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FUZZY SUPPORT VECTOR MACHINE
ALGORITHM BASED ON HUMAN COGNITIVE
MODEL AND APPLICATION

ABSTRACT

Unbalanced classification is a common classification problem in medical
diagnosis, risk prediction, defective product selection and other fields. When the
Support Vector Machine (SVM) method is applied to the unbalanced classification
problem, it is necessary to ensure that the positive samples containing important
information are paid attention to in the training process, to overcome the impact of the
unbalanced data set on the classification boundary, so as to improve the classification
accuracy.

In recent years, researchers have proposed the idea of reproducing human concept
learning ability through machine learning, in an attempt to narrow the gap between
machine learning and human learning. Studies have shown that neural network based
on some cognitive characteristics of human beings has an outstanding performance in
breast cancer diagnosis and prevention.

Based on the idea of human-guided machine learning, this paper combines human
cognitive model with support vector machine algorithm to form a new machine learning
method. A fuzzy support vector machine algorithm based on human cognitive bias
model was designed to solve the problem of disequilibrium of binary classification tasks.
Experiments show that this new method achieves better classification accuracy in the
existing public unbalanced data sets, and its effectiveness is further verified in the
practical scenario of bank credit risk assessment. The main work of this paper has the
following aspects:

(1) The different performance abilities of support vector machine and human in
the face of unbalanced problems are compared and analyzed. This paper expounds the
factors that influence the classification performance of support vector machines due to
unbalanced classification problem, and illustrates the influence degree of absolute and
relative imbalance of unbalanced data sets on support vector machines through
experimental comparison. The evaluation indicators of machine learning methods for
solving unbalanced classification problems are summarized. Through the two
dimensions of human physiological and psychological cognitive features, this paper
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illustrates the outstanding ability of human beings in dealing with unbalanced
classification problems, and lists the existing studies to prove that transferring these
features to the field of machine learning does improve the ability of the original
algorithm.

(2) A fuzzy membership method of human cognitive model is designed, and the
fuzzy membership calculation rules of human cognitive model are applied to support
vector machine algorithm. Fuzzy membership support vector machine based on
cognitive bias (FSVM-BS) is proposed. Use of people in a specific scenario of a certain
cognitive features and its model, with K neighbor algorithm combining with the
analysis of unbalanced data set of samples, judgment, and for the samples of "negative™
fuzzy processing, reduce the large amount of negative samples in FSVM-BS model
weights in the process of training, make the algorithm more emphasis on the
characteristics of the small amount of samples are learning, effectively adjust
classification boundaries. The FSVM-BS algorithm was verified by using the existing
open binary unbalanced data set, and the classification performance of FSVM-BS
algorithm was compared with that of the outstanding SVM improved algorithm. The
test effect of the new algorithm and the traditional improved algorithm was analyzed
and evaluated by using the evaluation index for the imbalance problem.

(3) The feasibility and effectiveness of the proposed FSVM-BS algorithm in the
real environment are tested by selecting the data set of the actual scenario of bank credit
risk prediction. By analyzing the research background and current situation of bank
credit risk assessment, it can be found that there are more "good" samples than "bad"
samples in the relevant data of credit assessment, which meets the requirements of
unbalanced classification. Secondly, with the aid of random forest algorithm to
importance of the characteristics of the data set, selecting the correlation stronger
characteristics of FSVM-BS training algorithm, compared with other algorithms, the
trained model has a higher ROC offline area value, at the same time FSVM-BS
algorithm model between training set and test set the stability of the accuracy is better
than the other three methods. The feasibility and effectiveness of the proposed
algorithm FSVM-BS in practical application are proved.

KEY WORDS: Unbalanced classification problem, human cognitive characteristics,
support vector machine, bank credit risk prediction
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Sk 8 B /MG B0 OCSSVM BEAT PR N ZRIT 73, 10 B B B AA FE 1
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BOAERI 2R, R B AR A AR R B F SRR B R, HC(i, j)
FORFTN T TN AR, TR AR A M R AR A R R A
T HIA . AN BURR S 2] 2 S5 2 & A T AN 1487 40 288 ) )5 FH 7 v
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Yanmin SunB31%E A\ 7E AdaBoost )2 I HEZL iR 5] AN T, $2H T TN
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I HEEPE, Ruth C FongBOISE A4 H —Fhpp & b pLas 2 1360, MWE
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[ 27 AH O B AN T4 ) 8 1 Rt e . A R R S TR A S e T e N T —
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PRI VR At S A, Mt KO ARRUU AN RO B A A B 25
TV RS — PR RSO S5 B BR BT B v, I R Rl N 0 B DA A 2 g A
WIS R A S A IR ENLEIEM A, 15 2R A BRI Y B Bk
THFM RN . FSVM-BS B SLIGI0UE, A ALK B S0 PRI AN BT FH 2L
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ARk
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BT FEENEELGR

Y HFIAEAHL (Support Vector Machine, SVM), 15—/ REFHIEE S T2
AT, CEBIHR T2 SEPRI /2 g et FLS B R ml . iR
BZARE S, TR TR AR RS 7 R W R, 7Ed 25 iR [a]
B, ZRREVIRMIER . BIERRAFI B G R R A TIRKRA R
[45]

ARFE ) 2.1 T/ bR A SCRE M A UB Y ) B AR B A S S FE, G FE S
(TR 8 R B SRR ) B ALRR LR s AR R B, 38 2.2 T ANEE 2.3 i R T H
THETEANY-1 53 2 o) /UAGS P2 PR AT i SCRF ) LA ASER SRR IR AL T VR . 26 2.4 719
X ATE T N AT MG

2.1 FRESHF R EAREY

2.1.1 X FEEENSEERE AL

SCRF BN —Ff o R . B W AR 8 SRR AR 2 18] 1 T B
BRI 7 2R 4% TR S KA X T RIHL . SCHRFIRI B HLAT 22 2] SRS
) R e KA, AT A ™ R R e e, 57 T 1 A R AR B 30 2 R Y A
AT S A LR X SRR SR AR ORI R A B

1 e 2 s — MRFE 2 ] I 2R a0 4R

T = {(x1,¥1), (x2,¥2), (x3,¥3), .., (X5, YN)}
Hor, x,€X=R", y;€Y={-1,+1}, i=12,.,N, x NI THFEAE,
RS oy Rx FIFARZE, My N+l B, B NIEREAR, RZ AR, K
e, YO NFEAR Rlo BORFEAR AR METT 73, 52 2] B F AR A4 A 2 8] T R 2 —
K S 3 0T B AR SR H T, 3R AN THIAR Ny 70 B8 P 1 o 7 2 1 18T T DL3d R )
B RA, B 1L S AR AF L R — R ) R ST 45 3
wix+b=0 (2-1)

EHVEREw. BEEDIRE . — M, HIIGBERELNE T, AFAETLS A
B R fE I SR TSR EE . R TR R R AR H E L T, 31X
AP ME— B, XS A E LR S R AN R 22 Ak

MUY A BE A, SR 118 A2 1R e D0 20 0 T T PR R AR 0 ) e /A
e, RAAARFAES RALA R £ R E 7 BT T I R A S0 R A A,
IR SCHF IR A AL, ProRIRRE 2 e AR, B A0 2R a) R 5 LAAM Y

10



Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

s, HEPREER, AR, TR 2-1. K 2-2 B, EERA R
ANTR) 0 SR 1) B I R A 8 A T e~ T AN ) P00 0 2R R A 2 52 5

(@) (b)

B2-1 (2 (b) DHRFPRSIRARRIIZRE

Figure 2-1. (a) and (b) training models of two support vectors.

* 10 - +*
L] * 8 [ ] *
[
6 ° # 6 [ ] *
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3 * *
/ e X e
( * L
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4 ® ]
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(a) (b)

&l 2-2 P& 2-1 YIRS N TR & R 5
() [HBAREEEERTREAR, BERSE; NMNEK (b FREGCEEBHKIERFHTR
Figure 2-2. Fig 2-1 Prediction results corresponding to the training model.
(a) The blue stars within the interval may be noise or misclassified; The corresponding blue
star in (b) is correctly classified

RS 1) B IR AR, MAARE AR, PR (B ) B R
Margin = \/(x+ —x_)T(x;—x_) (2-2)
IEREAR X  AESF RI T

wlx, +b=+1 (2-3)
TREA x _FE 5y I Tt

wl-x_+b=-1 (2-4)
by TEREA x  FNAARE AR a_ [B] 1R R B DA g 2 T B SR AR T AEE £ 8 ~F T 1] £y 17 B (4
Kl 2-3 flrow), Hs 2 W TR R
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B 2-3 XRFMENTIREE

Figure 2-3. Support vector machine classification diagram

Xy =Xx_+rw (2-5)
wli(x_+rw)+b=1 (2-6)

AWNE I
wlx_+b)+rwTw =1 (2-7)

CIECS
2

r= (2-8)
Xy —X =Tw = 2w (2-9)

wTw

WS, TERE A, FIGURE A x_ 2 IR BB T R N, SR AP A AL 7
i LT DA A 3R R A

Marei ( 2w > ( 2w )
argin = nrzne% wTw/ \wTw

4wTw (2-10)
= max |———
werd . JwTw X wTw
2

= max

weRd wTw
AT HETiE, EXAERN:

min wTw
weRra

1
= min = wiw (2-11)
WER

— O 2
= min Iwl|
BER, max ——F1 min = [|w]|2 & SM RN . TR BRI M 7] 4 L L
weRrdJwTw  weRd 2

I A 1]t
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min, > Iwll* (2-12)
s.t. yw-x;+b)—120,i=12,..,N
KA — A ORI, s, e LGRS e ORI 1] R A A )
AR w A b, HAS 255 BRI
w-x+b=0 (2-13)
A3 2 YL bR 2
f(x) =sign(w - x + b) (2-14)
L FH RS B R, A 515 B2 7] 70 SCHF ) S LS A6 )l ) B A
file, TR AL RS, #HE) I HBFEL R B e A E LR
FAF IR M E ST, A b ig B H ek

N N
L(w,b,a =lw2— aiyiw-x; +b)+ ) q; 2-15
(w,b,a) = Iwl Z;y( ) Z; (2-15)
H, a = (ay,ap, ..., ay) T AFkg M H T M. MRIEHAE B E S, RAG 1
FILER XS A8 T R AR KR /N R R, AR R SESKL (w, b, a) %t wAl b BN, FER X a
HLONE
max rvralgl L(w,b,a) (2-16)

SRminL(w, b,a), ¥4 A48 B HELw, b, ) 4B w bR 5064 i 548
T 0

N
VwL(w,b,a) =w — Z a;yix; =0 (2-17)
i=1
N
Vowlw,b,a) = ) a;y; =0 (2-18)
i=1
SESCIES
N
w = Z a;yiX; (2-19)
i=1
N
Yayi=0 (2-20)

B AN H 3, 1521
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LA
L(w,b,a) = Ez Z a; oy yi(x; - x;)
i=1j=1
N N
Z a; y; Z a;yjxj |-x;+b |+ Z a; (2-21)
i=1 i=1
1 N N N
EZ Z a;a;y;yi(x; - %) + 2 a;
i=1j=1 i=1
Hl
) 1
I‘IM},lglL(W, b,a) = —EZZa a;y;y;(x; - x;) +Zal (2-22)

i=1j=1
RN RIEAT, yyEHETENAN BT SRGE TR K5, HRT
—FRME I IR ARG, AN s (g - o) AT B S HHE 2 [R] PR AR
.
B (2-22) F AL 9RHAE ), E?minL(w, b, )%t a i K

max——zz a;a;y;y;i(X; - Xj) +2 a;

i=1j=

s.t. Z a;y; =0

i=1

(2-23)

>0, i=12,..,N
# ok B bR BRI R E AL A SRR, 5 28]50 (2-24) 52 50 Bl sk

7] B«
1 N N
m(inzz Z a;a;y;y;i(x; - x;) — z a;
i=1 j=1
N (2-24)
s.t. Z a;yi =0
i=1
=0, i=12 N
152 e AL A
a* = (aj,.,a))" (2-25)
WRE KKT 261, W5
N
W= @iy (2-26)
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N
b*=y; — Z a; yi(x; - xp) (2-27)
i=1
I3 B T ] S R
N
Z aly(x %)+ b* =0 (2-28)
i=1
R KRECH
N
fG) = sign()_ aiyi(x-x) +b°) (2-29)
i=1

2.1.2 X FEEN SRERREKK

Lo ME T 23 18] @ 1) SRR R AL 21 7, TN Y RSO AR I = A e 7 B 3 i i
b AR % 2R R A A e SR F A R R BORE AR i gt A RN R_ AN E R B, BN
KIS EIR TR A SR AR IFAREHACOL . 77 ZEH A8 (] BR B KAk, [ HZ L
D9 18] b fe R AL

BB 45 € —MRFAE 2 18] B 1 2R3040 4

T = {(x1, y1), (x2,¥2), (x3,¥3), e, (X, Yn)}
Hf, x, €eX=R", y;€Y={-1,+1}, i=1,..,N, x 4% i MFHLFA=E, B
PR,y R RARES . BRI G EARE LA 7. — RGO, I
GHAREhaE S REE. ZRXEREEE, BT RRSEFEAR H RS
HENET] 5 o MR FR TR A AN R R BRI R T35 T 1 AW, N
FE DX AN ) B, BEANFEAR SO B 5| 3 — MR AR B > 0, e AR RN AR
AR R TET 1. T2, AARKHEN
yiw-x;+b)=1-4 (2-30)

[FIISE,  f RN AR AR B &R N — MR C, XHEHIC > 0, C EBRA 1Rk
MBI . AR BB JEOR I w228 0y

N

1

SIwl? +¢ )& (2-31)
i=1

VRIS B4 F s o B i) & SOAMXLEE SR G RIE B e K IR 20 5RR 70 S8 AN 5 )
BN BOBD IS, JXFE AR R BORR A R B B KA o
LRAEAN T 73 A2 E SRR 1) S L AR 52 2 Tl AR F ™ — ] i

NI
min 2wl +C ) &
=1
s.t. yw-x;+b)=>1-¢,i=12,..,N
§>0i=12..N

(2-32)
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G =N A I X ey R TIPS
w-x+b=0 (2-33)
5522505 L 73 28 SR e 2
f(x) = sign(w - x + b) (2-34)
B (2-34) B R i) i A Dy el 48 1) .

N
1
Lwb,§, ) =5 Iwll? + cz §

N (2-35)
Zal(yl(w x;+b)—1+¢&)— 2/’11’51

i=1
a;=0,u; =0

B R okR AR 1 BB OB L, S5RL(w, b, € a, ) W, b, EH
Be/h, RN, R I E BB (w, b, €, a, ) 850wy by SRS, JE4 R
i 5% AT 0

N
VLW, b,§,,0) =w = ) ayix; = 0 (2-36)
i=1
N
VpLw, b€ @) = = ) ay; =0 (2-37)
i=1
Velw,b,é,a,u) =C—a;—u; =0 (2-38)
CIESH
N
w= z a;iyiXi (2-39)
i=1
N
z ay; = 0 (2-40)
i=1
C—a;—p; =0 (2-41)

¥ (2-39) & (2-4D) ﬁ)\hi‘%ﬁﬂﬂ #, 19
mln L(W b,é,a,u) = ——ZZC{ a;y;yi(x; * x;) +Zal (2-42)

i=1j=1

EXﬂLvrgltgr% L(w,b, &, a,u)RaJBoR, BIASXH A &

N N
1
max — E E a;a;y;y;(x; - x;) + E a; (2-43)
a
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N

s.t. a;y; =0 (2-44)
i=1

C—a;—u;=0 (2-45)

a; =0 (2-46)

u; =0,i=12,..,N (2-47)

ERARFARNZS G K ol 1, R TR, FBRZWREAT AT LA
G5H

0<a <C (2-48)
AR 21508 4% It ) —
a* = (aj,ay, ...,ay)T (2-49)
R KKT %44, 7113
N
w* = Z a;yix; (2-50)
i=1
N
b=y ) @iy 1) (2-5)
i=1
53 BT AT S K
N
a;yi(x-x)+b" =0 (2-52)
i=1
N
flx) = sign(z afyl-(x . xj) +b") (2-53)
i=1

2.1.3 BIRAZERE

X TR PR 2RI R, R B T SCRER I 2R A 2R S RE i E LR U . H
XPTAEZME S, FRE LI AN REL, R R E TR S 2 [a] i HH0 i ik 21580
2= (6], HEARLR SR WU B m e e . BRI T AR, AR AL I 4 2
RREEAL R M o R, W] 2-4, FRIRAZ BREURE 26 VAN BT 23 10 Jir 46 5040 o 25 3]
REAE 23 B) R, SEIUAAE 2 T8) P B 28 T 4

S A% R B B S, ey AN S TR (BR IR (B R FAE B HUR &) - H
N Hillbert Z¥[8], 41 FAFAE > My B H LS

Ppx):x > H (2-54)
X x, z € x, BRELK (x,2)i /& 554
K(x,z) = ¢p(x) - $(2) (2-55)

BRI ARK (o, 2) IAZBREL (o) NIRETBREL ¢ (x) - p(2) N () I (2) I B
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X(z) Z(z)

® ® O ® v Y
@ ® ® °
o © O
. O z(l)
@ (b)

B 2-4 SRS REFEESBETIRE: () FELMEHR (b)) B EIRET A
Figure 2-4. Nonlinear classification problems and examples of kernel techniques;
(a) Nonlinear classification (b) mapping to the feature space

FE SRR 1AV B AL R rh, x4 el A H b el K A AR - o T DA A% bR B
K(x,z) = ¢(x) - p(2) B e, LI ARxH 8 1] AR 18,

L N
Ez Z a;a;y; YK (x; - x;) — Z a; (2-56)

i=1 ]:1 i=1

FIRERT, 0RO SRR B A ARt AT s ECES . TR R BN

fx) = sign (Z @i yid () - $(2) + b*)

i=1

N (2-57)
= sign(z afyiK(x . xj) + b*)
i=1

FERXATREH, 4 E LR BRI T, MR A2 B R ik 2 18] mF (9 )1 g
AR S ERNESCRFIRT R AL, SCBUA R 2 70 J 1R 1) 7 VR o AR 2 1k 2 28 i i
FEHARSZEREG ST s AR AN [R] B 2T 3 s B A R RO AZ BR B, A% R B0 i
2 LI AT I IE

FAT, fH PR R e E AR LR JLAIE
(1) &M%

K(x,z) = (x,2) (2-58)
52 KBRS E L2
N
f(x) =sign( ) a;yi(x-z)+b") (2-59)
2
(2) 2%
K(x,z)=(x-z+ 1)P (2-60)
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52 RERIISCRF R ENLZ — A p IRE I3 348, B 73 PSR BN

Ns
FG) = sign()_a} yiCx-x + DP +b) (2-61)
i=1
(3) minix kL
llx — z||?
K(x,z) = exp (— 557 ) (2-62)

Hrb, o NS, KR SR AR TR 2 R B SRS, BRI 2 SRk

N o
fx) = sign(z a; yexp (— HXZGZZ” )+ b") (2-63)

(4) Sigmoid % i %k
K(x,z) =tanh(u(x-z) +7r) (2-64)
52 ORISR AL “BURRE” 2R, BN R s EON

Ng
fx) = sign(z a; y;tanh(u(x - z) + r) + b*) (2-65)

2.2 BRI FEFEEN

[0S AN 3 K10 f, SCRE A LR AR &, SR A AR —0
FA=, ZRIE. FFERFENAR, SERFED R T HE 2 52—,
AL, IEARR D BRI IR AR f5 EE R G K 70, XN A [FIRR 2 1)
ANFEARE R GG 5 I, 2 SCRF A AR AT 75 2K 10 L — AN R

Veropoulos %5 NI T —FiAR RS RN I 55, ZAIEXTIE. 7ff
AR T A A A A& 5 S350, RO A i SCHF IA) & AL (Biased support vector
machines, BSVM). #/bHEEH EREAEE n,, SRR E AN, X
ANTTERIRAL ) B R R R U

1 nq n;
min = ||w||? + C, Z &+ C_ z &i
w,b,&; 2
i=1]y;=+1 i=1]y;=—1 (2-66)

s.t. yw-x;+b)+& =21
£§>0i=12..,n
Horpr, CLAIC_ a2 0E s TUREAR D AR IR R4 N IRIE 2N AL D H R
HYIEREAS, 8% D BERH IEREAS U2 2R B ORE A B i BB 1R SR A, R —
AL R C, > C_.
A I ey g A B BRI HOR R R AT A )
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1 S N
L=slwlP+c > &+C )&
i=1|y;=+1 i=1ly;=-1 (2-67)

n

—i ai(yiw-x;+b)—1+¢) —Ellis;i
i=1 i=1

Heh, a=(ay, ., a) My = (U, oo, i) TREFIAE B H IR 80T KKT 2645715

N
Vwlw, b, a,u) =w— > a;y;x; =0 (2-68)

i=

N

va(W) b; E; a, ,Ll) = a;y; = 0 (2-69)

i=1
Velw,b,é,a,u) =Cy —a; —p; =0,i=1.2,...,n,y; = +1 (2-70)
Vel(w,b,,a,pu) =C_—a;—pu; =0,i=1.2,..,n5, 5, = -1 (2-71)

TR EDA ST HIR RN, AT AR 1] RS 7R P X 1 ]

n

1 n n
m;niz z yiyi(x; - xj) a;aj — Z a;
i=1 j=1

j=1

n
s.t. Zyiai =0 (2-72)
i=1

0<aq; <C,i=12,..,n,y;, =+1
0<aq; <C.i=12,...,n,y;,=-1

2.3 RS FFEIE N

N T AE SRR AL AE B EAL BRI IEREAS, L/ B i IR R A AE R 1)1
AR RIEAER, SR B SCRF R B AL (Fuzzy Support Vector Machine,
FSVM) , 1277 iR FE T HEAS BB i PRI 8 ORI SRR B2, 25 B S il e 12 10
FEAR 7 SRR SR P, [ AF AN R O A 0 FB U AN R Dk, — €
REFE EARAE 1 /DR IEREAAE AR RN R kg iR
2.3.1 ISR FIAE IR B B iR 3

FERRIZ T, RO SR e 1 BB R YRR RS &, HIREA E R 4
FROE AR R R AL, RIE A RS R B XA T R EZ R R R ik, R
& BE i e 07 A AR B A -

(1) RTINS P A WA, s solal LB AR &
J3E B O A PR 2 1) 2 2T e D BATAB IE, R B BRI BB 25 s .
A 0565 DU J= 2 At 1) ) SR e R B, HRIA A O
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R;: I'f X1 i§ A énd x, is Ab and xy, is AL, (2-73)
theny' =af + ax; + -+ apx (i = 1,2,...,1)

Hor, AL al WERIEUNEZ L
(2) TEMRIECE B BURASEE S i R, SC 52800 Y MG R FE A i ek
e ORISR R B, 2 A R 22 I 28 1 0 35 T MR K JEE % R RSOR Jos v 181 48 3 25
TR PEAB BEAT TS o T2 BE 5 125 v 42 38 1 BV I B 4 & 1 3R I B (e (6, ) ) IR

AN R B Jig 1 RIS 95 H 2099 0

L 1 (2-74)
(X)) =175 x(i,j) —m/C
Hun (i (x(0.1)) ) = =1t (0, )) logy tm (2, ) (2-75)

Hoof, m AR T2H, C ARFR AL, BOMINH, B (x (i, ) KN A T2
P R P % KRS 53 R FE B MO

M M
En(A) = 7 )1( NZ Z,- Hpti (0, ) (2-76)
232 ETIHHNEMREE X iFRENIRE
RN SCHF I LT VAR HAR N b, SRR T Wl i E SR B . &
RE LB B L R — DN REN “WERAEE” . BEEERIKE, X
i FONROVEEE SR Y 5 IR AR R BB S J B2 P 70, 4t R AR SR PP B R A
M ME, 2T VEAR AL A 1) 280 B 8 VORI E FEAR BRI SR B I, IEFEA
S BOIROR SRR SR J8 B, SRR A B BRI SR J B2 B T e SR I SR UuE , e 1%
FEA M0 E UK, NGRS 2 5 02 300 KR, W 5546 HAE 2 2] il
e . XA, AﬁiU?E%’/’\%ﬁEI’JEﬁzliftdllﬁliﬁij%ﬁiﬁﬁﬁﬁ%o
B IGFEARx;, yi3e,, ¥ € {+1, -1}, y; = +1R R FERx B T IEFEA,
BNRIREARx JB T AR Hp, Mp_ RRFEREA B EAWNE T IERBE
TERHIMEA, FEA X, KR
H; = =pyiIn(p4i) — p-iIn(p-;) (2-77)
7] — BRI AL T W p, Mp_ BUE G, IREAR T ERE SN IE. HFEARLAAE
BEMG. O, BEFEALSGORG IK mO  E RUR,  FL AR 2 ) B 1 € 1
AR, e BAR R BAE AN BT R, pyy oo BRI AT 21 0E 07 () 405 18R
Ko KA RIZEE, BRI AR EE T FE A 7> 2RI 7
FERE TR BRI SRR I BT, KRR N m MR TES, B
TG Sub, T HIREAKOR S5 J& BEAR TR, ZRon
FM, =1 — 3 U=1),1=12,. (2-78)
Sk, ORI R B K B0, — ]/J\?£%Hﬂiﬁﬁﬂ% RHTIIZERE xR
SR J8 B n R e X
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1.0 ify; = +1
%z{ Vi (2-79)

FM[ lfyl = —l&xl € SUbl

b 0 2 T 00 RO SR FE S RN B R LA, S BT 4
FRRRCRA S5 8 B S FF I &L 9% (Entropy-based Fuzzy Support Vector Machine,
EFSVM) :

N
ﬁg;wW+c§;&

s.t. ywlex)+b)=1-¢,i=12,..,N

£>0i=1.,N
C WEMMEBE, EAMMER LK. LFFIT, w LU
B, O B B RS B P B
SERIE, EFSVIM SEHHL I 103 TR BRI SEH: S T W KR AT 250
RIS, RO T IERAGETE ORI 448, SR 2
A0 T A I R A WS S A, S A 2 T B

BT, 2 WSO O, BLILA L.

(2-80)

2.4 RE I

ARENE T ERR 1SR A ENUEIRR A SIS A, e RR
A HES . A RN LR R B A BRI e S hh, BEXT SRR SRR A &
WU T AN B KE 52 (10 70 SR R RBAEAE IO A AL, o8 T A DR SRR R A LA 2
TR BB SCRF AL R 59, RO IR B R B T IR TARHE SRR
EALFIERIBREE . FE I TR OB SR B LUVE 2, (el UL 1R
PIFIE LT -
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

E=F IFFEENAMA B A FE B E R EE S

Gy A IR Wt 2 T FEAR IR . Ay B AR BT — A4
FROOS P47 BRPIRAS TR, FRHEAT IIZR AN PR 2 ) U 0 . XAt 2 T ik
FETHON AT IR RN, EAR AR SERINLE 7 S iR AT U R, S i 5 2R
AT . X2, ENEARMACP BRI S, A a) DL B
FRAEARRIE, S D BERINGHEARBHEAMS, EERGPUEERE 7
rIfE

A EEE 3.1 1 SR LU M 1 AT B R SO R LT VR I R A
FERSZMA R, B4 1 a M T AT 70 A TERE RPN R bn s 2R 3.2 714
HOAEHFREGIUIANBA RS A T, OB ARIRR D D EA . R 2
RIREA T PO A 2 ST I P0 S 50 3.3 HXT AT AT B4

3.1 AR e TR FFEEN A

HOE AT 5 — F 4 2R N AS TPl R R T AP g R FOIR 2 o 8RS
o 5 TR0 5 e T 200 B AR o) A R S ISP B e D BRI R AR
ARG E R s tean, S — 28 RE AR TE AN P 7 i 4 v 1)
DAY, AR RIS T8 RPN TFES .

KIMAFr, TR FEAR R A P, 75 50 2] f e R I B i —
KA ERT /DT 55— MRS E, FEAFZEMNEARNEEATH.
IXFRAE R IIE KA DU R PR, — Pl B 40 AT, 55— R8s
IR AT . AEXTASPAT, FRI2 B T AR PRI R (FF. BrS
O LASRAS KA, DAECEOE &= B IR G D, TENRE AR R 6% 4 TH Hh R 1A %
FKEE, MUUEBAE B MBI R, AT 500 SCHE ) AL b2
FEARRI MG XA P, B EREARERG A EE G R4,
HEEEFE, H5Z2HEEMAEARSEM, HAEREERS SHHEEN, X
PR Gk T 8L G0 5y RN T P2 S AR 2 MG W BE, T iR IERE AR A 28 F b
A, BAEBRIR T AR IR

BT OREN X B A P AT B o6t LLR 36, MBI 456 AP AT . B A A
1 DA RFEAR B B A R, 0I5 BT X S i SR 1R AL VR 1 4
FRUREIR M, HoA B RIE T numpy # ) random.RandomState £ BEAHL A 2E #%

23



/TR BN N1 T e VA 798

BEALAE R, HAWTE RS EHRFEINE AL . B 3-1. 3-2 FEEE SRR IERFEA,
WO SRR AFEA
3.1.1 BIBAEX A & L IFEEN B AN

YR APEE LT, WEIEFFASES 50 4, B AAEAREE: 50.
100, 200, 500. 800. 1500, 75 7S [FIFEBE 4855 AP it , X 7S48
PR 59 1. 2. 4. 10, 16 A1 30, EFAEFLE 40 A8
TR RIS NCEA PSR R E . MR RN, N B TR

{a)1s (b} e
-2
L
0 —_— 200 w0 — 300
(e (d]
8
]
& &
4
-
2 -
Hhe 2
a
2 =2
a
& ] Q 2 L
1w 1500
(el
2
o
24
4

=2 1] 2

B 3-1 AN APEX SR RN RERREME; (@ () G W (e ) 745
REREA SR 50. 100, 200, 500, 800. 1500 fI4rHKEER
Figure 3-1. Effects of absolute imbalance on classification performance of support vector

machines; (a), (b), (c), (d), (e) and (f) are respectively negative results of 50, 100, 200, 500,
800 and 1500 samples

I 3-1 /0 (a) (b)) mIKI, HPDNSOI S I FEALEAGER SVM 4338
e HIVEREA — 2 PRk A 3-1 XA AR W] B0, AERE AR IERE A B R
FIfE O, BEE SREASE R A BN, Hs S M AT U7 R B B R 2 AN,
Gy SRIG TR T2 2 1 03— M, A 1 SRR 7 SR A5 A HERA AN T
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

B o dRFAIHE, UATETRE BB KB — e AR, SR E LR IEAEAR Y
IERPRIEACE] 0. PRI, 7RSI8, B mFEARRIN—ME RN S5 —
EFE R REIRD KB AR AN Y8 7 B TR, (RN T ks 2K
FriaERI RS, XA A S B R R
3.1.2 BARHEX A & L IFmEN B AN

FAXE AP OL R, WE IEFEA%E Y 10000 />, BB AR E:
10000. 20000. 50000. 80000. 100000. 150000, 75,2 AS [FFLE 4535 A
T, X NHBARS B BAR AT F 008 1. 20 5. 8. 10115 ([
HIBRMEL, AP R R m R E N 15) o AN FFRE L5 AP T,
SCRF IR BNV R B E SR AT S IR SRR RIS L,
U 3-2 FioR:

— 10000 8 — 20000
(g) (h)
6 6
4 a
2 2 <
° 0
-2 -2
-4
-4
-6
6 4 2 0 2 4 6 6 4 2 0 2 4 6
" — 50000 — 80000
8 :
(i) (G) s
¢ 6

125 — 150000

(k)

| | |
) & ~N o ~ & o ®

B 3-2 HXAPEXSCRIEN 2 2RRRREmE; (@ () () () Kk D) 45
AR SE N 10000, 20000, 50000, 80000 100000, 150000 fj4yesh 7
Figure 3-2. Influence of relative unbalance on classification performance of support vector
machines; (g), (h), (i), (j), (k) and (1) are negative classification results with sample numbers
of 10,000, 20,000, 50,000, 80,000, 100,000 and 150,000, respectively
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HIE 3-2 7T A1, AEIEUFE AR BRI EHE R T, BB AT A,
B LS OB AR o SRS B B B 3G 0 . T IE A AN B 40 RGBS PR AR
BRGNS, S TEI 2RI R 16 B, BrA I IR R A R 7 K k.
AL FATRAER DL, BEH LA TR ARG, HEsE T T IR T
PG BWEMEE, — BB LIRIY T AR AT (0 2 [A) AN 0] S35 ) B L
FE P RIEREMISZ M . R, A IREAR BRGNSl AR AT
TR S A R LEE I PERERZ RN .

5 J8 BHE AT A P RR S I SERR B0 IE, R DA 4518 Bl AN T i x
SCRF MR VEREREI , 2 AT I HE A 73 S 2K T AR AT 4
PRI, FRATTAIE T (0 3 AN 14 ) 0 R B X /N A 00 T (AN 14 7355 )
3.1.3 NP m FmEN R HtE R

FEA AP A SIS 8] AN 3K R R i SCHE TR LSRR 0L, AR A
AR BGOSR, A RFEAR D FEARL A E A Bl SR
THRE. HHh, RGERIPFIHLE - 5TV RERIFEARLE X AT H 7 > I 845
AEH . KEERHIER, I AR ET NS AT il 27 > R s T AE

(1) DHERFEAR D DFEARFFR RN, 8RR E
AL FRAS B o BAR AR ANAFAE W] REVE A 1) . LIRS B A8 ok 205 A 1
FERRFIEAN S T2, 70 IS ae Xk AAEAR E A BRI ZRRE A R A B S5 45 T b
173 SR R B RIARS R b, 3800284808 1 RS A R o SRUE R R Rt
TBEHEARRI D RAEE, R D HCREIFEA G 7> 3 2 B A —

(2) KN TRESBPATH . RADSTHER T RENR EERI DL
HIIRE ARG A TR B S R B 2 A IR 20 AN SR s .
FAC AT D BERREAR, TREMAE B/ NECE BB PR B KT, 4
TEPI R OREAR, SRS S R P 2 SRR AR AR AT b B,
il AR D ) D HERFEARAS RGO D, IR IR0 7y SRE8 0 D 4L
FIEAII 0 KBRS

B 3-3 RATRE

Figure 3-3. In-class subaggregation
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

(3) B EZSFIMER . 7E = BAPHT R, DEERI IEFE AR A
A5 ZHERM A AR AR S MR ES, (15502888 M DO Al o 2500 Spf
A, IRy B E 7 D e sk — AR T, S 2R Es

(4 P IEFRAE . A PR T, DECRIIRE A S AN
LG BN, DR G PPA 8 AR AR N PEA A B AN P-4 0] R ) 43 2
w5, D BRI 7 A 2 HEE M 45 RIS P e bs . e
ASPAT R A, PR TR B O D HCR IR AR, DL A ADER R g
FBURIE R AR RBCR BIPE FE bR 2 28 = A T HLU
3.1.4 N E{&1a) /0 53 K 77 A RTEN FR A

EEXTH R AF R R, TR BB E & VPN R bR SRR 1 M R AT
PEAG . BT PEREVEAS, TH AR AR T, BRI B AEER,  HET T AR
ZE AT 3 — DR S A0k o X T30 308 ) AE 0T 358 (%) K B 43 S 1l ke i,
158 FH F0M HERR 2% (accuracy, ACC) 1R NI brilE, RoRFEARTHE IER 72K L
2, HABHEEREAW R

e - TP + TN o)
TP+ FP+FN+TN

A & ER AR B & N T RIRE R MR R, TP R HE1ESE (True positive)

FN Fnf 2% (False negative) . FP FE/x{R1EZE (False positive) . TN i

HAMZF (True negative) :

®3-1 BEER
Table 3-1. Confusion matrix
T 9 12K PSRN
FHINIER TP FN
HINK FP TN

XA, BEBATET 2 R R R TE, R e ACC 10y
I REVEREVEFIbRME R NG A S8R S P I BEE A TR LU B = I,
RO IEHACHTAT A NN SRR A, TN @il & 255 1 T FEAS AT,
BRI ) ACCAEARF s PRI, Hdla e b i S IR R BT DA, I
PR 73 SIS A8 A A R TSI [ FBUNY AT e i RN AT A R 2k . DAL, O 1 RESE 4 1Y
i Bl AT 73 S W R 7 R A RO PR R, AT AR 2 — 28 58 A% 1 4 T H) KPR )
fRbRIE RS, BEFCESIE 1T BB T AT 20 I8 A AR TE AR .

G-mean J&Z & HA ML T IRZ R0 A0 FARR R, 0 )% DI IERE A
N2 I PREA I 0 TG DR A R PN AR AE,  SRPPAL — 22 S R 45
PEfE. A G-mean PN TEASXTATHT 0 RPN, RIH] T REBUE (sensitivity,
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SE) I 53 (specificity, SP)W/MHE, 7L 3E FIVRE S S0 A ) E R Ay T
MR P

TP
_ 3-2
SE TP + FN ( )
TN
_ 3-3
SP TN + FP ( )
G_mean = VSE x SP (3-4)

SE ZonAE T BN I EREAR IFEAS Y, N EIEFEARRITE ML, SPRRITH
TR A AREARIREA Y, HAFEAR G HEZ . G-mean K/ SE F1 SP (3L [A]
s, R IEREAR 7 RAER R B I, R AR 7 E A =Rl ok, Al
XtV G-mean ME A 2 E . HARAT %0 SE Al SP IX P /MEA 2 RN FEAR AT 52
FIFHE, HIR G-mean B EA 2 BIFEARAFEIEL 0. s
WX DHRI IEFEAR B BRI AR A 2RI, 57— KRR 7 R Uil
8K, G-mean [HHEBAK. Kk, G-mean FIRAENIEU ATl 4 25 P BE A U
e AIE B,

K% 7 G-mean {E NA T 73 2R PEHIFRE, F-measure(JRFR F-score)th A& H
FIPEFIFRHEZ — . F-measure 25 & HERF K (precision) F1 2 4= K (recal ) /E N 73 KEH 5K
PR, REHPREN R EeR A 2RI EZER T ER, i,
F i LU HER B S S AR IR N T R 2R3 v el

TP
- . — 3_5
precision TP+ FP (3-5)
TP
_ 3.6
recall TP+ FN (3-6)
1 4+ B?%)precision X recall
Fﬁ — measure = ( Ap (3-7)

B?precision + recall

precision F77E A B T () IEFEA O EAEFEAR IR, recall RoRENTH N
IEREA BIREA 3 O IEREAR AR RS . W R A A I AN TR AR A I A2 B
NI JERT: FEARARRTIMY IER N 73K . BRI B HER 2, ISl ZEpE
K—REEE. T, GIABNMWEHATINACEE, BEUSRIRAE, AR KP4
FEbRXT F-measure B2 MAFE LA . HB KT 0B, F-measure (145 5 56 i [a) T~ 1fE
MR 4p/ANT 10y, SREERETHERE, GEFIUEN 1, A F-measure
FEASMEE &, R MAE SR FEFEE, YR E 2R — AN R R
B P E R LAY, F-measure [ HLEK . HA 2400 KA MR R N 4%
AR m, A A3 BECS ) F-measure. AL, F-measure BEIEG 0P FIA-F-15
FEAS I 73 2R AR M

ROCPY, 434 Receiver Operating Characteristic Curve, 134 FRN <32
HTARRHEMZ”, mEHTHEEGESEN, XoET5MA. XA thZrssk
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RN IEFEAR A R T Z (False Positive Rate, FPR) . MARFRFR R IEFEASIK IE
i T 22 (True Positive Rate, TPR):

_ 3-8

FPR = 1P TN (3-8)
TP

_ 3-9

TPR = p ¥ FN (3-9)

TPR

1

& 3-4 ROC HiZR£k T HZRTH R AUC
Figure 3-4. Area under ROC curve AUC

HARA N, TPREIET 1, FPREIET 0. ROC Mk EMR—A m#A —
AR BRAE, MEBIE T2 A 520 N TPR M FPR. 4 BI{EIR KN, TP A1 FP
%18 0, XTRT ROC MHZR AR i M BIME f /MR, TN T FN 5 0, X RT
A EARR,1D). Fril, ROC #h&rHUE — A7 T-(0,0) 2] (1,1) 2 [/ . 4 TPR
{ELER K R FPRAE /N, BRI ROC M2k b ™A S, 5o o7 (R A2 25 e ek 4 1821
I LA EAr#T, FPR AL TPR 2350l 5 T IEAEAS I FI0I 45 SR A0, e T REAAR
VAT oA B . GEE FPR A TPR {28 ROC HIPEREFEFR, ROC HIPFAIBRAEA
RRXFERAPE T

{H2 ROC % R RETE SAL KRR AP HTRE A 7 R PERE, AR g7 &
IV . A T BB ALV 7 KRB RE, 4811 AUCPIX —MES, B4
A Area Under Curve, H AR N A Wis 8, 4N HAZER ROC
ek N ARl RO T AN . fiZR4R FIAR AUC K, 8% ROC ihiZkm /e
Y H AR R B S, U B TR AR 1R T AL R R (%) TE A AR T A T
HRATBER R AT RERIFE T IEAEA TR B2 1) B A5 — 3, B AUC PIERCK,
BRI 1) AR AT
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3.2 AP EelE ™ ARUIT S

TGNl a8 5 21 Sk BECR B HARXS P IR A R BEAT I 2R A RE 3R A
BONELAR MRS, XN EIEAR B BN BRI RN T HkAR .
FLAE S PR  BUHRE A B RSN RE J5E 52 BN R 2 LR A I 203, A S 3 R
il VL I FAAERZ HE R PN M2, AME Mgz
Feplds, AG#EaRZRRGIE T RK I EM, B2 iR 5B AN
5 bR N B LR AR B0 BEAR A AR AE, TN BLA HLAS 22 )
ISR ik, ARG 5 2 AU T IR S R L AR 52 2 SR I R e

NBRAFIBES T, BIE AR B ShLIA R B H AR H P AI3A B & B it
RE BT A NS I AR SR ) R e tE iR E . B M RGER
%, EANFNHBEIAENBYE. 85 RSN S TR E TR RER,
FENE N N B LS X IR IR A R L — o EAHARIBE A2 N
N7 A 858 AR R AR A AR R /N BB T TR BE 1 52 3 T3, AER 2 M= i A
AR

NBRAFIRE T ZRd R A2 A AR A8 NI AE (R LS e, s 5 ) Sk
[RIsebri 3 st th 2 H Se N iEshim ok &, s AbRic A JH4. e
kg Bk, MM AR, AMPLE I EER gy s AU
ERMFER, WNHERBN CNEIR” M CEVESR Bk R Gl L —
B w2, ANBEACIZRI I RERG fr S5 HL A o S S0 10 B 37 35t 22 TR LA 2
F—BMECRIERR (B 3-5. Bl 3-6). ENLEZ I BIE P 5 NSRRI
L, 8 N7 WM “PLas” MRAMEE, BR—F “1+1>27 Bl
oA IR

L] P st
AH ) HFAEAbEE
R BAE AT > LA IR
SR H] IR
\z‘i’}%ﬁ(iﬁg /
& IE AT

Bl 3-5 plasf I RARE S AR

Figure 3-5. Machine learning model building process
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

INIIPIE - ’ it ik

Fiin & Tar#T

\

BT SRR > AU KR
R A MR

\J\Hﬂ”&?ﬁﬁ/

L SHIPIRFS

B 3-6 AHIAAIRES) “HEAL” RS

Figure 3-6. Summary of the "‘evolution® process of human cognitive ability

FRAE A EREPE ) B AR R I, 87 SR N BN R M ] 5 H o AN
AN IR AN OB RN E I 2 . NI AR BRI, A B SRR AR E:
ARAFBNNWGEE . RS A BSR4k, BRI O HBE S JLHEE
5 MU I AEE T SR AR A, E I R X M A B AE R AR AL T N B A N S B
AR MR . N B OB YE, B R BT O RN i %
VRN S B ME 2R 0 2 J5 R A R S 55 g AT Tl f e 2 > gk i e s B . A IR
PR 7 T AR R PR A S B NAE T D i . AP IFEARTE R T, BN E R
STIEEE . S MR R R
3.2.1 ABIEIEIA R4 R H R A R 51

VENLES 7 > B RBER TR, AR AW B R AT A0 3 CEbandn iR JT 4=,
FTERERSE) WkiE, ATULg| AL ) FIERIR T Ml ] SHE R F A
OB A ORI N E S, N TS S et I Re ), f£—
S TAEPReARENR, B AT A ER N 7 —F A8k &4 AT DU il & oKk
SRR LA T I BRI ZR, DM RENEFAR NI, N s bl s 5
SR, LR S R RINRFE .

NHIRES R AR B EZ R —, A NEE R AR KK gE,
SN U KMo e J2 A& 4 23 18] 3 DX, AHIETERT, 06 PN IR % 45 A 02 4 2 TR R o 1, AE
AN [R) #7258 X355 0 o 2H 23 &85 A A 37 b BEOAS A B AR o Dl e e e IR R
(functional magnetic resonance imaging, fMRI) W] LA FH 4R 1% 52 JR # ORI &=
NI B s s SCFER A e B B s R g sh /g, @i ik sh /i
(AR A4 AT B8 TR0 N G IR B AL 2810 0 PR Bl 5 1 ] 5 BT PRk Jl R« 17 Bk
Ut TRV AN GBI, e SR I N iR 2 P DR 3 30 1R Rz 2 DX ) AR
AR, gz N A 2R A 1 X 38
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SRR N 2R WA R I D e 3R & A0 47 2 R HL % 27 2
T R 0 FAE S5 R SO R . 3Bk B T ASRALE B2 WA A F) AR I (1 2
RE MR AR 3 RS A 2R BB HEAT IR, Ik 1 DU PR 5 X 52 28501 1)
W IR (DA, 2. . &Y, RERANZREUG, T BER
AP HE BRSO X R EAT 038 SCE A RS ER o Y B AL B =
HRERES IR R B R T Berkeley S8 = BEATIH — IR 7L: — A2l E WG
1386 5K1B Y 500%500 1) BRI T EA I FEE, — S iR 488
1o i 7 AR AR 2R S L SR E SR S RN AR SR S, SRISHR R
B R {5 S BRI 5 Bl . 38X 32 10 I TGRS £ 30 03 3 4 S (K i AR A 7
R, T KR EEE R AR 7o B BBk, Jrm. BitssEE
S 51 AR PR A 1 S L o 5 B0 14 e A 5 3R B R 2 3 5 R 5 (R B [X 4
AR, AL IR S R B RIS B BRI/ . IRXTBHENLAS 2 ST I 7 5= BRI
N CNGRE” , ENIEOFNIFEARBER, Er IO FIMNIFEARBER.

FENLER 2T, Bk e UM T B iR 0 R B AT 1 31, s SRk i &40
R /ME o BUBESR R R s P 0 AR O 70 e — NG T, XA 5
0P B R A PEE A B o SRR 5 )4 £ 0 NS N AL i 0 2 T ) BR R RN
PLaR = BRI SRt A b, B8 € S 90 200 J A S 1 i 1 28t 70 SR A R
MRS I, FEAR S BB % o B Al B3 37— o R AR T K &

¢, (x,z) = max(0, (1 — z) X M(x,z)) (3-10)
Hr,
(l+c, ifz<1
M(x,z) = {1, otherwise (3-11)

T A 2 Rom TR LR PE, M (x, 2) AR MR A O I S5k
SRS 3 BC IR R 70 SRR ST EE B o € Rk x X DL IMRT H5cdfs 7 15 2 035 S0 A
FET IMRI HE B BCE B2 R IR FORBEA B R MG HIR R s s 3RS,
AR E e, [, RYIZRE IMRT R AEA R B A s . 5 — B
FHLE, BT R 311 5 2R B B IR AR 70 SRR ORI 45 F 17 58 ™ 3 (R R4

fi e (S AR W], B MO I & A4 JE T DA 4 3t 35 B Lo 2% =) Sk
PO “SRN” HIRE . Wit Rtz Sl 2 S B 2R &, B segy JAET
T 7RISR T LS 2 ST VE BE AR B B
3.2.2 NBYOIRIAENER M K B N A &= 451

NREEFEATERE M TESFEAORE S IERKSLH], UMD ER. TR
FIIEREAR AT R VA Y IEREA B 2, TR R SR BRI N 21 h — M E
FSE G, X PRGE S S S R RE IR ORI i ZE . B, aEE Sk
VI E B S, 2L R R T BT ERE . EREREI 4, B
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HZ R, VUL E5HAMS YA H A AF BRI e DR T 58 750 1 (Y MR
o TIRWEJEALZ A K30, RTAREZ B T .

R, AR GEIALER 5 2] 77125 75 B R B I s SR o AH [ S 20 11 1]
FENLER = ), ATRE R 28 [ BB T MNP AR AT ISR 2], A ae iRl
Ly NIRRT DA R REAR A — AN S, TALAS 5 o) 75 2l
o VF 2 H s NV 2 hR 25 BN Z5 A ReIs B0 A [FRE BE RO . K EHE )
FM B N BINLE 22 ) BRI S IR RE . A LR
REA N R BE Y ZE B AR (4t 1 — Pl i) SEL B

SRR G R, SCE P IR N OB DA KRR 1 V8 n 30 4 22 ]
g, SN FIRL I A B I TG TR 2R, — AN Jo gl S0 1 [R] B
A MME T SBBEE” FRHE. KPR BRI R TiEs:. REW
RG22 oA B T RE SRR LR T IX — IR, TSN 1O BRI S0 i 22 55 4 (1)
P2 X 25 T AR AR P28 755 IR HEAT “IRIZ 7, TSR 2 I 28 A 1 LS
SR, (DD JZH RS kJZRT A BRS¢ R E e LR

ALSij_l’k = —adfyf(1 -y )LS(y} ™) (3-12)
Hor, LS(y[ ") ABE T NI B URAVE (15 R o 7E LI 73 AT 5
T RO B R TR B 2 e AR R I AR TR A R R R s S, 5
AT MPERE AR HERL S R HA S B A O, B m AR X 2% A I SR
AN RGBT BT RS, TRAN 2R I 28 T7 VAR I SR AR B AN 2 5003 A AN 3 i I 1
RE T RERIA R . B BRI T HoAh B AGRYE LA 5 ) 71 1 RE

S EEPATE RN DL R TR R I B O BRI R, e R R T AR
R R B SEMEIANTE A R B A TR0, S 0 BB B A A BRI A )
% v) RIS PR AEA P B vy BN O BN FNRE M S X 2% . A 2R DU S B )
SRRy, 5HAA RS S IR, IEARERA R Z S
LA BIBLES 2 > SRE 45 G X PP S B AL NRE AR AP R A 1 400 R BUAS 1A 5%
rIvERE .

3.3 KAENEE

AREFEG T SCRE BN LEIR AT 0 AS -1l 1] 752 21 (1) 572 i A0k L e
1o M T AT HTAEE S0 SCRF IR A LSVA RIS i A s R DY, BRI T8
Y& IS T8 AT AN S AT SR RIS AR E LU, AR Y T ARGl AR
SRV AR IS ANTE H T VPO AT ) R 2R A8 MU PERE TR AN TEN 4 T IR A A
A ) B RS IV TR A, BEE T NEDER . AP SIEE T
FRIRE A S FLX RN BE T ML 2 >0 5 T R
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HIE BA ARSI AR % 55 B B A S EiR

PLas s S e pby o e GUR g BoR B E S, EARERSIA
BN S HIR USRI AR, AR LA B RER)— OB BT LR B . 2N
IWHIBE I AKI R BN AR R K, A SORE N BN RE A7 12 R AL i 21
SCRFIRENLIINZRE AR, R T AT B 56 70 2RI FH IR AT T A [F 1) 27
AR, A7 SRAs AL DB E AN 2 2], AT RERR AR SR AT X 7038
FEEEMIREIT . B2 3.2 1928 W] 1 N (O BN RF AR BLAR S 5 P AT RN,
o X AR F XML O BRI RO SR b, SR AR A N B A SRS 1Y
FROROR SR J L T H SR, et — a5 PR C BEDCRRF PR IR SCRF 1R RS
2

ARER)ALTNE T NKPOBARURAE R BEIR A R 5 DL et R
RURFERR ;4.2 53R 7 Rl E AR O BN RIRE P RSO SCHF 7] S AE0 1 Beit
B TR R R EIIAEA, 4.3 EEXT 4.2 R A5 AT BB SR S IE
ZE R R IRALITRT T AT 70 SR FURS FE AT s 4.4 TR AR B AR 34T B 4h o

4.1 NRYOIRIA RS R B AFEAR B

4.1.1 ARIOIEINEEHE . WRREMNERRE

fRZERB 2 FrLARERRON “REA” , REN AL &4 (1D BA—EmMiE
FPE, ATDAE SR P T PR . (2) MZEFRE A DURIEAS H A58 H
AR T NIB 2 O R R R R I NI R 22 8 0 R SR
TS MER, XAERVE 207N S S MR 2 SR U R 2 T A&
2], KRR ZE RN BT 22 3% R0 f 22 1T DA R B T A8 2 21T 55

FEAEVEH, WRAMAMESHRE T, MNMIef “NARAR T T R,
BHELEFERTWT, SEEMIN “EFHFE” .« ZHUSHXFENRR, &
BRI T T R B B 2 TR AE AR LI DR G R o IR FIHER I RAEFRAT T H 3 2R3
HBEALTT L, EEEC R R R R RmES, HEAR. HEHER,
554 B(qlp)~B (pl@) FRAiE FIFHEME RN “XRrimz” , &fe “wR pkE,
WaqRE” BAERR “WfqrE, WapRE” W4k ZHUKHN “W
27, ERREREROR, CTFWT” M CEIE T ZRPRR BTN,
SRR 5 R AR 0] RS2 AR W 2A BE PRI 7K o R 22 DA 4-1 B 28451 i
BB R CSER” PR XAMRRZE S A5 B AR NI R R
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SETES ERFRE

B 41 “XRmE” M EAmE” ~EE

Figure 4-1. Symmetry bias and mutual exclusion bias

BRmERD MR HH “WRpkKE, gt kKAE” BIER, A6
] TR RIS “MRpAKRAE, g A KA o BRI IR T 1705 ) it
Fo AR/ S ST RRITEIT A3 2 EE 2 A R At A 228 R R TR K &R
fE—ikg, i, S5 BT by b WA HALMIED 2 T R a, TR
“Ca' MR g, B SR Eb . IR T, BRmMEATILE
RC % 2] . FERMMH /A, w2 R W . —/NEid ik
L, “URARAFTT R EE, AR H £ o EXA)ET, pfE
“AETHEBEBE” , R “REEH RI0” o W)L BIX AT AR« W Rk
FTHEpER T, BmEEHEI 7”7, TRMMJLFT8 7R, ApflgRaih)L
THHEE, pFoR “4THBER7 , gk “gethXir” o ERXAHT3, )L
TUAZ R T pMqIXHAIERI KRR . HNR LRE, BEFHAS A B2 ([
TIEZ I FATIERT 5B (qlp)~B(@p) FIERIARIE AR N B R 2. R
FH B 4-1 HPAREAT EARIIOC Rk MRS : 2408 “SER” MIRE S BRI )G,
PR TR R E bR HARSERR BN — N E B B bR . B RN ZEA B
TIRATE RO G A EA R SRR K

wn ERTIR, BRI ZE A H e A 22 I 2 S BN IER R, (HARETLE
P DU 2 1 7 28 I P O 22 () 5 E, SR AN i 2N IR H Y iE A 2 >,
SOMAERATE) H & AE RS2 7T AN RGBS “& 477
X7, XRPFA R ELE A Bh TALES % ST 122 ST R
4.1.2 BN FRIREY

N TART IG5 B, 8 SOREZ AR 2R 1 19 DA 60 22 0 73 A 9 A B2 B 5
X R A 22 FH LR Al 22 R R0 RO i Z2 B 8 43 70l fRi FR A1 S (Symmetry bias) il
MX (Mutual exclusivity bias) , FHICHIE T EFE A XM (excluded middle) F1ER
(Estimation relativity) . FB(qlp)&nFIEER 4-1 dpflg )RR G RiEATHMSR
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B, FoRp RAFAM T MIER LV N AR RE. 2 B WiaR 4-2 L5
RAEPRHA—A, A8 B RAFK 4-2 £ FIHIDYA L -

*® 4-1 RRMTHSIERR

Table 4-1. Contingency table of causal estimates

q;j q;j
pi a b
p; c d

Bk 4-1 Ron T FMpRERESHEWME RqRBHINZEEFIRER: KF
HUWUANSHa. b cfd, AR RERSEEpg. pg~ pqMpqlaE HILEBES
WEP(puq;)~ P(pu@;)s P(Puaj)s P(Pid;)-

R 4-2 PR\ ZARBURIAR S i B R

Table 4-2. Two cognitive bias models and their important properties

2R PR
Symmetry bias (S) B(qlp)~B(plq)
Mutual exclusivity bias (MX) B(qlp)~B(qlp)
The law of excluded middle (XM) B(qlp)~1 — B(qlp)
Estimation relativity (ER) B(qlp)~1 - B(qlp)

Forb, 0PRRA Z VRN B e i 2 PR ERrd . FrisHE R, RoRAER
WA AR AR RCRIME R, AR RERIN DR, B “EA A E
238 A7 RORIEpHITTSE T, qBEAREEAA A MR RIREqHIK
EEBSpRERAETR, RIS AR IR MERY SRR mZE. B W
2 PG TE A ME 2 A 26 PFORFF— 20 IR B 2 X AR 22, AR A
W £ B(qlp) = B(plq)» R th 2555 2 B(qlp) = B(pl@) - B(qlp) = B(plq)
B(qlp) = B(PI@) - fili thAHIE T LA . J5 i 22 Ak AR I P A 50 A& rp AT H oK
AELAARPE A E

MO PR ZE « B R Z2  HEAR AR AL TR S R A7 B Pk i 22 A0 B+ i 22
PR BEAT A M o A B SR AR AR I 2R, SR AT SR q i R 2
R G LB S, faEpAtE N QR AR — B R

~ _Pp,9)  P(pq) __4a
CP(qlp) = P(qlp) = P() P +P(®q a+bh

Ya. by cMdFoRpq. pq- peMpqIFINT LI AR, bl LS i 7
IR A 4T

(4-1)

L pq d
CP = =
(qlp) SG+pq c+d

(4-2)
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UG R I, X FRImZE CP AL R HE g, R I XTI 2 . Bl 22 F
it AR . RAW 2a = db = c 6400, didaRiRAld, AbKiRAlc, Bt
I FIERR AN CP AR AYERNI R, CP i 2255 28 B[R] i /& 5o Bk s 22 A0 B e i 22 7
CP Bifrh, Ha + bE N (REH I FTA TSI REE T a4 E7r T 1M,
BT AR AR AR B0, B 28 T cAdXHEAL CP 152 .

HFW%E RS MAERELSNFEa+dl, AIN=a+b+c+diii &R
AR g B A, 33X P I 100 400 e Ath o] B 3& BRORE DG e I R R B S AE N, N =a+
b+ c+ dERFEMARIEE, WERRBEEMRER, N=1. i n] DL FR R
% CP Ml 11 ok £ 7R RS:

a+d

Bl = ar e @2)

RS(qlp) MM e 2 X M 2 BRmZE . AR ARl v, 58 4 2 N
HHFER) . a + dKFHETa + b + ¢ + dit, BARRFM KA REL T %
PR A IR
KRR ZEAL R CP 7E R~ NN EIE, GHRRYEASSR, 1 A B+ (w25 455 7Y
RS KR ORI K. FEX B, I8k B S B50R 4 i) o A (4 A 1) o) s 2 ok
SR FREREE, AR 1 O 22 R FE A5 215 B R, 7 o 3R Bl HoAh AT 55
BN, AXERA:
a+ pd
LSap(alp) = Bd +Bb + ac

(4-4)

1

09

08

LS(plq)
o
om

0 01 02 03 04 05 06 07 08 09 1
LS(alp)

Bl 4-2 LSRR RIxH R 2454

Figure 4-2. The symmetric deviation characteristics of LS model
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0 0.1 02 03 04 05 086 07 0.8 09 1
LS(qlp)

B 4-3 LS A H FWERE

Figure 4-3. The mutual exclusion bias characteristic of LS model

FEIX AN TR AR A B ) A BRI BRAEAL B0 FR AR (Loose symmetry) , faiFR LS
B P HON PR ASE AL 1 0 B SR Y 15 5008 TR s 22 F1A) 246508 1 1 L e i 22 PR AH DG 1 A
B, XA Rk T RN 0 BB SLH L. I8 IS Matlab X} LS #5581 iR 15 21 1A 4-
2/14-3, AHERILLS(qlp)FILS(plq)~ LS(qlp)FILS(G|p) ¥ A —E WA etk .
HLS(qlp) T IHME 0.5 MR, LS(plq) LS (qIp)AHSE, XA Ay K A%
TR Al 222 0 B i 22 PRI I o

4.2 @& N DI TR B AR S [ BN BRI 1T

FEXF AP Bt 347 70 2RI, Bt B o 1 IERE A S SR A B TRl A7 A ]
AT RN, B SR EE R T A KRR . D T R
AR 1] ANl e R B 52, A 70 FREFVRAE M R R P 99 A U A OB L BE K
FEIEREA, RN, SR 89 AR A, AT REORIE OREAS 1) 70 G L
NG UL L I R, e AT IR R SR S e U5, JE N R O AR AR A 5
AFIR RN ZRd R g, SRAEIEREASAE NI ZR 2 iI/E R R RIS RE AR
A FRIREA, JCHAE AFEAR IR T AR A B 34T I 2k o
4.2.1 M FERIR DR A REI TR (LA IE

FERVEINGRIERE T, Bl 7 RIA IR 2 RO 73 IS0 FBO- e, T IX e
FEARJR TR IO EEEA R, &R TH ST HOS R T R 5 FEA
B RIRE . BT HIEE PR IEAEANEOR D, (M K ITARE I — MEA R
I, XRS5 R T Re AN e 4 IR . B —NREAS S & R,
bR EE WA e R g AN E TREARRFE I IEFEA . QR I B3R 209 Tk
A, NG IEREA I ECE B D
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R 4-3 HARHMEERASIAIR K ERR R

Table 4-3. Causal relationship between sample characteristics and sample categories

IEFEARG HFEAG
IEFEA R iEp a b
FFEARFEP c d

TEREAR A FE s, FEARTI 0 AN 4-4 (DU FF& IEREARRRAE A 1 IE AR A
X1~ FFETREARHE R IEREAS o A7 & IEREASRFAE A SRR A a3 FOAT 5 DURE ANy
ML TREA Xy o ARFEIL DU TP SR AOREA S B REAS 0 A 1 DL, R AR HION AR A 2
FIWTRE AR HEATAE A S 2 T B RIRAE L, IR AR PR AR IR IR 2 ST AL

R A4 a. dBIRDRBREZ 3 BRI A BT

Table 4-4. Size relationship of a and d and corresponding sample category judgment
afld 1)K & TS B 3T B0 AL A 23 A1 7017 T
d=0.a=1, MIEKFEARLNERER
d#0, MHTRIEFASEZ T A
a=0.d=1, MWERFEREATFEA
a#0, MHEZHAREAREZ TIEFEAR

a>d

a<d

e @
T eo@ @ i@
. e ® .0
() ® @ ®
® o
B 4-4 RPHAIEEE S H0 TR ERE A A A AT B

Figure 4-4. Unbalanced data set classification boundary local sample distribution possible

A KSR EETH R AR mEE BRI k A CRIFEADRZE 20 1R A
FIBEES, SR EEFEA TR I, PREAR R ASE, Hh IEREA R BE N, Ros,
THAREBEMN_RoR, B8R A G RERTAR k MEARPIE, A
Jir o5 fA L1

PON) =3 @)
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P(NL)RRFERGT ALK k AMFEAR R IEFEA IR, PLRIRSR 4-3 JilER
H1Z%a; P(N_)RANAERITARHT K MEA TR AR HILRIER, ER AR +
MIZ B oRE . B 412 EWHRNHTE, FAMCKMa+b=1. c+
d=1, RIS cHIHE.

BNRIRIER 4-4, BITaMd LB 2R AR BT ) AR AR 20 A 20 15
DUEATITR. Ha=1. d = OWf, ZFEAGMITRFEAS N IEREAR, Al LB
if 78 M A W2 AN IEREAR: Ma > d(d # 0)IF, A s R IR IR FE A K &
Z T OHREAR, XA T AR SR & IEREARIE R A, B0y 1 RIED %L
FIEREA SR, BAUAIWHZ ROV IEREAS s N DRUE AW N IEREAS R AS AR 25
FAAREP P EAFEEE, WA AT AL B, AN ZRALE AR
RIFN Lo Ha =0, d =10, ZFEARGHEDFEARSO AR, w1 EUEON# &
HFIWHZFEAR FREAR: Ma <d(d = DI, MHERAREARTESZ TIEFAE,
XA O BIMEAAAERT & AR AR I IERE A, (HEGER T & TR 1 e A 1
/D, R, REALHIWTR S O T RS SOy R AT . IR BRI O 1
FEAHIREAS 1, AEWZRZ AT REAT ORI 3], AN 5] B SRR AT T AN ] R S48
RJIERE. ZRb, 1GRIARSCHR B R A N B0 BEOU RS IR A RS0R 55 Je 2 TSR -

1 Md < altf
pz{m@ml Md >a,d+ 1K (4-6)
LS@lp), H“d>ad=1H
LS(qlp) 43S A 0 A s A5 Fra < d(d # D) AR BB T 507
%, nE4-7), XFERIFEA S AT AERE T 70 R S SRR AR S ) — ], 045 AT
Re I AFE AR B M ARFFAE R IEAE A . o TR A E B 2 T 1IEF
A, BT AT B BA SRR I IEREA I MR 2R AR A T o0 R it A
A IEREASRHIE ) SOREAS H BRI RE S, R/ B i A 170 28300 S IEFEAS 2 1 f ke
AN A BEAS 2 I EE B R AR A B AN

b+ac

LS@lp) = ate (4-7)
a+b+a+cc+b+dd

LS (1) JokF A RE A L A5 0 2 @ = 0. d = 14 P IO RE A ORI L AL BE

BRI TR (-8 TR, WIS REA 2 PR A MO SR, SR KT AR EAETRA

WA S — S R B A . X SR A LA TR, W SL BT, Bt T
5 50 PE AEREASoF 1 EL3 45 54 0  0

Cc

d+ a
LS@Ip) = ate (4-8)
C+d+a+ca+b+db

AN A Rl ZE AR 6 AN T Rt P 8 7R AR A Ak B R AR R RE U R
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Figure 4-5. Flowchart of fuzzy processing of negative samples using cognitive bias model

4.2.2 BhE AR ODIBA SR B AR S R E E 4L

AT — VRN UG B T W] 55 P BIORT R AR AR Stk AN T 17 $ 90 4 e R R A 3 AT AR
R AL IR o AL A DA R0 D 22 PRI ASASOR S5 g B LU N B S e ) LAY, 15
Bl — FhE A N0 BRI AR SRR R) B LR V% (Fuzzy membership support
vector machine based on cognitive bias, &% FSVM-BS) .

AP, IEFEARFIRTREM IEREARZESIRE R 1, FAREARIT] R
I AREAR A AR A (4-6) SRR BRI AREL S S5 RE B, IIGES =
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{Xir yir pitieys o ZORPEAR, y; € (41, — 1R FEARREE (+1 RORIEREA,
LFRIRFER) s p RN A I (4-6) 78 ST Fa HION FRAGE Y (A AR S5 8 JE
FSVM-BS XA IIZRAE AR T A R IR, A/ & (0 IEAE AR AR I 2Rt 72
W2 B, B AN REE A PR 23 B IR SR A ) A D SR T

N
min = il + o
s.t. yw-x;+b)=>21-¢,i=12,..,N
£>0,i=12..,N
Soob w RWSTTORR R, 2RI, AT B IRERERTAT, ()
AN W BT 2. C R TEMMLBH, £ AR,
TR B ACFT, SRR I E B KKT PR3] At B T
G ARG (EFRBHE ) |

(4-9)

N
VoLw,b,é,a,u) =w— ) a;y;x; =0 (4-10)
i=1
N
VpL(w,b, &, a, 1) = Z a;y; =0 (4-11)
i=1
Ve L(w,b,§,a,u) = Cpy —a; —p; = 0 (4-12)
H 1 AT 75 3],
N
w = z a;yiXi (4-13)
i=1
N
a;y; =0 (4-14)
i=1
Cpi—a;—p; =0 (4-15)

ARNFLA BT H BR BRI R T, AR XA R o 4 409, 453

LA N
max _EZ Z a;a;y;y;(x; - x;) +Z a;
i=1
N

i=1 j=1

S.t. Zaiyi =0

i=1
0< a; SplC,l =1,..,N
Horpr, BT ON B0 BN RRR I ISR SR J& JE py VR b B H 3R 1o I AR S 4K
P53 FE TN B Co B DA S (KRR = 3 1) MLk 55 pR B

f(x) = sign (Zliv_laiyi K(x,x;) + b) (4-14)

(4-13)
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F 4-5 FSVM-BS HiEsLI P B
Table 4-5. Implementation steps of FSVM-BS algorithm

ﬁ]\= {xi’ yi}?’=11 Vi€ {+1, -1}, &Eﬁ ker (xi’ y,) s %ﬁ@ﬂﬁ k
W NEBBRT, WEDRETRBOTFHREI KB REE p;}

AIRL: THE AR AR B MR (R PR S

LPR2: PERSHE NN BRI HEAT HEFP , 06 B 28 Sl ik REAR A
B3 Gtk AMEA SR, 1B, AREARIIEER, . ny;

s VI GOREATE BE B O Ik M REA T R AISAE e ds

. OHlafd, 256255 Bk 2 bclIE;

: HBaMdi RN KRR, RBIREARIG, FHET A0 B HURE P A

TYTH SRR A R ASOR S J F ps

BYRT: BMESCRE IR BN 46 A L

18 MR B H R

9. JFURR BB, WL A AR (4-10)

AP 10: 15358]a. wilb;

BUR 1L 153 RhA N OFR AR IR ASOR SR ) B AL PSR 4L
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4.3 B{ELLG

N T UE B FSVM-BS J7 ik fE 48 T il P A S i ) 8 A e, fE
KEEL® (knowledge Extraction Evolutionary Learning) A 3t 8, Shpift sz
EHL (SVM) « A wZFEmENL (BSVM) RIS FE M &AL (FSVM) 7Y
AT LR

(D AR RSN (SVMD = bRl SCHRE A AT A i 5000 SR AR
ARART RS IE ¥ 5

(2) AWCFFFAIENL (BSVM) + A SRR A1 S AU AP B 4 v 1 1
FURE AR B B AN [ (1 7 5 R4

(3) BRI ENL (FSVM) « RO SR ) LRSS AN T4 Hicdhs £ rh i)
1B SOREAS ISR SR 8 B2 i B AN IR A 6 11 0

N T 7 (8 58 2 HE 5 RN AR JE AN P4 43 2K o) BRI 5 A, KEEL V944
T SEIRE ROR R 5T A R E I A P AT EOE S . AR 5549 R 1) S 50 4K
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5, M KEEL AILHE£E Imbalanced data sets 2551 Nk HUK) 15 4 A AL E A
— W EEE, THEESENFEMNEE WK 46 Pron, LI
https://sci2s.ugr.es/keel/imbalanced.php %%,

R 46 NPEBEEERER

Table 4-6. Basic information about the unbalanced data set

glassl 1.82 214 35.46 64.54 9

irisO 2 150 30 70 4
vehicle0 3.25 846 22.53 76.47 18
ecoli2 5.46 336 15.48 84.52 7
ecoli3 8.6 336 10.42 89.58 7
vowel0 9.98 514 9.11 90.89 8
ecoli-0-1-4-7vs 2-3-5-6 10.59 336 8.63 91.37 7
ecoli-0-1-4-6_vs 5 13 280 7.14 92.86 6
page-blocks-1-3 vs 4 15.86 472 5.93 94.07 9
glass-0-1-6vsb 19.44 184 4.89 95.11 9
yeast-1-4-5-8_vs_7 22.1 693 4.33 95.67 8
yeast5 32.73 1484 2.96 97.04 8
winequality-white-3-9 vs 5 58.28 1482 1.69 98.31 11
shuttle-2_vs_5 66.67 3316 1.48 98.52 9
poker-8_vs_6 85.88 1477 1.15 98.85 10

H#R 4-6 FIIE. FREARTEREA SR BT S I LLEI T &0, AR IR FIIE
FEAZR R . G HUIRE A AN R 200 (B AN T 22 05 FE E 1.82 %8 85.88 I,
FRIRAAFAF R 5 FSVM-BS Hik 2 (B R UL &% FSVM-BS R H A5 %
frrERe iR . BARN, bBib 15 HERERAPFEEE (R 44: 0-9. 9-20.
20-86 & W m =P R EREGESE, B2k 5 HERE.

431 XWIZE

RS, DIARHESZ FE BNl SVM 1EASEREZ AL, SVM. BSVM,

FSVM il FSVM-BS K350 IS i 13 (RBF) G K(x,2) = exp (1240,

HorbsHo? = S5Vl — x| EUESH C MEA {27,274, ., 2% 2}
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

W AL, FSREEZAL T K 48 i 3UE k MEE5{3,7,15,33,51,6 7} F1ikF,
FE VTS el () 0 R s it FHBRCEE B A3 BSVM HIE R FEIFT — NS4 C;
FSVM Sk i T AN Be RIS AE A AR 57 2K, s MVEAE(0.5,1.0] X W] N . FrF
S 06 #K 2 7 Windows10, Intel (R) Core (TM) i5-7400 CPU @ 3.00GHz,
8.00GB 17, PyCharm 2020.3 JR5% HpiE4T .
4.3.2 SKIEER

R T BRSO B LU BRI A A R 4R B RE, SR F-measure.
G-mean 1 ROC £k T AR AUC =M PEM4aFs x0T 40 K RE AT VR . FE BRI
St FE, MUGRIGE O M BEREAISEE, LM BRI AINRE, &N
LEHAT 10 kS, B 10 REAF BN N R R R A SRR A R, IR R
Praahs NI IR bR tH o FE N R A, 0 DURR SRR m AL T EEAT T,
FSVM-BS #HiE7E F-measure. G-mean Al AUC {i =AM fgbs F B A B 2 AL
#

2 47 PUFHSAEEHY F-measure EEEE (N RRIELER)

Table 4-7. Comparison of F-measure values of four classifiers (best result in bold)

HARE LR SVM BSVM FSVM FSVM-BS
glassl 0.6756 0.6561 0.5682 0.7584
irisO 0.5613 0.5219 0.5860 0.5712
vehicle0 0.6424 0.6721 0.5655 0.6387
ecoli2 0.5601 0.5602 0.5565 0.5481
ecoli3 0.6105 0.5827 0.5937 0.6354
vowel0 0.7894 0.8264 0.8139 0.8543
ecoli-0-1-4-7vs 2-3-5-6 0.9037 0.8971 0.9118 0.9126
ecoli-0-1-4-6_vs b5 0.8815 0.7487 0.8426 0.8911
page-blocks-1-3_vs_4 0.7223 0.7542 0.7752 0.7614
glass-0-1-6vs5 0.6421 0.7328 0.7934 0.8269
yeast-1-4-5-8 vs_7 0.8909 0.8769 0.8597 0.8945
yeast5 0.8841 0.8915 0.9364 0.9243
winequality-white-3-9_vs_5 0.9114 0.9048 0.9231 0.9521
shuttle-2_vs 5 0.8427 0.8231 0.8549 0.8772

poker-8_vs_6 0.8689 0.8728 0.8963 0.9011
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F-measure FI{H HEM R A 2L F e, MBS 2R R CRT
TR R T i 2 4 R B, BB A (3-7) F-measure FIZHp N 1. BT E 4-7
VUAh > 2K45 0 F-measure EHIGTIFE R AR, ASCHRHH FSVM-BS 5L F-
measure /£ 15 F¥EAEH 1) 12 MOREF SR HAE, JLHZSE winequality-white-
3-9 vs 5 ##E4E, F-measure {E L 0.9521. FFH, BEEZIRENA FhE
3G, FSVM-BS ] F-measure B A W W HEN . HHER R A& 2R H UL
B, F-measure & ELEiE, XEH FSVM-BS BIAAEA SR R A FIREAE B
If, RN RS AT 0 AT 55

£ 4-8  TFP4rKERH G-mean B EE I ABRELSER)

Table 4-8. Comparison of G-mean values of four classifiers (best results in bold)

BAERATR SVM BSVM FSVM  FSVM-BS
glassl 0.3981 0.4605 0.5267 0.6421
irisO 0.5525 0.6038 0.6153 0.6093
vehicle0 0.6412 0.6459 0.6551 0.6712
ecoli2 0.7529 0.7814 0.7787 0.7789
ecoli3 0.7741 0.7868 0.7984 0.8245
vowel0 0.8021 0.8387 0.8512 0.8411
ecoli-0-1-4-7vs 2-3-5-6 0.8154 0.8425 0.8410 0.8649
ecoli-0-1-4-6_vs 5 0.7926 0.7714 0.7631 0.7846
page-blocks-1-3_vs_4 0.8281 0.8463 0.8684 0.8941
glass-0-1-6vs5 0.8542 0.8649 0.8559 0.8602
yeast-1-4-5-8 _vs_7 0.8715 0.8653 0.8862 0.8734
yeast5 0.8467 0.8541 0.8346 0.8705
winequality-white-3-9 _vs 5 0.8829 0.8934 0.9016 0.9068
shuttle-2_vs_5 0.6614 0.6768 0.7129 0.7020
poker-8_vs_6 0.8923 0.8725 0.8867 0.8978

L0 P BB AT S, DA 2R AR FSVM-BS BATE 10 MRS
H1f) G-mean 455 N, k2N FSVM EiE, SVM BUELE A Bkt
TR, 1F glassl ¥4, FSVM_BS HiEH G-mean % FSVM HikiRTH T
11.54%, {1t winequality-white-3-9_vs_5 %4 4 # FSVM-BS 1) G-mean £U{H & =i -
E1, M ENIE. AP EIE. AR GHBEZHR, G-mean HIME S .
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FE WA EILEE, FSVM-BS SLAAEMERAT-HTAE 22 > R AR, IEFEAS . D
A AR AR ST LA A SC T

49 JUFhREEH AUCEELE: (I AREEE)

Table 4-9. Comparison of AUC values of four classifiers (best results in bold)

HAHRELIKR SVM BSVM  FSVM FSVM-BS
glassl 0.7661 0.7715 0.8032 0.6948
iris0 0.7461 0.7659 0.7543 0.7606
vehicle0 0.7462 0.8012 0.8387 0.7839
ecoli2 0.7834 0.7675 0.8751 0.8409
ecoli3 0.7761 0.7806 0.7779 0.7801
vowel0 0.9088 0.9372 0.9319 0.9458
ecoli-0-1-4-7vs 2-3-5-6 0.8875 0.8964 0.8805 0.8769
ecoli-0-1-4-6_vs 5 0.6492 0.7161 0.8081 0.8176
page-blocks-1-3 vs_4 0.6955 0.5567 0.7938 0.8462
glass-0-1-6vsb 0.6678 0.7812 0.7457 0.8713
yeast-1-4-5-8_vs_7 0.7317 0.7924 0.8905 0.8863
yeast5 0.6288 0.6987 0.8354 0.8457
winequality-white-3-9_vs 5 0.5936 0.6749 0.6771 0.6980
shuttle-2_vs_5 0.5782 0.6749 0.8066 0.8417
poker-8_vs_6 0.7495 0.7326 0.8015 0.8532

£ AUC IXER 453, AUC {HBR =3 n IEAEAR RN R TN 2K, IEAEA
RTINS, FSVM-BS BIE7E 9 ANAS[RIRE FEAS T £ 4 b 1 IR A AR 11 T3
M T Hofh 3 AR, Hodr, 7 vowelO HE % 74 FSVM-BS ] AUC B 7 15
MR PR, X5 0.9458. HIHAE A1 #21k 51] 85.88 1] poker-8_vs_6 £ ¥
&, FSVM-BS ] AUC fE7E 4 P AI I RFF1%E, TRIE T /D E R IEFEARLE
SRR FRHIER . BHILATAS, AR SCHR 0 5 R B 5 1 AR 0 S ST 47 26 0 184
PERETE N

4.4 KB

AT B TN LT ZE A FR A 22 PR R Z2 R, iR T DAL
NFERE AR O AR FIRE R, RS- 1 3 N A TR AR A RIS TR (508 S 5
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M ENEEA (FSVM-BS) A% 4.1 JFrR M AR OEAEBAZ LT “ N7
FEMES T I —Fp @ KNI RE 7T, A2, ABRNFIKOF . 152856 E 3
PER R . 4.2 5 B H B RlA N RSB O SCRe I BNLEVE 45 &
K G AR N B0 B A R PE A SR ) LRV, 2 — OB 2. R4
FSVM-BS R [ L Im A B B BUE S5, 5 A A A S48 1) 38 P SRV A T 52
Xttt It 15 AN [FREFEAS-P 47 2 0 B s S 1K SE AR GRS SR 40 #fr, FSVM-
BS HiL7E F-measure. G-mean 1 AUC{H = MM AR I 0BT 45 S i T SVM.
BSVM 1 FSVM 5%, FEB] 7 FSVM-BS S 7E il e AN 47 v 15 (A 2501k o
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

EHE £T FSVM-BS BEZHN A AR E 2

e E—dr, R ELE B DRI A R S R 2 AL (FSVM-BS) T 6T
ANPAET 43 20 AV e L T AR 530 . 25 R B SVEAE SEBR3% 5% b B 1A Rk,
SE 41 B P AR 2 1 RBOE R AT P AR BRI T, 2 AT A N BER IR
WCNBZ RT3 58N T Xk LA B TC v JB AT IR kAR W ARAT A5 DR I
TS I G . AR B P9 250 B SE AR AT A5 D8 U T i 42, J8id FSVM-
BS 7kt HEE BTN BT T, A3 FSVM-BS JiE{E BB R R Dl AE
7.

AEE) 5.1/ TS AR VPAk A 707 SRR FUIIR, RIS F RS T
fAESEPRA TS T B BB 5.2 TR0 SR I BT F 1) S FH RS TN A8k 3k AT A
QAL 5.3 UL T FSVM-BS 7515 A XU T B4 S i B d st 56, e S
KRB AN SIS &5 TN L, 79 H 5 VR E B SE A XU T 3% 5% R A s
55 5.4 TR AR Z IR AT B4

5.1 [ERMIHERI R E =R &R IVR

W& ST B 9% B S OB 2 (I N P32, DLASEIET 9% T 6 I AR R,
G (5 DTN AE AN BT I dn SRl FR O DY R B RE AR AN BE #2238 BT
R 5 ARAT RN AB AL AL) H KA T IE G R 2K o A 00 BEAE DY R FR I 2 vh o Rt i ik
BANKE AT, KB K FSVM-BS J7ELE — AN B SE A FEHARAT (5 DT
T K 5 A DXy I AR RS AR

5.1 B=N4E

B R, XARNEL R, RonaE 5%t 77 A JEAT B 55  AEEBe, b
AR NE T 22 IR AT 5 T SR (3G 0 DA K LR F S HER I R, R 1)
NN “HEHTE 27 BBAMId, R 5S JEE . iR AR SRR B &
CRATH TR ECE T O BT, U 5 N WIE s s, W T BATE
PR F BTN R . LT G ST 58 B e ML, f5 WURN 5 2R 5%
DA K05 B B oK DR 3 (45 VS SR SR B 00 S B, i N RTIE 2 1
AL BSORT S RO SR 2 AL

W E N RERAT T 2019 £ 10 A 21 HEAW (hEEEE bR ik
(2018 ) ) g, FEPNNHERITKEIFRFEPE G KGR 8z
2018 AR, FRE A E NS NHE R ITHRETN 27089.4 76, [FIELIGK 19.54%.
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e E N RAAT 2021 G BE R R I, ARE 2021 4E 7 1, & RbHLEE PRI
Y&tk 186 TG AN T, [AIHE ATk 12%.

EEDHEZ NBHEW R T, EHERERGE, ZoHN AR RESH
TRE R GTREH (ATREE S IIRIE) , AUXHRIT. # 87 Hhs 5
TR — e R AR R o A8 B I T REXT A B X Gl AT 4 R HERA (1045 F XU 17
i, EAHERAANANGEE. BEHIEIE. ERRE. RUEEEM TIERNE
AN NAE BT VP, TGN PR R D MR, X — EFEE LA Sk
o T AN BRI R FOSARAT ML . P9 . EEIN 4 il & 25 4 LA 1)
s . I JE WA 2 A5 P RS2 BRI X 2 — . iR tH SR AT (2015) B 4E it
s, RIGHARITA R G L) A 2009 -1 13.2%F+ % 2014 4E 1) 16.2%,
KR MRE I E R e Bk, S TRATE R R RN SRS T T
T, 56 W AT b bl sk St B4 1 KUR A S e . fEIX— R R, RJeihly
e N B FH RS 72k A3 Ry BT,

£ 2008 4Bk AR fE L LAK DRI e i 2R 1S A BRI s, {3 FH R
PP e B B . AN SR ARAT B R T B RO S5, #R Ak
HAEIERMAER. B, —J7m, RESRZEEHMANEHICRER, &
WA NEHIEENBEAR A SR NMEGIEREEAR: 7Z—Hm, &
] 7E 56 13 08 KU (42 ) AP 3 L, s Bk A P 4 A 7 v = 3 T I
B R — VAR AE R R E R . 7524 T 8IS FVEZA U T 25 5 H B L i 8
Fab TAER B, S EME SRS EVRHR B, o PR O 3ORN HA 35 58 3K 10 20 B LA
AR B PR A H IS LA A N BT & R T
AR DN N BT 725 S DL T MR SEEE LR . X 45 DK E A I Dl
i A S B R AR R T R

A R 145 F XU T 28 e AN R0 4R AT 5 S LG I A G sg e, (A
3 G £ DF N T BB H IR0 SR 4 I 30 SR B AIEAS ), s IR ARG . 22 3] .
5.1.2 HARIK

LK, BEEE AT PRE R R, A5 0 RS PE Al Bk ok 88 52 AT
K. N T RRIBIERIER, (5 RS PEA A5 2 0 200 ELAT g v PR VR A R e o
A TEFNEDT . WARA F2k, 15 RS PEAS T DUR G — A o048 28 1)
R o A FH XS 00 A5 8 o R AN Y, EH TS D o DUG 15 SR EE 2 ol
SEH A T TH RS fE S, A BTN AR R I R R R 1N B0 = T BRI N E
el @ ik b 2 B LS BTN BIE B G S B 0T AT IS, B OREHRiE A
R MR IR ) “4F” DR NEBIHE LM “IR7 PR — AN E A ]
W, ASDRE TS T I T

P PPAL B — R A =38 E AT AL . GRut B AR R R AL, £
FIRTRAL, FEEGEH TR ENLHIN, KA S, TXAR. TXRSR
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Rl N FRIA RIS R AR RSORA S2 RF 1) LS S

FBHZ R 400, Gt AES RS IES RS, SRS
[FLE 4T R0 Logistic BEAYSEF1%; AESE G T A 32 LA FH e S
P, FIAREE MRS, B 20 thad 80 ALK, ATHEN T AN TR R
SNTRY B, BUAREE IR ANLES 2 I HAR g R PO A R, Bk TR ST
JEAEIE AR 1L TARAE 10 R, 7R AR VP AR 15 D% IRV T B8 775 HS 1
RS T AR T AR BAT, 15 PSR P v 3 AR AT a2
R A s B . PRI RS BENLARAR . SR ENLE
R A

James A.Ohlson $& Hi#4 Logistic =] =77 7% 5 21 s b 824745 XS PRAL AR 55
B, DATIIN 2 B8 P MR A N AR, 45 SRR WX A 5 iR T S A
PG R 2%, Chen Yan 25 A\ K z-score 31 25 4E500 BTk KU TE bR AL,
IR H Logistic [B1 V5 73 B B AR AEAL T A5 B HEAT VRANY, 45 21l 3ds 2 KU 1)
WERI01 Jiexin Lu 25 NIt excel A1 Matlab %185 J5 4545 A 35 A XU 45 25 4k
MBS, HENFRNEAGREEN RSB TFIENELERE, #1700
Logistic [1J550 4T, 33140 & FELMIEN, B ELAMIEHN, RERHZ
T T Logistic [8] U943 By 5k A< i3 29 MV 3R 47 3 A 62, 2= IR0 I 2 508 AN
Al AFRETENR, JEFEE AR T ARSI XS P R R R, d
i Lasso-Logistic 57 Fi A 5% N A £ RS 62, sz gk MG, ERERN LE
Lasso-Logistic #7844 1 8 B2, (E1SER M T Logistic [511H.

Jiboning Zhang K H—Fh i 85 7 A& G H03ET 75 SE B BIH M1 i Logistic
A, N T2 BE AR foh 20 X 42 81, S Rt 5 F -1 J2. 90 8 ARG AR 5 3
PELRATL AN 4 T PR 48 5538 104715 T AR VEAG , RS R B IR B3 AR 4 1) 2 2T e T 5
M H S —FBTT) RBF #4408 B i 7 v k8%, [Hi 5 BP 14 M 25 Sk it
TR, SEERUE RS 7O TS ARSI R E AT, A ER TN 1 AT b R R )
{5 F XUSRI . Mohammad Mahbobi %5 A SR AN T3R5 #4845 R FE R
SEAN, AP B AT 5 T AR VAT, 6 A A A TR0 L BB 2 K
Fo

Shuang Pan 1 Sheng Zhou $& H —F JE AL AR MR AT 4040 B 1 P2P £
BeAE RS PPAN 77925, 07 VRN AN [F) S5 0 XU RE AR T 1R S AE R 2808 2] 98.63%1%°),
Nisha Arora %5 A\ $2& tH FH Boostrap-Lasso MAFAES Hge B H AR 5¢ H—BHRE,
T — BRI AN 5] 0 5008 48 vh A S om B B i 1, X R AR R T BE LR A
TR ANER DU TR K OGRS EE R, A TR BEALAR R A I TS B B
[0, BRfESE 3 NME T —FidE T BENLAR AR Elastic Net-Logistic > A XU 32 4,
B VP AL A ZYIOT), 7 A A DA AR R A DR EE P A TR U 1 3 2835

Pawel Plawiak 55 N4 H—Fh2E T AN [F] SCFRR IR AL 70 288 BUR BE st A% AR
%77, 1E Statlog Australian data %icHf & T FUMAS A BE =, mT AR ORERAT RGE0F
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i B E NI ARAT A5 A8, Jian Luo 55 3 NJFR T —FRi (0 e B o — kil T 52
FFF ENL(QSSVM)IERY, JaE o 1 WX AR kernel ZARykedE, JFieil 13|
03 WS RAE BT AP B 1) 3 35 43 2R 2R 190, RS A A5 A B A0
S b A A5 B B BB S5 SRR 12O R A O . R R AT R
Lean Yu M IL[IBASRE H 1Pt T ORI 4R 18 (FST) AL CHF [F) &AL (PSVM)
PRI SUBURSOR 3 o SCHr e LM LR, ORI B AL 1IN {8 FPSVM AR HLA T 47 1)
WM. AEAITTHE BRI T I, 929 45 KRR I t i) FPSVM 45 7Y
LT3 s e SVM AL,

5.2 IR1TIE AN I BB E N B IE

FERATAE RS DAl B B v, # e 3k AR A BY N B B R 2 4K
(R, B LA BTN IR A S o £ DTN S F A5 B B ARAT A5 T XU PP A 4
KR ST S AT B 2R PR RFAL

5.2.1 BE AR

AER 43 S0 Bt B 2 AT 3R 4 credit risk analysis, 7] A T4325.
BB B AR5 . 2B EER )8 Ramesh Mehta, Al J5 T 5
LR, BA 15 FENFESRBHAEN TSR . 2EuRE 05 &I 2007
F-2015 F R T AT SR e B BT, AR S AT RS (2, IEE
HAZ, OGRS MBS IISAE R, AR ISR, Bidiesk. %
RS IR, WA NiE L), By “HLy” M CAEL” S nl <07
MR MR IR . 2B RIS 855969 sk, GIE HirksE
FENH 73 MR, 2B S A BT AN 5%, J& T AP date. vl
¥ 4 w7 L4 E® W hE https://lwww.kaggle.com/rameshmehta/credit-risk-
analysis?select=data.csv #1778 3¢ N &,
5.2.2 WEHIA AL IR

O MTEAR R AE AT UK, BREEE credit risk analysis 7 AEE 23 A7 257
A RMEE AT, Hrh grade. homeowner S35 A 7K, Bt
7 855969 MEAIRA, HARZ AEAFEARGRRREH 1 RR)H 46467 1, Aid
ZIREA (25 F 0 27)F7 809502 1, 73] o el e AR H B tn ] 5-1 B, Hds
RV PERA N 19, & T A PEEdEEE, &M T AT RS

Blov B kA T 855, W%+ M emptitle . desc
mths_since_last_delinqg. mths_since_last_record. initial_list_status. last_pymnt_d.
next_pymnt_d . mths_since_last_major_derog . annual_inc_joint . dti_joint .
verification_status_joint. tot_coll_amt. tot_cur_bal. open_acc_6m. open_il_6m.
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open_il_12m . open_il 24m . mths_since_rcnt_il . total bal il . il _util .
open_rv_12m. open_rv_24m. max_bal_bc. all_util. total rev_hi_lim. inq_fi.
total_cu_tl. ing_last_12m %§ 28 MFAIE 1) AH SCHARE 7T B8 HH T-00 S Ba A Il 8 46 ] 2%
HIA FIRE SRR o AR R —AME S B b BE A RN B,
T PRUEECHRE () LS, AN IXF - RAEAE G I Hl AT <5 B Ab e, TR X
FR M RFAEBEAT IR o

F RS credit risk analysistR %510

« RO @ BT

5-1 BHEETHIBLAEA. EEFEHE L

Figure 5-1. Ratio of default samples to normal samples in the data set

P4 IR S P IREARFAE 20X 45 A, H AP oR Z 5 00 25 SR ASAH C R AE
NTRITEEW KR, Eid python ¥ i FE HL A& AR B A, X A
feature_importances_XJ i 46 54 42 T R AE HE AT B B HE T AL B, B E — N
{8, IZFRHERE MR ST “EL” R R PRHEAE R 4 3L
EEERHIE . T2 3R 5-1 FToR I )\ A 2 BLRRAE A A S ER e AT 9256

51 HIELE credit risk analysis BRERHEER

Table 5-1. Data sets Credit Risk Analysis Important characteristic information

RHIE FHEE B
loan_amnt AT A FH AR
int_rate EECES
grade i KR
annual_inc ERNFRN
purpose i sk FH &
installments LR H I 3K &30
term DI G HH IR
default_ind FEANRZE, 0. AL, 1. #H4
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ot T B E OB B grade. purpose. term HRAE & MR AL A EE B %K
P&, . MA@ UMIE S FEEIE. B R 3HA, KLl 3 R
B SCABT 04 1. 2. ZJa XX SERREREE LA BT F B 04T 0 —1h AL B

5.3 FSVM-BS B X {ERIR LIS RER 4

NERAT BUBY AL, ToiE AT K 1 ] 8 1Y) S0 S B00HR ) H A Dk o ik
TR XTI A TR IR A SCHE 1) FSVM-BS SByE 75 /D B 1) AN TR 4
N ERATE F B DAL ROCR 5 18 B AT G AN 1 YRR T F5 25 9 15 240 1 04
X PN 25 SRR, AR T AR B R SR AT R UE S T

FESLIR IR RT, FATHE B R 7 N =800, — R IR EE H
KA AR LR, — 5 VE M A W e R (IS, I8 —
NBEEEFREE. = H RO E L 6: 2: 2. XFE—k, EFH R
SN T HEEFHRMECEA R, ZW, HA/MLEG T RE “F B EE”
e Qi0l7SE7
53.1 SHWRE

BT IHERE MRS T EZ e B RS EE, KT RSN
HEHL, i BLR B0 -

(1) DAARHESCRF R BRI T AR R Cy e C oy WHON 10, €y BUIH
N 1000

(2) K ITABHEI A () B AT A k . k EE SONFEL, MR R v B
#£[5,7,9,11,13,15] . XHERERERE . —& k EEBR, fraes hilin
) K ANFEAR P IESAFEA H IR AR IGO0, 52ma2r KA HIWr: — 2 K{EHR
KT, FEES IR AR RUE IR AR X 85 R = A T30, B 5 2R AR i i i 72
FER, AEHEs R IRZE . deah, EELRUESS AT G K 0 DX TR Gt 1 30 iR 22 v A
PE, THEER S A S

(3) H4h, K IEABFLN A pr B A KO BK IREE S A, SVM. BSVM,
FSVM H1 FSVM-BS # 8 i FH (4% R EC)y = i sk AN AR

PLEESH e UG, ZREEREIT . PG MRRmAE.
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Figure 5-2. The influence of k is 5 on the sample weight
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Figure 5-3. The influence of k is 7 on the sample weight
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Figure 5-8. Error statistic times and probability of 20 tests under different K values
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Figure 5-9. AUC of SVM algorithm on default data set
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