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Abstract Attribute effect is a kind of phenomenon of data bias caused by sensitive attributes, which
widely exists in real world. If not controlled, it will seriously affect the learning performance of
regression model. In order to control the attribute effect in nonlinear regression model on large scale
biased dataset, a novel fast equal mean-core vector regression (FEM-CVR) is proposed. First, a novel
equal mean-support vector regression (EM-SVR) based on margin maximization criterion is proposed
by using the constraint condition of equal mean. On this basis, the fact that the optimization problem
of EM-SVR is equivalent to a center constrained-minimum enclosing ball (CC-MEB) problem is
derived. Then a novel fast minimum enclosing ball based nonlinear regression learning algorithm for
attribute effect control on large scale biased dataset, referred to as FEM-CVR, is further proposed by
integrating the approximate minimum enclosing ball theory and reducing the original input dataset into
the core set. In addition, some fundamental theoretical properties are deeply discussed. Finally,
extensive experiments are conducted on synthetic and real datasets, and experimental results show
that our FEM-CVR can effectively control attribute effect in nonlinear regression model on large scale
biased dataset with good generalization ability, whose upper bound of the time complexity is
independent of the size of the dataset, only related to the approximate parameter of the minimum

enclosing ball €.
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1<i< N
Sttty B £ AR H BN A AR

2) F-1J2% (mean difference, MD) F&#55 .

Do D fo

, (x.meD (x.y €D,
M s Xy 3 = . - - ’
D(y,x, ;D) N, N, (23)
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3) 14 F i 2 Carea under the ROC curve,
AUC) 545 .
AUC (y,x. ;D) =

D1 D0 I > fx))

(x5 €D, (x;.y) €D,

N, X N,
H, ICH) 2R R 8 S E R S ECh A R [ 1,
IR 0. AUC 284k # i [0, 1], 24 AUC=0. 5
B o R 7 B AL T B8 AS A7 A S8 PR

Sz, SVR 4548 1L2-SVR, i 1ibSVM (Version
2.8) B 43 52 . FEM-CVR #l EM-LS % F
MATLAB ¥ 85 52 8, Jf AR 45 SCmk [12 A9 g i, ff
FHAE S0 B A B R F R 59, 24K
Sk e WEE N 100, BT A SE 5 R A & W %
1By % 58 B A p=

(1/N%) 2 I —x, |7 B 305 HAb ok o 28

PR S SRS UE AR A fe L B 5280 3R 8550 Intel Core
i7 3. 40 GHz CPU, 8 GB RAM, Windows7 X64,
MATLAB 2010a.

, 24

k(x.y)=exp{— [x—y

3.1 FEM-CVR,EM-LS,SVR HJEt %

A1 H S F Communities and Crime™® 5
Wine Quality™*" B4~ £ 46 45 % A SC5 1 47174
BT B A2 I TR A AT 5tk S RO 1 2 A
TR A

Communities and Crime ${#8 £ &+ X M4t
AL R A S A PFE B AT rp AT Bl 4
PEAT T TR B M BR TS A S E R M R AR T
B R M Race JEBHRE 7 2 41 . DR ih 42148
NIE BRI FEIX 5 2) 3R i AR AR BB U A1 1X. JF
Xof Fie A JE 1k AT AR AL T B 21 B Y B A AR b
Communities and Crime Z{fg 4 & 412 1994 452
o], G v R A DT AR B A DXl 42 970 A
1024 DMEAS BRI 99 DN E . X iz Bl 4k
BEAT oA FeAT] K B B HE R AR B T B AR AU R R
Crime Rate Fl & J& £ Race 2 [] (1 38 2K i 5C
F.BAADCE LSRR R 0. 35, 1M dE B A4 X P
BIBARR A 0. 13(MD=0. 22, AUC=0.79). F£ 1 4
H T Communities and Crime {454 AU AH (5 &,

Table 1 The Main Characters of Each Dataset
xR 1 HEENIERFE
Datasets N M y R N, N MD AUC
Communities and Crime 1994 99 Crime Rate Race € {black,non-black} 970 1024 0.22 0.79

Wine Quality 6497 11 Rating Type€ { white,red} 4898 1599 0. 94 0.76
Census Income 199523 14 Wage Sex € {male,female} 103582 95941 10. 46 0.82
Friedman 100 000 10 f(x) 21 €{>0.5,<0.5} 50023 49977 2.71 0.85
Census House 22784 121 Median Price  black percentage € {>>60% ,<<60%} 8752 14032 3. 65 0.77
ExtCrime 19940 99 Crime Rate Race€ {black,non-black} 9700 10240 1.52 0.72
ExtWine 64970 11 Rating Type€& {white,red} 48980 15990 2.68 0. 84

Wine Quality %40 5615 1 X5 £L 98 1 0 3 2%
Rating (YR, &A 11 4@ PEFRE . ok 80 1 ik
O R i BT ) P U YE B O 1, 100, Sege b g
IR B R 47 15— fh Ak BR. 546 B 4 v, 2 20
I PEGCT 1 22850/ Ry 7 O A 2R e 45 R FRATT B
BLEECT 70 20 09 BB /AT TS m 1. &
OELLW A W 2 KB MD = 0. 94, AUC =
0. 76. LR E BNk 1 Fik.

A2 7 SCER 8 T i 5 ¥ R AL 1) 3 43 73
I (propensity score analysis, PSA)UH % B4 47
or)Z. T LR 2 AR SR AT nis 1T EMELS,
SVR.FEM-CVR =53k 08 43 )2 J5 454 2 i 4 — )2
Bys e fr a2, |1 A 2 A TEENBITSER,
BATYI A 3 g EAS 2. 7 BEOSCERES b i A

T FRATTX A SR AE o BB AT LR S
2 M7 AT AR

LA 2 40046 i T 40 )2 )5 B )2 MD, AUC
A RMSE. 2y 7 T LA EE 1 Ca) (b) LA 2 (a)
(b) R IR AT A 45 M 4 A B HE S 1 B )2 MDA
AUC. {1 1(a) (b FIE 2(a) (b) 7, 43 )2 0 58
80T IR R e o 1 AR A I i A T S R 2K A
{18 A4 4 4 S = PRI

EL T A 2 R R B, A S5 A SR E 2
HOEH R EREE 521 MD {EJLFh 0,AUC
H#IE 0.5, W RIJL-T- 58 2 bR T 8 M %08 . i SVR
A 25 SRR M AN L BT LB 1 MDD B g K i AUC
T 0 8% 1,38 SVR ANMEAN BA & MR
P68 1 FL 2 0] B SCOK & T AL e Ak L T L
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Fig. 1 Experimental results on Communities and
Crime dataset
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Fig. 2 Experimental results on Wine Quality dataset

2 Wine Quality 8 45 5256 45 R

K1 A 2. SVR BA 5 S8 @ 00, 2 45l 4
= SVR-S H AUC BE# K T I bd B 42 1) AUC
B LIS R T 8 O 22 L kA8 TR SR TS
HZHR B 5 AL EM-LS fil FEM-CVR ¥ 68 % i b
Bk B0t 45 00 J8 Mk SR H 2 EM-LS | T R [l
AT, FIF LA A5 30 0 ] 09 25 SRS 4 A0 =L i FEM-
CVR TEiti I 55 508 2 S5 ATH SR AE 6% AR 45 AH X 8/
(25 7 MR8 25 . T B U I 2 O T T R B JE
RN CBCHE M 22 ) - FRATT it in T 45 38918 2 R 4% 1, it
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SEGRZ M. X SVR B35 MR 22/ T HoAlh
2 ANFE Y IR AE AN B T R0 4 i RE

Table 2 Comparison of Experimental Results for Different

Methods
xR2 AEAFAENIHRERIER
Communities and Crime Wine Quality
Method
MD AUC RMSE MD AUC RMSE
Data 0.22 0.79 0. 94 0. 64

SVR-S 0.22 0.82 0.14 0.92 0.89 0.84
SVR-M 0.13 0.77 0.18 0.81 0.87 0.87
EM-LS-S 0. 00 0.49 0.22 0. 00 0.51 0. 94
EM-LS-M 0.07 0. 69 0. 20 0. 40 0.72 0.90
FEM-CVR-S 0. 00 0.48 0.16 0. 00 0.51 0. 89
FEM-CVR-M  0.08 0.71 0.15 0.27 0.70 0.88

3.2 RHEHE|IREXW

R T 0 5 R R B B R PR RN AR T
FEM-CVR (¥ 14 fg . B A7 5 T 3Cmk [10 ] 19 Jr vk *¢
Communities and Crime 1 Wine Quality %% ## £ it
17978, 97585 B8 B0 4R B A~ 8 v i BE B I 7%
wERMIER A0 N0, 1), AT F 31E H R H0 45 % 4
£ .9 38 )5 19 Communities and Crime £{ 38 ££iC K
ExtCrime, FE 2500 19 940, Wine Quality 2354 iC
M ExtWine, BEA B A 64 970, S4B m 1 2 4
UCI #4324 Census Incomet®™ f Census Housel*™
A1 AE B2 Friedman™, % 1 R T X265
P 45 1) = ZERRE.

Census Income % ## 45 4ih BL T A O 3% 25 £ 5.
R AN O TR B M ) Sex 7 TE B 1AL
N SRR T, 2 MR T AN T 5B % T.%%. Census
Income #4084 I A HI 743 25 4l > A 15 B Can it
b RS DA R BN TR ER KT S
I A SO B AN 1) 25 (8 RS A K T 1 A B A0 B A
J& M IF BB UL T AT A B A R R B AL A i 2
) HAR TR Beks B E . B TR S TR
V14252 MD=10. 46, i i T A AUC=0. 82.

Census House ¥4 5 )2 h 3¢ [F 48 11 Jm $2& L 19
FEREAERE . ERTEMX A ANDSmMAERT
i B 1 09 F 4. Friedman & 1 A4 & 5k 4
#. Census House #1 Friedman X 2 4~ & 4 i 25
JEARB . T AT 45 R Gl R 3.1
A3 Wine Quality ¥ 40 48 AH [F] B9 75 2 K E AT HY
Ja& MERONE o Ab BR  BCH BE R B E AN R 1 .

T HAE FEM-CVR R84 47 A0 Ak 31 4 XF K #L
L5 A P Ak 5 A [ 0E R) A, 3R AT SE
Census House 4 £& v 73 51 B AL 41l JROAS [m] 25 5 19

T4,/ Mg 7 EM-LS,SVR,FEM-CVR, 3t % i+
P22 LI X B TR CPU 38 £7 i ] | Sz 435 ) &
ANELSV) RN I AR 2.

3(a) R AR A N F R P i, FEM-CVR
E SR A A0 B 2 A8 Th 7 AN (2 OR i QP
R F0) o i DAl A 44 e BN B g, % B A7k
JERT SVRH 2B A AN B34 2 R AT T
Hie /ML B BRI A% O B8 AT O A SR A 1 i O 445 )
T IO AR B, L 8] 52 A BE 5 IR AR B AR
RLMERFR WAL T [ B A b 3R v 2400 BE
) EM-LS %4 3.
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Fig. 3 Experimental results on Census House dataset
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Fig. 4 Experimental results on Census Income dataset
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Table 3 The Comparison of Experimental Results for Different Parameters
3 AEASHNITHRERILR
- Census Income Census House
€
RMSE Training Time/s Testing Time/s |CS| RMSE Training Time/s Testing Time/s |CS|
1E—8 0.132 103. 690 20. 648 1978 0.019 91. 272 18. 106 1822
1E—7 0.173 41. 246 19.018 1719 0.022 34.012 16. 128 1150
1E—6 0.178 29.952 18. 944 1512 0.023 10. 008 14.272 850
1E—5 0.178 10. 828 16. 312 951 0.025 3.128 13.096 664
1E—14 0.182 3.103 9. 850 396 0.048 1.032 8. 786 380
1E—3 0. 187 1. 376 6.572 144 0. 050 0. 744 6.304 121
1E—2 0.202 1.192 3.787 75 0.052 0.736 3.763 64
1E—1 0. 494 0.752 1. 250 31 0.073 0.728 1. 248 40
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