z7,

step 2: P LA 46 A0 A BB 5E B W, ; A 0w B 5 B
B, IHE X Q) THHE IG5 S H A H 4800
= H™,

step 3: FHRFIEMLT E Zn fidE5m 2 H™ PR %
WIUEREAS IR 28 i N FERE A

step4: BENLI A6 AR BURHE BE C, Hi4E =X (8)
THEON 55 B T, vF AT FE AR M BUE R Qo =
TC,

step 5: VHELAUAFEAS 1) LAE T BE Py, 14 2 (13)

(16)

7)

THEWTLEFEA [P 4 H AL A6 FE W,

WEESIM B

step6: HT—HUFEA X, MK, R step 1 ~
step 4, T 555 FEAS 10 A8 $ i N R B Ay, FOBUAR 36 [
Qr;

step 7: WA TAET7 B Py, 341 B BTN BT B A
JE M TAETT B Py

step 8: ARAE T (17), 328 #5537 10 N B A S5 1)
A HFE W

step 9: return P, 1 W,.
25 Eigoth

BLS #EAH [ X i g148, it LK (6) £ 1% € X
Woe vl F 1, WX (6) A ME— MWL RRHE X (9) #E
W 2 ME— . T IBEA X, 5 IREA
FE AT SR I S A, 3 5 2 SRR 1208 I ATh A2 ]
TR, WO A ST ) AN L RE R W, A ME— i
/N

B B R AIE B S J2 AN 598 2 23 AR N, A1 M, A
AT S A FEAR S BN L FEARRI 4508 D,
WU B — AN REAE /) & 1 B [8] 52 O(N,, M, D), BT A F
A (R 18] 52 4% B 499 O(LIN,, M., D). BEHTIMAFEAR
X1, WAER Ly, SBHEE B W, M E 2R A A7)
(1) 28 2 T, B 8] 52 4% FE 2498 O(Ly N, M,,, D); b %5 %t
FEARIIARWTIMN A Ly << L, 33 HH A 2
I BE e /N T b HE i 75 I 18] 2% B2 O(LN,, M., D +
LN, M, D).
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3 SRR

NS UE BT 5 R A RUOPE, 78 2 R A SRR SRk
AT U AEPE AN, LM SRS, SEIR PR E a0 T b B AR S
Alntel (R) Core (TM) i5-4210U CPU @1.70 GHz,i&
1T W A7 4 GB; #:4F R 48 4 64 i1 Windows; SEHLIE &
“AjPython 3.7.

BLS 1 DDbCs-BLS ¥ B AH 7] 552 56 2= %.: R fiE ik
ST J2 R i 2 () 4 22755 SN H053 70l 2 150 1200, 1
ML REN = 2730 ¢ = 0.618, L& MEER TS =
tanh(z) R~ A

2

3.1 ISEMESEIE
3.1.1 BHEHIES

MNIST %45 46 1 2 1 F 5 0 ~ 9 £ 7 WG 4 L,
AT R 28 x 28 MG, H Il 2466 60 000
Tk EUE, WA A 10 000 5K EHA.

NORB %45 42 /& DA [ /8 BH 2 4335 7 04k 1] 50
FRAS [E] 1 3D To HL B A R, Ho Al 252 A 24 300 5K
K, MR EE A 24 300 5K K14,

%1 MNISTF#INORB ##E& accuracy %

BLS DDbCs-BLS
MNIST 98.74 99.07
NORB 89.24 89.31

M1 )25 R LLE i, DDbCs-BLS 43 7l BL
99.07 % F1189.31 % [ HER 5 J& 7R T AT (1 RE, LAk
4t BLS 73 7] 751 0.33 % £110.04 %o.

3.1.2 IEBMEHIES

A S8 % B UCT 1 8 2H AE 15 B 48, ik 2
Frws, HoA IR AN 47 2. Adult 5 CMC 53 11 4>
PR AR, HoAx 6 4N B 2 I S 4.

F2 UCIHRLHIEMEHEEARER

GFF REAHC RREMC 2R UIZEE MR IR

CMC 1473 10 3 1031 442 342
Adult 15003 14 2 10503 4500 3.08
Blood 671 5 2 470 201 321
Pima 768 8 2 538 230 1.87
Breastl 683 9 2 479 204 1.86
Breast2 569 30 2 399 170 1.61
Haberman 306 3 2 214 92 2.78
ILPD 583 10 2 408 175 249

B0 RS AR AR, 4 RUER JE accuracy AN E
I, NI A 4 526 18 ] G-mean {7 SR 7w BE AR 1 4 2%
PERE, HoE X F:

TP TN
G-mean = \/TP TN X ™ FD’ (19)

HAp B S H R 3w, 8y, RAEZEEEM /%
I 43 2k JE [RI I ER s ), G-mean (B 42 B K.
=3 REWEM

T 1E

o £

HIERE TP FN
AR FP TN
P Fh 77 7 1) G-mean {H W1 3% 4 T 75, DDbCs-BLS
A B AR T 4% 4t BLS, {X 7E Breast2 3 £& 77 1)1 2k ik
Wi L BLS A 0.1 %, 75 Adult 303 55 _E I 2 pfg R
Lt BLS 151 5.7 %, 75 Pima £ 45 42 111 25 A0 18 1) 74 ff 26
437 EE BLS 5 6.5 % £17.9 %.

F4 BEMTEETEHIESE LH G-mean

. G-mean/ %
dataset WiR/A
train test
BLS 80.1 79.2
CMC
DDbCs-BLS 83.4 82.3
BLS 73.4 73.2
Adult
DDbCs-BLS 79.1 77.6
BLS 70.4 72.3
Blood
DDbCs-BLS 73.4 74.2
BLS 71.2 68.3
Pima
DDbCs-BLS 77.7 76.2
BLS 78.4 78.9
Breast1
DDbCs-BLS 80.1 78.9
BLS 84.3 83.8
Breast2
DDbCs-BLS 84.2 84.0
BLS 76.6 75.3
Haberman
DDbCs-BLS 79.9 81.0
BLS 75.9 74.4
ILPD

DDbCs-BLS 713 76.9

3.1.3 SRR 55

I IR P 2N bl S 06w DA B A 35 i A A
£ I, DDbCs-BLS 42> [ A% 4Gt BLS 173 845 2 ; 1
7EAE 47 %5 4 b, DDbCs-BLS #4448 BLS 345 1
BRI S Re. 32 B 5 R 2 DDbCs-BLS F|
FRARAN SRR 2 2] A 5 Hi 45 3030 5, 5 78 43 5 Re Al 4
{10 70 A R, T8 T 45 21 2 AR B 1) dge A 100 T2k, A
AR RIER e fpe K BIR BE H A5 21 IR 7 2.
3.2 XfEEMsEIg
321 HBE/ESITEHIRHE

A% 21 S5 3% A KEEL JE 34 5 £ 12 1) 8 41 530
£, N3R5 s, el 2R AR 5 MK AR 4% R 723 1) EL A3
FEHLEI Y. tH 8 F-value. G-mean. AUC =N PE TR AR
18, 35 CWsRF2I, WOS-ELM?!', CS-CNN22I 24E
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Y7 AT LR
#*5 KEELHISHIEHERIMERARER
Wi HE A ¥k MK R

Segment 19 2308 329 1979 6.02
Vehicle0 18 846 199 647 3.25
Vehiclel 18 846 217 629 2.90
Vehicle2 18 846 218 628 2.88
Vehicle3 18 846 212 634 2.99
Yeastl 8 1484 429 1055 2.46
Yeast3 8 1484 161 1321 8.10

Page-block0 10 5472 559 4913 8.79

F-value #& 75 4= 5 Fll 25 v R ) 8 N X34, 7] DL AT
D HCRFEAR RS B, Fose LR
(14 n*)Precision x Recall
n? x (Recall 4 Precision)
Horh: Precision = TPTi—E)FP’ RoRFIER S Brg T
IE A H 9l Recall = %,%ﬁﬁﬂf%‘é SR
1EZR R Eb A1, 2 %0 n H SRk A5 Precision Al Recall [ 4H
Xof BB, — U N 1. 38, F-value $U{H 8K, /b
HORFEAI 43 MG FE .

AUC 52 H ROC 1 4575 A2 1717 K, 5 H il 2 1 AR
AUC SRAR# ROC W 26 1E N VA J7 725, $ it 7 PPAN AR
RSPS89 RE 1R 57— ik, e 3 T ) 1 ) HELE £
151 i TE PRI M 28, AUC {F B K, A5 RSB 17
322 SEZRERS5HH

1) F-value {H, W3 6 )t 7~. DDbCs-BLS 1] F-
value B {2 7= T CWsRF il CS-CNN, 1V {¥ 7E Vehicle3
45 4E I b WOS-ELM i 0.19 %. 7T Page-blockO Fl
Vehiclel % 8% 4£ I 7 7] t WOS-ELM 15 4.68 % Al
2.91 %o. B A SC 792 RE 58 4 a4 Ak HH H5cdis 1 40 S 5
2, 51/ B RE AR 73 2HSKE P o 1.

Fz6 AMTEAETRBIBE LR F-value %

F-value = (20)

Datasets CWsRF WOS-ELM CS-CNN DDbCs-BLS
Segment 98.43 98.70 98.62 99.71
Vehicle0 98.02 96.97 97.68 99.32
Vehiclel 85.21 83.54 86.32 86.45
Vehicle2 99.11 98.73 97.56 99.32
Vehicle3 83.95 85.01 82.77 84.82
Yeast1 76.96 76.95 75.45 78.29
Yeast3 93.22 92.91 92.46 93.56
Page-block0  96.78 93.40 96.06 98.08

2) G-meanfH, WK 7 Fion. 76 8 4 L
DDbCs-BLS fiT 3k 75 ] G-mean {H #5 % Lk CWsRF 1
WOS-ELM 7. B 4R 7€ Vehiclel %5 #& £ E 0% tb CS-
CNNAK 1.11 %, (L 7E H A £ 45 4 L1 G-mean E A A
[F] F%2 B 1 92 =, B 7 7E Page-blockO 5 Segment 44 #i&

£ ) G-mean 18 243 5] Et. CS-CNN J7 125 51 2.2 % Al
0.96 %.

=T AMGEEETRBIEE LA G-mean %

Datasets CWsRF WOS-ELM CS-CNN DDbCs-BLS
Segment 96.33 96.59 96.66 97.62
Vehicle0 96.59 96.97 97.68 98.02
Vehiclel 84.92 82.42 86.42 85.31
Vehicle2 98.21 95.67 97.31 98.55
Vehicle3 82.75 83.41 82.77 83.82
Yeastl 75.46 75.59 74.54 76.91
Yeast3 92.12 91.90 91.61 93.65
Page-block0  94.97 92.82 95.66 97.68

3) AUCTH, tn#% 8 ffizn. £E 8 LHEE4E b, Ay
YRR AUCH FE A i 1 HoAhs 3 7322, 156 B A< ST 5 15 1)
PRI B T

=8 AMTEETRBIEELAAUC %

Datasets CWsRF WOS-ELM CS-CNN DDbCs-BLS
Segment 96.31 96.98 96.33 97.61
Vehicle0 96.76 97.07 97.64 97.92
Vehiclel 85.02 83.02 85.23 85.31
Vehicle2 97.93 95.76 97.64 98.65
Vehicle3 82.89 83.56 82.77 83.82
Yeast1 75.35 76.61 75.94 77.00
Yeast3 92.21 92.00 91.96 93.03
Page-block0  95.79 92.97 96.46 97.01

4 4 ®

AR T — A T B A ek B4R 98

% >JHEZL DDbCs-BLS, UA BLS y# it 5k i, 7 56 % F

AR BURRHE [ 0F A S48 B 3R AT I R 8 B 51, R

ST Z3 AT B 0 93 AT R VA 52 B R 23 I TR AR, B

TITE RS . A 2 Bl A ILBE A (AR S T s

SERIA P i Bt 4R) Lt AT 1 R B A 36k PR AR EE

k51256, % W DDbCs-BLS — & 2/ L i 1 BLS X

AR P51 2 4hs 7 SR % RE, BE 96 75 AN B AR BLS X 175

KR 53 SN £ 1 RN, DRAIE S S 280 D BRI 1 7

K. R — B I T LA /&K DDbCs-BLS 7£ & 2% Tk

R AT MV ISR B, BAE— P B SR i

TR RE.
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