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Unsupervised Pool-Based Active Learning for Linear Regression

LIU Zi-Ang' JIANG Xue' WU Dong-Rui'

Abstract In many real-world machine learning applications, unlabeled data can be easily obtained, but it is very
time-consuming and/or expensive to label them. So, it is desirable to be able to select the optimal samples to label,
so that a good machine learning model can be trained from a minimum number of labeled data. Active learning
(AL) has been widely used for this purpose. However, most existing AL approaches are supervised: they train an
initial model from a small number of labeled samples, query new samples based on the model, and then update the
model iteratively. Few of them have considered the completely unsupervised AL problem, i.e., starting from zero,
how to optimally select the very first few samples to label, without knowing any label information at all. This prob-
lem is very challenging, as no label information can be utilized. This paper studies unsupervised pool-based AL for
linear regression problems. We propose a novel AL approach that considers simultaneously the informativeness, rep-
resentativeness, and diversity, three essential criteria in AL. Extensive experiments on 12 datasets from various ap-
plication domains, using three different linear regression models (ridge regression, LASSO (least absolute shrinkage
and selection operator), and linear support vector regression), demonstrated the effectiveness of our proposed ap-
proach.

Key words Active learning (AL), unsupervised learning, linear regression, support vector regression, least absolute
shrinkage and selection operator (LASSO), ridge regression
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iz, B, =M KRE THEER D55 H Vera am
Mittag (VAM) HJEEER FIE] 6~17 PR
bri B 7 A5 & (58 2 W) (International affect-
ive digitized sounds V2, TADS-2)% H #| %/ 110
ANVPAL . AT AR AR ST B AT I R
J& 180 K Y F vt it T i) A ) TR R R U
EOMANMEE QIR ER S, Bl A E .
FLKRE X3 /LB EC & FE N BT /7K /R I AR AR
SF) AT DATE R 48 B TR 1l s, H L3R4S Hh T 7= &
(FEZJE 180 KA =ihE), /b FHEERF 180 K.

FEAR 221X AL o] jL 37 s, an e s st i ok
FREFEAR AT bRyt 2 AR EEM. F31%5 2] (Act-
ive learning, AL)® 7] DU T gtk 28 1) @, erid it
D A MMEFE AR ST AR, AT IRTSPERRHL
B EINLES 7 I, b T B AR AR

FFh % 2] H T 2R A R [ U A L. A VR
Z M T4 2R AL J7EP AR E ) (R A4 55
1) AL F7iEART D20 G e = F %2 ST [A] S (Act-
ive learning for regression, ALR) J77%:A 2 T ek
FT M RN g, AHEEKZE#E, 4G E
—NARAREREARM, ALR 75 E R B — Lk A
HEATARE, AR — AN () 2 P [l A2 0.

A MR ZHFE TR ALR Jyiglme vs. 1020
HRZE R R B ) B g R, Rl RRE RS> &
AR IIFEAS, B SZAA6 B [ AR AL S8 )5 AR 4 A
R % 5 SR AR L 245 T Rk AT bk Sad 1w,
BATRKIAE 4 w7l o ch B 18 1 5840
WEMETIN ALR 5 (AN = iEge
@A), BIIEBR A AR BRSO, iE5sh

HARMYL, A SCH R LT f) i 45 8 K/
N HIARBRERE A A0 5 £ i 1% FE 40 46 1) M
ANREARBEAT BRVE, M A6 T AL (0 2 M ] VA AR 2
KHEM M REEH R E (B, BEM ALK,
ALR WIS B S9). A, FAERIEL
(REIPE] ith

BRI, A SRR T — AT E B -
RFEM-Z % (Informativeness-representative-
ness-diversity, IRD) ) ALR 7732, @it [F] i 5 1&
FBEE IR 3 A EEAREN: 5 Bk AR Z
FEPE, AN E 2 W 1 M DMYIIRFEA. 72 3 FiA
[ P 2 P [ A R A Sk | AN (] 182 T 45 ) 12
P EMcIe R, 5 3 FiC 4 i) ALR J7 540
EE, ASCIR Y IRD J7 VP 5610 M S FEAT] LA

1) 2 T — ML EB R ALR J5i%, F % FE
BRI M AFEA IS B AR 2B (X
B M <d+1, B d ZFredEsh). RIE W, Bl
THkH ALR BIfE BT D T 5 S, B
AT G ENERETE L Kk, AR
H R N T R AT R A B e e T
B ALR J5ik, BA BEEAEISOHME.

2) $2H T —FEARA ALR J5i%k, [FR % EAR
LRMRZRENE, 76 M > d+ 1 WHEFAING M —d -1
ANFEAR.

3) 1E 3 i DL £ 1 [ AR R A 12 AN B SEH
P RS, UEBA T Frde B 1 IRD 7
e RE.

ARSI R IR : 55 1 /A 2H 3 FBLE I
TMB ALR 7%, JRaH TENIRRE; 26 2 7
FEAANPA IR R IRD 83, 8 3 W0HE 12 4
Bymse ERSRIGEAT TR RS, B4
AL R,

1 DAMET LR ALR 54

Wul gt 7 RUR 3 AN EE T B ALR
TI RN A% R bR A X Ee bR et A TG
ALR )8

1) 5B, AT P AN e v (. B PR it
(YRR B L FOUI i) A A ) B R I B (Expec-
ted model change). IR Z4iHIHE (Expected er-
ror reduction) &K &

2) &M, W LLEE S H AR FEA AR BRI (Y
FEARBCEREE &, B H AR A A SR AR A
%, WAz H PR B R, AR Ja ik
FEAT A PO I REAS, B 20 A1 A 2 AL I REAS, WIS
1B PR B AL BlanfE R 1 b, TR EEA AN E
R M N g Ay oh SN A E L A S0 Y 2
CE Ik R bR A, IUAE 75 22 2S00 1 R R ik
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HEE 3 MR, IRER, WA “A” ik
T — MREAR IR A B B4, KA “A” 4bFr
AR, AR, MAEA “B7 i B HARFE A, R 7T
A2 B R A, I8 S e A g el VA AR A R
STAS G0 3R R e 128 HA PR AN R AR R

3) ZFEME. P FE A B AT B4 BUE BN N
Al A —AN DN RE e, UESE S — AR
R A R B 1 A 4 ORER A R A S A AE
3T, B AR 3 AT, NAZ M 3 A 4>
AN — A, IEFEART I Z R, A RN H H—
AB S g I

ZREMEARERMIE LT G — 2 MR, Brbl
AT P . — AN I TV R S B Ry ik
FEARIS, AR5 e BUAS [A] f v S 30 e vh 0 O RE AR
an NS RD J5 i

Rk, A4 3 FhAE TR O 2 T
PR B ALR J7i%, FEXTRE L b 3 b e Foadk
A, BRI N AN d gERPRIEREAR x, =
[Tn1,Tn2s s Tpall €ERPY S n=1,2--. N R,
FH P8 R M AN AT ARTE.
1.1 P-ALICE

Sugiyama 20 2 H T — M T2 AR ZE K AT
SV EE ) E SR I AR /N — 3 75 (Pool-based act-
ive learning using the importance-weighted least-
squares learning based on conditional expecta-
tion of the generalization error, P-ALICE), iX/&
— PGB ) ALR B0k, H T e B SRt M) a6
EFEA H A B AR AR M ANFEA K AE AL
H, TR A S PR A 2 T8) ) 1 A2 B (2
I3 MRS ) 2 B IR AS e A2 [ DA S R T DA e /)
e N AFEAR B35 77 1 R A THE.
w
U = 1 al T Rdxd 1
=5 ;wnwn € (1)
Hep, U~ e R U, U, 308 UHIE (i, 4)
NIEER. P-ALICE B %65 R T X ) RAF (i 22

A
d
W (@,) = (Z Ui}lfﬂnﬂn,j> (2)
ij=1
Hr, xe[0,1], MTRNARFEE N, WA H %
B M A AKAREREAR RS 0N 2,) BIELL. $4 A7
WREARRIR N (o) 10, A, £ N DFEA LR
D5 R UL R AT A

Q(\) = trace[ULM (LM (3)
L

\|

L= [ka)\(X)\)T]le/\W}\ ERdXM (4)
L

\

X* =[x, @3, @) € RVY (5)

W =diag {[b* (1), ) (®3),- - b (@q)] 7'} RN
(6)
SN J5, P-ALICE #f3€ \* = argminy Q(\), Bl ik
PAETRIE N MR B Bk BN N JRIE
FARL {a) WM B TRRVE. T RANERRN o) %
BE—AMUE b (2)7) , P-ALICE )5 & it 5455 —
ANIIAS 2R A [l U= A AR DI 7 )1 A5 A R R A
2 1B A HR A R
ZE LRI, X ALR 19 3 MFrifE, P-ALICE
REETEEM B HRMTHE), WA ERE
PEFNZ FE .

1.2 GSx

Yu SR T AT SRR AE (Greedy
sampling, GS) I ALR 5k, 1E45 € — MG AR bR
TEFEARBIE LT, GS A 77 ZEARATARZAE Sk v] LA
TR A AR FEA. (B2, GS HIth /b2 —
ANE KIARFREREA, SCHIFBRA R 1A
EHUEAT AR R, Wu E 3R T GSx i,
BEE 1 AREARTE E N RIEIL N AR EREA L
IFEA. B RS GSx HE#HT /48,

R — M, % GSx Bk 1 Rl My MEAS.
SFRIRM N — M MRIFEEREA {2, )0, 1, GSx
TN REART] My O FEAR R R, H
dpm =||Tn—Xw||, m=1,--- Moyn=My+1,--- ,(N

7
RIG, tHH o, B E1E My MERRIENER 4, ,
dn:mwilndnm, n=My+1,--- N (8)

FEFERAHK 4, IFEARREATINE. BRI,
BRI FE M A RIS M .

£k LRk, X ALR (9 3 MnitE, GSx X5 &
LR, BOA B AR B AAR .

1.3 RD

Wul # 7 — R TREARREYE (Represent-
ativeness) fIZ M (Diversity) 7572, f#8 RD.

RD FEE M AR — &0 £2YIiate ol
Bidi), 5 Esas R (B ). RD
(G B R T Je 0t N AN REREREA AT kmeans
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FEATEATARIE. FESCHR [15] H A Je Al i 772
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INGE
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1.4

F 1 ETRTTEER ALR J7iEH % ERFRTE
Table 1  Criteria considered in the three existing and
the proposed unsupervised pool-based ALR approaches

T3 15 R RENE EZia¢A
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AITT IRD v v v
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ARATR AR BT LSS ALR &
i——IRD #HAT N A, W4 8, IRD [ % e
BEARE M Z R

W M ONELERR IR AR, d NRHIE4ESL. B2
RS AR IRD BYALE 3 BB K (M =d 4+ 1,
M<d+1, AEM>d+1) RS,

21 BF1: M=d+1

XFF d JERFAEEE, EE R EEFEE D d 1
FEA SR M1 — AR RN f(2) = 2w + b, H
FaweRYUHEIHRE, b MIRE. % FkMNd=2

AR IRAE AR T UG, X IRD F 38 A S8 AR i R 15t BH
(K 2).

Y T,
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H' WAOEE &, B 3y, B4 SAFAESRER B
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TR H, WE 2 FR. WA MH 2
£ 1z FARKS. 1E Ty DRI &, 1675 T2y L
Tom, Koft @@, € H, WIE 2 Fiz.

Wa, AT PARAEERS, WIAE H AR
e B HY . BT KA AR TR SR CE A 2

W &z, Bt &, I EFAT Ty, R H A
T al,. o, Lz, Mz, 2 16 E 0 %
o H R H [0 PR R

M 2 R AT LR F):
|Zn — 20| _ |yn — ¥l
20—z, Sy, —yl)? + 2 — @
o, T E yn — ol | BT g, By, SXAE TN
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1 | &, — 2| T UAZE R W B 0 ALR P 545 5
K, Mzl BHEMRKy, Fibls, — 27 5y L%,
T @y — 0|, Bz, Bl zizs FIBER, W1 2 Fios.

DRI, 35 T DA 3 S T B 7 35 Tyt ) 1
ALR 4 FI (0BT 15 ., 7T LA M5 51

1

|z, — x|

i (10) WA H A H JA] fe B2 i S 1Mok,
EAEM z, BICHHEFA (TEX B2z, Mz, )
Z A RE . B 0 AN R e, — @, R HE
K, BIC (10) WARUE T B iE A 2 (8] (1) 2 FE 1. 2%
AR, A (10) EHEEE 3 MEARR RN HRE T

= BVERNZ R

{ES, I BAUE R (10) 1B RS 3 AMFEA
(RIHE  EOR IR 2 B R B 2y ad BT IREA, TRIR
HRREL NS A T R ERACERME, 7]
Pt &M x, BIN DNEEARFFIIE R, 454 350
(10) ", M IEFE A FE FIFE AR HEAT By

Lo IR H ORI H 2R BB, 4 @oa, L Zias i, 6
AR H R H WRICH, B & 3R & AT, WA H A
H 2RI ESAE, 0 2% HY A H AR B2 1 8 8 6, Bt
DU E R B R H 2 AR R, JA Ik 0, TIARR H
il H 2 IRV B SR R AT 5, 5 2 M S o A 2 53

2 AT T HA BRI 15 B REME 7, Bl o =
argming,, (& SN | |z — |22+ X @y — @, |, BIXFTIEET
INET SWE RN EL T LN TR X Ll A
(11) 2. Pk, BT S0 RO B v, TR M 2t (1) 1 ik
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(3 2 foi - ol
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x; = argmin
@, |z, — @y

(11)
2d>2 0, FB, ATLLH (d-1) 4EmIE C K

R s, FTA CHE M d MEA {2, )¢, #ALT
EANIE L. o, TR (11) 55N
1

1 N ) 2
(zvi_l'””i ~ @l )
dist(x,,, C)
Hrr, dist(zx,,, C) RARM x,, BRI C FIFEE.

NTAHE dist(x,, C) , BT ERE —ERH
T C A& w e R JIH 2

) = argmin (12)
Tn

T
373

A, .
dist(z,, C) = W (14)

RT3 (12) M7 AR EBAE ALR . £
T3 28100 AL Jridh, 47— S8 Tk il =
50 I FHREAS (BIEA e KA E PEUFEA)
BEATARE AT HREATS K (12) A 3 1M E
& DR

1) 3 (12) @ H T [0V i &, i H AT SOk
PR BRI 2 1 73 FEU T REA I IR AT X
Iy R R

2) X (12) e E R, B ZRER
A B AL JE T JC 75 R0 e . SR b a6
i) R ) VR A MY, BRI AR it — s
APRERIFEARYIGG 0 2888, T TH AT IEFEAS
By ST A FEES.

3) 3 (12) [R5 58 T A FEAS 115 B AN 2
FEVE, TR GE 7 R R 7R R %5 e 45 B

2.2 IR

FIRTTFARTERT d MEEARTE MIE LT, EE
5 (d+ 1) MNEEAR. 5 (d+ 1) MNEEA B AR RIS Bk
THT d MREA I BARE.

R, A/NAT3 H—Fhag B AR v, DLkAR
T E d + 1 FEAR: el GSx 8E RD 5k
e A d AMFEAS, FERE X (12) IEBEER (d + 1) M
AR JEREE d NFEA, AR (12) ik
FEAx (t=1,---,d+1). BEMITHE, HI%EF
(PIREAR IS S a3 ik B B R AR IR

EM=d+11EF, IRD BRI 2% 1
FIiR.

BE1. M =d+ 188 IRD E%

BN, N KRB, {2, )0, Hh z, € RIXL,
Comaxs TREEARUEL

M. {x M, M =d+ IR A L.

1: Fil GSx 5i# RD SEIRAAIHEI0 M AR

21 5 M AR Z SHRIERAERE P 0% 147

3: c=0;
4 : while ¢ < ¢pax do
5: oM ACEEAN{x M, HAREARH

{wn}fy:M—o—l;
6: for t=1,--- ,M do
7 iﬁ{mh"' s Lp—1, L1, " ,scM} RNITE
C ERyd A5
8: W (14) HEREAD o, FIREC WIEE
dist (z,,C), n=M+1,--- ,N;
9: M (12) HHETHY 27 T4 20
10 : end for
11: if 2400 M MFERI RSN P WAE—47
AH[F] then
12 Break;
13: else
14 : B8 M AFEARRGIRAERIFERE P W
17
15: end if
16 : c=c+1;

17 : end while.

23 BF2L M<d+1

T L EERZE M =d+1, RIFTEREAR%
ERIFE TRAEEON 1, 12— Fh AR5 R R 15 0L
SEbr b M ATRENT d+ 1, FERXFHELLT, 20 (12)
I d — 14ERUTE © ANREME— e, Itz AREE
Berhiat (12) 153

X T XFPE T, AR /N HE H — o B A B 7
B, XN AFEAR 2, HAT EBS T (Principal
component analysis, PCA), H#iEd M — 14 FE
By, AR E A x, B HAEM -1 A FERS
J7 s, WK (12) °f ARG «, bBiifT
.

£ M <d+ 11T, IRD B8 AR W5k 2
i

B2 M <d+ 1889 IRD Bk

BN N ARRREREA, {2, Kb @, € RIXL,
M, BEBOREARR (M < d+1); cmax, BATETEL

. {x 1L, BAERRE AL,
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1: X [xy, @, ,2n]T € RVXD 34T PCA AbFE;

2: ¥Rz, € R B M — 14 E
B4 77 1R R

3 FAEE 1 BE M AR,

24 13 M>d+1

ANTHEE M > d+ 1IN

o, S L VIR d + LANREAR, SRS 4k
SRR H AN M — d — 1 AMFEAS: f# ] k -means %
FKh=M-d—-1) EFIRMN —d - 1 MERFH
B M —d— 15, RGN R IR — A,
XELTF RD Ji%, AHARSCHE H—Fh ool 77 i A
e HIRE BRI BA RO RE AR, T2
R T IERIE BRI R M — d — 1A,

AN — M, BT d + 1 ANFEAS Bl
1HAE, BRI M —d— 2 MRERBE R E (51
W I AR O RIREAR), B NS (M-
d— 1) MEFIRFRE M ADFEAR. ST XA
B x,, B H 5 XA AR A 1S3 B 5 1)

BIHAE N HARKAE. 1 S NHE (M — d — 1) MEDPFE
ARHZR G M @, BT BLRR N
_ 5]
R(x,) = STz @i (15)

€S
Hrp, S| 2 S FIeERmA L
B @, BIM — 1A CIEFEA I /N A 9 3
ZRERE E, D

D(xz,) = tzl,rgig/[_l |, — o (16)
PR A AR 2 1
RD(x,) = R(x,) x D(xz,) (17)
HFEFEA
x,; = argmax RD(x,) (18)

Tn

KRB M AR WA {z 1M, , EE M
T2, B 2P T EE AR B0k 21 e Rk IR EL
EM>d+ 11T, IRD KIS a5 3
7.
A3, M >d+ 1K IRD BE%
BN N AREFEREA, {2}, Kb 2, € RIX,
M, BEEPEOREASRE (M > d+ 1); cmax, BREARUEL
. {x )M RRRE B AR
1: MRS 1 BOERTd 4+ 1 ANREAS, JRIEEATIE A
{wt}f;ﬁl;
2 fEHRPIN —d — 1R LT k -means T2,
Hp, k=M —d—1;
3: Witk m, At —d— 1) A R b 8

HIREAR, t=d+2,--- , M;
D ¥ M AFERR SR EIRRE P S 117,

:c=0;

for t=d+2,---,M do
¥ (18) TWHEM a2 A xy;

4

5

6 : while ¢ < ¢pax do
7

8

9 end for

10 : if T M ADFEARR R SRR PR —AT

#A1 then
11: Break;
12 else
13 : 2 H M AFEAR R SRR FERE P
I
14 : end if
15: c=c+1;

16 : end while.

3 SWHERSHH

N T E SR O I TR IS ALR 2
i IRD (7 2HE, 76 12 AN SURSER 3 Fh 2k e ]
UM L7 T 9000, A K 20 B AT 40 b o 16

3.1 HiE&E

AT T 12 Ak E A [F) 87 A0 1) 2040 4
AT 28, AT LN 2 s,

Horb 9 MR K B UCTHLES 5 S5 5 2
/MR HE CMU StatLib Datasets Archive!. 1X S84 4
TR HAR ) ALR sgg™s o7 sh g A k. Hodp A~
KR4 (autoMPG 1 CPS) [A] 0, & $ 7 AUk
A IHFAE, R E S H one-hot gmtd k47 AbEE, K
N BURRAE 2 4 o B 7 BURRAIE, FEAT ALRSELS.

ASCBAFE T — AN FF B B B 4R
VAM (Vera am Mittag) 45", XA 2
2 7Tz R e g R A 4T AP 947
KRG B A, MR- T 46 AN FRRERT,
HP g 9 N SRIE 5 DN RFSE RIRRE 6 1N 8E
ERIERN 26 A~ MFCC RHIE, X 3 ANERE (i
i B N R R ORI AR AR ) AT TN, AEAR SCSREG
K e R A D [ U i

TN, KA z-score X N )& —
AT FRUELL.

3.2 XEEEE
A IRD (cmax =5 ) SLAT 4 P VEEAT

*http://archive.ics.uci.edu/ml/index.php
*http://lib.stat.cmu.edu/datasets/
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Table 2 Summary of the 12 regression datasets
itk e FEAAEL UG R EAN B RURHE B I BYRFIEA 5 SRR IEA 2

Concrete-CS* UCI 103 7 7 0 7
Yacht® UcCI 308 6 6 0 6
autoMPG* UCI 392 7 6 1 9
NO2¢ StatLib 500 7 7 0 7
Housing® UcCI 506 13 13 0 13
CPS' StatLib 534 10 7 3 19
EE-Cooling® UCI 768 7 7 0 7
VAM-Arousal" ICME 947 46 46 0 46
Concrete' UCI 1030 8 8 0 8
Airfoil UCI 1503 5 5 0 5
Wine-Red* UcCI 1599 11 11 0 11
Wine-White' UCI 4898 11 11 0 11

* https://archive.ics.uci.edu/ml/datasets/Concrete+Slump+Test

" https://archive.ics.uci.edu/ml/datasets/Yacht+Hydrodynamics

¢ https://archive.ics.uci.edu/ml/datasets/auto+mpg

4 http://lib.stat.cmu.edu/datasets/

¢ https://archive.ics.uci.edu/ml/machine-learning-databases/housing/
"http://lib.stat.cmu.edu/datasets/CPS_85 Wages

b4

1) BEHLRAE (Random sampling, RS): FEALIE
M MEARBATIRVE.

2) P-ALICE: 75 1.1 i &N, 250
M {0, 0.1, 0.2, 0.3, 0.4, 0.41, 0.42, ---, 0.59, 0.6,
0.7,0.8,0.9, 1} FakBEHLER—.

3) GSx: fE5F 1.2 TTH & 4.

4) RD: 7255 1.3 W B &N 4.

3.3 IEMIERR

TR EE, B — IR E R IR R 50%
PIREARAE NFEA M, R 50% 1E MR LE, FFhE
ENTEAERPRERFEARM AP IESE M € 5, 15] MEAR
BEATARTE, SRJE @ SL A Bl AL. P SEie 34 &
5100 K.

FEMAEE B REAT T, 8 FH 3 7 iR 2 (Root
mean squared error, RMSE) FIAH5¢ %% (Correla-
tion coefficient, CC) EAMEREVFAN TR AR,

X TRERR TV, ISR 3 ANAS B B e 1t 1] ) 52 4

1) I&[FH (Ridge regression, RR), L2 1ENIL
BB =05 HTEBFENFEARERD, ACEH
LONIPRIN: HNEINEY it )

2) LASSO, L1 IEM{L B2 A =0.5.

3) LeMESZFEIIE AT (Support vector regres-

5 %M @ /N e (Ordinary least squares, OLS) FIVAHHET T 24K,
IRD fRIREUTG T B AER I, AH LR AR DI, OLS JEF A fa,
BETESEPR AR — A BRI R, A AT AR

¢ http://archive.ics.uci.edu/ml/datasets/energy—+efficiency

" https://dblp.uni-trier.de/db/conf/icmes/icme2008. html

" https://archive.ics.uci.edu/ml/datasets/Concrete+Compressive+
Strength

I https://archive.ics.uci.edu/ml/datasets/Airfoil+Self-Noise

¥ https://archive.ics.uci.edu/ml/datasets/ Wine+Quality

sion, SVR), €= 0.1 x std(y) (std(y) & M MEFEF
AESLFRZERIFRHEZ), box constraint C=1.
SVR & L2 IEMI, HAERNENR BN o, 5
RR A1 LASSO H ) /IMHETH].

EJE PN AR FRESH T RR B B4
B, FNER RMSE f1 CC stk LASSO Flgktt
SVR ¥ faE, JLHXTF RS HiEm . H2Z, e 3.5
THR, M H LASSO ikt SVR B, IRD #H %
FHABSF: (JEHSZE RS) BRI AT RE R K.

3.4 RR ERILER

Bl 3 R TAEH RR /ERENEAR, 75 12 4
R4 I 5 BioRAE VL1074 RMSE #il CC°.

W BEE M I3, 5 FORAE T E R RMSE
A CC b2 A3 E, A E 2 MIlZFEAR
IONENE NS, BT T B RE. (HA5R AT R
SAFAE— 3, SR RTERE AR BT,
DRI A M A bRy A A w15 81 1) 28 42 [ A A 7Y
AT REAFTEAR Z BB LM ANAN A 2 .

ERZHEREEMRKZH M BUE L, RS A
GSx A ¥ K RMSE FEE /N CC, RIEATTHIHE
REARN T 53 41 3 FhEEyREE 2. IRD 18 K2 Bl 4
AR Z 50 M BUE - #REUS T /M RMSE Al K
ff) CC, £ IRD &R M e I REA IR B 712,

ST IR A, AR T RR MITRANER, BV E@E R R ERE. I
AT [ AR b R 45 SRR,
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12 MR 4E E P RMSE Al CC (mRMSE Al mCC; EAEIEAT 100 %) (FIABAN RR (A = 0.5))
Mean of the RMSEs and the CCs on the 12 datasets, averaged over 100 runs (RR (A = 0.5)

was used as the regression model)

N AT AT LR, BATETHR T 100 K
FEHE S5 RMSE Al CC “FIIEM #ZE T (Area
under curve, AUC), 7 %ic 8 AUC-mRMSE #l
AUC-mCC, &R E 4(a) Fras. HTAREEHEE
| AUC FIRNERIR K, MEE—KE PR,
IEARHE RS M85 Rt AT T IH— (AL 3, 1 4(a)
RS 45 RG24 A 1. B 4(a) £W:

1) IRD 7£ 12 ML) 10 4> L3RG T
HB/NE) RMSE, 7EH R #is e Hli 4 28 2. °F
B &, IRD B8 T /M RMSE. ‘B1E 10 M
£ RS TR CC, A 2 MRS EHE
S5 2 MIZE 3. P E, IRD tHES T 5 K CC.

2) ‘P E, RD W1k RERS L T P-ALICE, W
HHMRT RS.

3) GSx 7E 7 MR 4E 1 RMSE R A& %,
TEF A 3 AN B BHEA BIECE = FIIm S,
GSx [ RMSE #%. B7E 6 MUEEF 1 CC
FERAK, B CC FEE AR,

AL, 5 FRELVE I MERE A HE4 2 IRD >RD >
P-ALICE >RS > GSx.

F3HIERT 3AEIAMEAL, 5 T B A
JIEAE 12 MRS FRF AUC 1B3L. 4 M %
/INEF, GSx FBLEEZE (1) JiR PR ] R 2 Ok PR AR AR
Z e BN, BB S AT SR T GSx 2
PERIET 200, IRD [R5 58 715 Bk AR PEF
LR, R R BT

B T HERRME, BEAR e AR E R SRR
i IR il = R RS S S DY S Y= e N = i
N, WE R ERRE ML, K 3 IR T84T 100
I AUC-mRMSE #1 AUC-mCC 7£ 12 M#i 4
LRI HEZ (Standard deviation, std) $&F45
B LLES], IRD fEFrdEZ _EAX T RS M4 TH
K, BlE R &R ER ALR ik

TR M, Bfl141+ T P-ALICE. GSx.
RD Al IRD Xf M) RMSE (CC) %} F RS itk
ROEF 100 RSEIRTE 12 MR FECEY), 4553
W 5 s, wl L, 2 M BN, TRD A% T HoAh
4 FhOTIERISRFHRR, N IRD [R5 58 715 B
REMEMZRENE. BEE M N, IRD BB
W B, AR A PR EREAR BRI 3E 0, ENFEAR
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Fig.4

(c) Zkt: SVR (C=1)
(c) Linear SVR (C'=1)

Normalized AUCs of the mean RMSEs and
the mean CCs on the 12 datasets

# 3 AUC-mRMSE/sRMSE 1 AUC-mCC/sCC ]
I E L
Table 3  Percentage improvements of the AUCs of
the mean/std RMSEs and the mean/std CCs

FAXST RS M-I E 2 E

EVEE il TERESR bR
P-ALICE GSx RD IRD
/ [ _9F B
RMSE Mean 2.58 2.57 4.15 8.63
std 2.75 3.98 36.60 34.84
RR
cc Mean 6.54 —3.43 10.39 18.70
std 12.74 29.47 35.03 42.97
RMSE Mean 4.22 0.84 7.58 10.81
std 6.77 0.85 43.45 39.84
LASSO
cc Mean  25.06 69.41 25.67 60.63
std 6.39 31.05 22.46 29.82
RMSE Mean 4.21 0.66 5.23 12.12
SVR std 6.62 -0.19 33.99 38.69
cC Mean 9.71 -1.65 12.46 28.99

std 11.10 25.78 34.97 43.25

& N e b A T R A
3.5 LASSO %4 SVR EHIZER

2ff ] LASSO FIZE 1 SVR 1 A 2k 4 [a] ) 45
R, AT ES 7 ks, 45 R A& 4(b) ME 4(c)
Fiz~. ATRATS 2R 4(a) BUGLE W, B0 IRD 46
LT B AEMSE % RE, 1 RD WAL T P-ALICE,
RS 1 GSx. b4k, ®AFE K, #HXTT RR, 4 ff ALR
Fk (R0 2 IRD) fEX AR EARXS T RS 1
PERETR T T N EH .

NTEAL 4 R ALR BEEMAT RS )
AR, BATHRIFE 7 H AUC-mRMSE Al AUC-m
CC HHTHE o0 b, W3 3 fras. Joie (il msAh 2k 44
6] A R B e FE bR, IRD P35 L I ERAL T HoAl
4 FhTE.

3.6  LritaH

T IRD 5 H Al 4 Fh STk 2 (6] M RE 2
S BA g E X, FATEH Dunn A58 %L
Fh ¥R AUC-mRMSE A1 AUC-mCC 7£ 12 M
Pt B EAT T AES 2 E IR, Al
iR KIMZ (False discovery rate) J7i% 34T p
RIE. &Rk 4 i, R EAERIFEXER
DURHAA R HY

SRR el A PERNEER, TRD
] RMSE fil CC #%fF RS. P-ALICE f1 GSx
RIHG A HA G55 30 M T RD, CC W7t
HAE G55 %M SVR i, RMSE 19427+
W EB G R L
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x4 FSHEZERBK pME (o = 0.05; R
p < Oé/2 ?Eg@H())

Table 4  p-values of non-parametric multiple
comparisons (« = 0.05; reject Hy if p < a/2)

B IRD versus
A HERRIRR
RS P-ALICE GSx RD
RR RMSE 0.0000 0.0003 0.0000 0.0284
CcC 0.0000 0.0000 0.0000  0.0005
RMSE 0.0000 0.0004 0.0000  0.0596
LASSO
CcC 0.0000 0.0000 0.0000  0.0000
SVR RMSE 0.0000 0.0000 0.0000 0.0018
CcC 0.0000 0.0000 0.0000  0.0000
3.7 EFEHARTIRL

N EEMM AR ALR SIEREREARZ
Al 22 5, JATE — D IR EE 4R (Housing) b f#
HI t-SNEP IS FEA LG 21 2 48310, K 6 e 1 3
ANAFE) M AEXS BRI 4 Al ALR SERIEFE FEA.

P-ALICE [FEARE A2 B R A ok,
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FERIREAAR G 7T RS & B 05, H T R A 1 43 A s
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Fig.6  t-SNE visualization of the selected samples

(asterisks) from different ALR approaches on
Housing dataset
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