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FORBAT S G A, N RAEAG B A SR I P45 R LN RIS 7 ST R BUR AR, LR —
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KIa) R 22 B3R vk AL 22 S (max-margin majority voting, fFRN M3V) B9 [jE Kk, R THT
B ST AR BURFIEE B 57 (learning-from-crowds-based ensemble feature selection algorithm, f&j#K
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TIAEAG— 28 Bl BT SE ) CBUE S ) PR R F 07 1 B RO A B IE e 4 e, — B LA
PR T B B P SRR A AR AR VA T R IR, A SCAESOA, BB, FERIAT 2003 HEHEE
G RALEE R G R K4y (NIPS) FRAEVEFE e D 45 4 SRR Sttt SO 4R BI0AIE V2 SE A XL
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ARG 22 FRFIEE £ VE VR o3 NS5 g e ) B R 7 2K, AANTR] A T I AN R AR A28 35 07 VR R AR 1%
e RAVRHELENLAR 5 ST 5 BT /E . Ak, FeatureExplorer iB#& 4 T — /N HIEA TR 5,
WL R HIEARAHEH Crowd-EFS 53 LA K% 0 0% ATk R AE .
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N BB FFAELE R A5 R, A0 IO RF IR R 45 R L UINZRIN 0 2R 3 10 32l TARRFAE” (ROC) i
LN AR (AUC) M an K. iz R AW R H 270 RA8 1) AUC BEA #TH NIk,

RS BAR— R LARTE T TR E A R, (B A B AN R IR BT iR VR RE R 22 57
P, AT T 2 (S AR 2 B8 3 R AR e 36 7 {208 6t AP RS AR, A SR A Crowd-EFS A AR B HE
0T JE 28 G B O 159 & e M e i <4 1 7 2 MR A AP [T E R e i R 2 N EESS
LR FE T35 IR, AT 328 R AR/ B80T B RO e 7 R 206 Y A RCRFALE, AE — e RS A R EILA &
AL 1235 SR T A AE 11 7).

2.2 RERFHEERFSHE

B ARHE G ) TAE AT LA AP RS s/ M TU AR T732: DA S B KAGAH DG 1 T7 0. AH DGt 48 1
SERHESAES HbR (Hen 7 AT 55 I 280R) Z M A DGR RE s TUR TR BB RHIE A B 1 AR ABL 4 36 ik
IT0A CHLan iy /MR 28 M AE OG0,

s/ MU TURME DT 3 B R R RHIE 2 AR BOR R, 3B & KA BRTUARFFAE. Rk 2 (8] AH H. G
AR X — R VLA A A OCIHEAE R AN TR H AR 1) 4B B Gud™ B PRI 2 ] (1)
FHEL O R FAAH DG PERE B R R, L H A G FH 26 A0 R i . MacEachren 55 A [Y2) [F]FE A FHAH G MR AE R
KR RFFE Z AN 2504, JRaIn T 8BS oS DI E SO BHRFE. Ingram 25 A 131 i FAH
AR B i 7~ RRAE 2 [B) AR ALLEE BA & Pearson AHCHE REL. 1M Yang %5 A M4 A HAR, thinZ
e (MDS) 5%, WRHER R 2 4V, FRE e~ i b 5 PR B R /INR IR AIE 2 18] B AH S K.
Lin %5\ 5] SRR BEREAE 4 V10 EoRAH BhARRAEIE 5, FH DUR I 58 125 (] Hh A7 7 1) 55 o 4540

B KAAH M T R I 2 AU R R FFIE S5 AT55 H bR CHLanii 70 845 55 TR B9 28A5 ) 2 B AH DGR
HER, N5 Bh & 2238 B b i 36 5 AT 55 A S O HFIE 42, Seo 25 A 1161 $EH Y rank-by-feature AE
SR PR R 3R IR OT Z AT HE Y, JRE IR SRS TR BRI 45 R, 7E rank-by-feature FIHESL
™, Piringer 25 A 7 39 ik PR A 4R 28 B AR FURFIEAE 5 20 B8 FIGPER . May S A 18 uir &
FHE L= M5, BARR > 2 A BE T4, EARPEEE T8 Lol TR ks, hes G
ANRHEIERE TR 45 R, Johansson 48 A WO 4 I 4 53 0% 8 BUME, FHRFAE BOAE SCE - SRR E AN S 28
PEREAT IIOBCF 25 I RN RHE AT HE T . Krause 28N RO N J@oR T RAMRIEAEA FIRHIEE R 777 A
[F) 28 S IR EAERA R B HE 7 45 5, I35 B & G4 18 BRI IR 3507 7.

bR 728 B AR R A1, A A 7 TARAS A nT AL AR 5l B A B BRI, AT 2 e LA 5
SIREA MRS (ELan sy 2888 IHERG ). Brooks %5 A 21 3@ Ik 73 B4t 43 828 1 ) B 8040 LA KK EEAS TR 1)
RRAIE SR 38 B BE X 23 AN R RN FE AR BIRFAE. Lin 258 A 221 383 % EEAS [RIRRAE 6 70 A7 SR B AR AL RRAE
HATE IR, LU A8 AR ALE.
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FS: feature selection | Visualization
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Figure 1 System overview: a feature selection model module and a visualization module
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YERT: PRBE AT T R AR E 4 A P R AE_ BRI 20 SR 8 1 70 81k e s AEA AT ALAL ] TR bR A
RS B BeAh, S8 BT AR SR A — NS EAE A W BRI & Z 0 O R L 1L 4
BoEEVERE T B 2 A 0 AR TR I ARS8 R AN 4 [ RS VE RE R B, MM PRIESE o7 24 AT T
WERAIE TSI X 7 28 (R2). R AT WAL & 2R R AIEAE A [RIRFEIE £ 0575 ERIPE 2« AE A RIS E LA
R34 UL SRR HEAS R 07 s HEFR 45 2R, 3 B & SKMANIRN A B 1 i B AN R A 6 05 15 1R RS Ak
MR SRARFAELE 73 AT 55 T RO ME D, R AE b al b2 Eak QL BERFAE (R3). FESRZAFL AT
MUACI, e 5230 W] R AR AS P AL B R AR SRR A A o (05 S, 3 BB AR AL A 70 2R84 55 T A
(R4). TR0 RAVEREANRFAE AR, L 50T AAZ B UM 3E X 73 A 5547 RURBTRFALE (R4).
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(RIbRVE I R 3R AT 22, e I A DU HE 2 1230 R VA RERE . PSR ) AR A IR RER EAT HR S
it X TARREMEREREAT 1 e ZIm, M3V BRSSPl v R R A = TR AR TP
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EIEFETT IR0 Y (B AE) BORPOZRHE 751 Y ORIGHRAE) AIMER. tanZe B 0.6 AR
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FOTEAK AT EEE A R P A AR LR FOIEVE R SR & R B, s A CR I Ry
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&ﬁ%%ﬁiﬁ ‘L'IZII, —ﬁfggiﬁgy% T f)@ﬁ%ﬁk%ﬁiﬁ%ﬁ& Figure 2 A confusion matrix that characterizes
%%Xﬁ?%&#%?ﬁiﬁ%%ﬁYiﬁﬁ%%E@ l"ﬂi@. the performance of a feature selection method.
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NIABRSERIR, ARS8 UL RS ARSI D A& n MEB (x1,v1), (X2,92), -+, (Xns Yn)
, AE m ANMEFIE f = (f1, for -, ). SRR VE—3E kA (B, Fo, .o Fr). BB 0 MEFIEIE S
JiiE Fi SRR A IEA s, o s € RY S @ MSIEEF AL B2 j NRHE
(VP A, 25 T8 BEBIRHEAN S 0/, 56 « MRS 77 Fo FFIEERR SR ¢, 5T s T4
B 0/ AL,

Crowd-EFS 5L NP, B e Hols 2 AMREE B iR M 45 A B 80E (Bl 64k, 28 )5
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H—0 B, ZAFHEE R T ERHEE R4S R H BN MOV BRI TR, I
BT ELNNRBEIE . T MFEERE T IERHEERR AR ¢, RPN — m 4ER
B o AT ANRE, R AR R ¢ b, W v T 1 B0 v ST o

B B A L= [, 7., 7], B Ly FORES 0 MFEERTIERT S § AR AR 4
BB MR TN A TN, HEP 45 BN T E I bRVE, B4 L AN A
o) B EE. SRR LN MBV B B ANRRAE A 2R RS y. MOV BRG] N T TE
B (margin) FIRES, F42E B o7 vE M B SR ik AL A 4 G k. — AMFREAS IR [ B Fia 1 A2 L 700
Hobn 5 HA T A bR e/ N ZERE. 12T E BT A FEAR IR, ARG E B8l LR, IE#hE
br oy, FTE T AR TSR & n AVBEHFE @ 15 0%

M
) <<1->+] . 1)
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inf L(q(R)) +2c - E

Ho ¢ R85 @ MREARIER. (2)4 = max(0,2). R Fon— R5 T BT &, G EFRHIR v,
T T AW Stk maE n FARIEHERE ®. g(R) RMEREH DN, L(g(R)) & T q(R) FHILE DI
W7 J5 B E 2273 A 2 18] ) Kullback-Leibler (KL) BXEE. By [S0, (¢), ] BAE o(R) FXTHIFERIIE. %
Ak v 8T A5 FH 35 A WRAE (Gibbs sampling) SRfE Bl A 5E w15 38 EFZAR y LLRBEANRFIER
FKhrSET 1 (AP ) MEEE. B SMREI et .

5 AL

BIR Crowd-EFS 5k — @A bk 1 28 Ul /b BURFAE 6 5% 07 VA0 tH A RURFIE B 200
W B SRR AL 108 36 7 V0 Y H) 1) AE, R A 2R — N RURF IR R AR (T R AR B 5 ke iy, IR 4 et
A Crowd-EFS SHIEGE . 5140, L X HE N EIETIL M FRE, W& FFTURRHE. £ 1K
PRSI, ASCETE T — AN RS (FeatureExplorer), BT KT PASE A H AR A B A £k
B Crowd-EFS 5%k  H)A RURFAE B & BT FORAAE, B 0% Crowd-EFS SIE HAFE L £ 45
R BRI FETTV L SRAE SR SR BRI 1 F 07 VA I R BE . PRAR BRI B £ 07 VA IR AE Ve FE 45
PASCRFAEAE 73 RAE 55 h TS AR F, A7 B T % SR IURFIE 106 4% 07 V5 FH 7 88 1 DA B PR AR AL N N ARFAE
T4 Ik FeatureBxplorer LURFAE ) Al MLEAR AN BT R E. BEAL, A 1 AL 5T AP Hb 508 T I RFAE,
FeatureExplorer T%Tﬁ?gﬁﬁééle%{tﬁ*ﬁ%ﬁ, T8 AT RAL SRR E S8 5 7 1 R R i 5 4
RANFFAEALE 73 AT S5 rh Bk A 5545 2., FFAE ARt 58 Bk AU BT R e HEAT 12 2L

5.1 4HERTLE
RRAEFE R 45 B T AL B 138 B AR IE R B0y 1k 16~200 ) B DLFS B & SRk 3 5 00 ZRAT 55 AH 55 1
FRIE. I 3T HEF 032 B AL IR B 7, 456 2 ML BT 1E 45 B 1 50k [19:200 f1 43 HR it
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ranking mode |sum of scores ~| filter mode |selected features  ~| max features to show [100]  OK (- - What 4 ... IRQs 8-15. (more)

0-VM 1-CS 2-FS 3-GI 51G 6-RF 7-LS co Cc1 c2 Cc3 C4 C5
Rank FeatureL . I I-
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Perry Egelmeers ... defect kbd-bios. Michael (more)
And again...... ... all. WHY? (more)

00000
pastor@vfl.paramax.com (Jon ... Husak (more)
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armenians |l & 1 | T e e DA

I recently ... to arthur@u.washingt, (more)

I'am ... appreciated (more)

DDDDD

Hello, I have ... appreciated. -Eric (more)
ooooo

Hello everyone, Could ... in advance. (more

israelis
- I've had ... works fine. (more

nnnnn
Hil | ... this subject. Regards Jimmy (more)
sssss

Eric, send ... I've reconsidered! (more

[ 3 FeatureExplorer: (a) MEERIHLIL; (b) $FERIRAL; (c) #HERTTMIL

Figure 3 FeatureExplorer: (a) performance visualization; (b) feature visualization; (c¢) instance visualization
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HMIEEAF ERBEAT o br. S — W HE R 7 AR R R R — T E B, T ARELEE KN A A E
FROE. i, RRAEPTRALER AL T 8 i 77 2, B3I Crowd-EFS B340 H 1RHE BAS L HE
P FURFIEAEAN R 26 b tH AR 23 A1 P05 1 1 DA S % R AE IR 8 07 VE VT 73 2 FIHE 7 55

MTcmbg. FRAERTALAL (B 3 (b)) MEAHMES AR (B 3B) BLAARE (Bl 3D) RFHEiZ i
ANRIHEFE 75 I HE P 45 5 A SRR AN R RHIE I 5807 1 BRIV S EEA SR BB 1) . K
HEBFIRE (Bl 3B) W EE—AME (bar) XN —ANRHIE. K I7KFAL BARER SR AEAE 24 AR5 77
X FWHT IS A (K] 3C) 2 AN B R FE T B S 1T i, MR TR BEARR LB DL
FLdh 50 B R R AR I B 7 VR R AR VR4 K/, HESATOIR I b 07 2 e 1) 7 B4 5 3R i € DA S D
FAVRFEE £ 7 VR Z AN R OC &R EE I (o - BEAE 57 0-VMY s B (M40 57 07 % SAFAE 1B 4% 7
% Variance Maximization (VM). {5 FIHEZ R B R FHAEE A [RIRFE S 32 077 BV, BERE TR
WRERVES), W] JE IR &N RFAE G 7120 S PP 70 B TTRR.

FERE (K 3D) HISRFE/RRHIEAEA RIS B H B 1) 23 A B MR IR S — N6 ELan & 3 (b)
B IA 6 MFIREL, 2055 R 2K iE @b ) 6 A2, B 3D XM 6 ANK, RIRFFIELESS 6
AN BRI 3 A . AE TR KA B RAT (BLAE HE B IR B A A ) ) B | —ANRRAE. (A 24
FER B R AEAEAN RIS B I A 1B L, WT DAV R 1 Ji BUAFALE AL AN [F) 28 b AR 73 A1 (AN )
SIVE. MBI 531, F PP — AMRRAIE X 3 A R R 70 /N B BARSE. Eotn— AN RFEAAE R — A
H I, AR R BEAR B 3 [X 233X AN 2R 5 HoAd 2K
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Would someone ... to "reserved" pins).

W Click W click

D4259 co B D626 o2

Would someone please email me the pinout for a
PS/2 6-pin mini DIN mouse port? I'm trying to make
an adapter for a serial mouse, and the dealer who
knows what adapter works with the mouse | bought
doesn't have it in stock. | have several different
adapters, but none of them make sense based on
what sketchy information | have about the port (they
have connections to "reserved" pins).

Bl 4 HATREEXAMEGEELNARRIALN: () XABES; (b) BGEES

Figure 4 Two different forms of instance visualization: (a) text; (b) image

ZHgt A mET E. i 3E Z7EE 6 MR ERHER IR S M E T . gt o E A E
Al LA BB FE B R SEA @ b (RVRRAE IR 3R 7 VA V2 B 2K B R (oAl DL
5 108 BT 75 L BRFAE. (AN FIRT T RRMEER 4.

HF AN, FHE TR At 2 AN S RHIE L AT 55 AH S HET J7

(1) %18 Crowd-EFS Sk FIRHE B S EHT. BT B ARHEERZTE Crowd-EFS Hik4,
RIELA BT, BT DU R B ST (M3 YV AR 14 B B FHRHEE LS. M3V B A
FEIEWENR v DURBAMRHERFRSE T 1 (RIE ) MEGE P FFHE fi LWRHE fo H7 5 4 HAX
M PKT P

(2) FBRRFELEAS R 28 B R BUACR o A U HE . i T — Do A st — NMREEEAN R
5 b IR AN 5], X AN [FISR I e 0 RnE. DR uth, KRR AE H2 RS M/ B HE 7 mT AT B
L RIEFRN 53 AT 556 BV RHIE.

(3) FEHERFIEE TR T IE VR AP . AR RFAE IR B 5 1 X R R P40 2 R0 2 i R e A 20 1
R bR, HEB AR R EDW D R VR4 2 i

AJY R (Scalability). HFHIEEEIE 2 0], FRAETTARAL 2 7= A vl R 1 ) . S % fif 1% in] jE, A
AT AR (fish-eye) AL 2 FhdE Tt RIS B 775, IR AR FEGN iR & KIBOGBRHMENE R,
TR R HARRAE (5 2 (B 3B). XFE A 15 AT R IR IE S = N AN B3 A . B e R &
R T] BN 4 I 2% A i a2 H R ARVARFAIE DU, REAE PR SR B ORI AT 8. b, K
A RLdE AR (B 3F) i FAR S AHT O BRI RHIE B 2 ARG B RHE, 0] DL e B R RHIE
MECH, L g R RE. BEAh, R T T &R R R AR BT VPR o A B R AR E 2R 15y
A B AL T FEAYE N ARFAE, & KA LA SR A B 7 I (B 3E) WP AR SR ik 2 AT X
INRE R

5.2 XEIARSITIHE

AN AR FeatureExplorer HIAE HIER BT IAES. A FEERE v AL  FEARTTRLAL . EATT
SREAE AT AL 2 18] B B S IE DA J, — 52 H T) Rg.
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5.2.1 EREAHLIL

TR T TR AE_ BN ZR 00 23 SR AR B P RE X R ARG FRAT 55 R B AR S 2 B LA )
FAEVEREIUAR bR HERR 2. SR, X2 70 K, HERA R EEHE M5 BAA TR 27, Sl b N2 5 H A 2R
EREBEIE . i, B2 I8 X 0 FaA 2R 5 HARSE B o) U Ay 2 A 00 R R, AR ARt b T A
RE (3 (a) B2 A0 KB IR (precision)s HFIE (recall) R 1EH] (false positive) F
BB (false negative). I 2 L& — 70 AR EREHIIRIR. Jo P& JRaR T HE  BEA I E R,
FESF FAT 5 (15 50T 0T LA B % 500 ROt g AT R e 43 2.

5.2.2 FEARAIML

T G T B AR EAE R A (1) B ARE DU LR 7 AT 55 R AR AT A B7) gt
AR 9 SCAHG S FARFAE, e B SORT DU A B L SR B AR BRI AR 2 R AE S TR A E AL B, X T
B law”, TR FELE G BN O ReAE R F RSO 1 Y IR AR R RO T i E
B NI, FEAS TG R R R IEAE R AR N 25 Hh R LRSS

TEME BB AT AR AR T A I B BB S A9 % LA T (bar) S5, FEAR TGS IR IZAE AT B AR AR
FERFE PTRAL P S MRS, FEAS PTG 2 AR B0 B i RF AR R AR . REASRTRAG AN 3 (c) P,
Hb Ao Hm %, SRR —MEAR. R0 (B 3G) BEZNEANg S . a3k
il RRAEIUE GE T o3 A0 18 10 LRI LEREAS A 25 oh (0 FAARTE S AR ARp U S vt 40 A U — 26 K
AT EFRIR. 4 bR BRI IZ A R IUE, PARTRARRARFIE . FPEAEREA
o EARAE R R BT S B 42 1S5 MI 5%, FeatureExplorer 32 HFHCH WL SCAS B DL BG $dis.
At 70 Fr)HHfs AT DA A AR ik N R 4.

XFTSCARHAE, FEA PTG 6 R R 408 SO, WEARAERHIE T A I B8 1 FEANRRAE, 4 & L
A (B 4A) SJRIRFFE (BAR]) FESCARH I AL B DL AT IS SC (A7) & AR, FEARALE 13
Ao S RN IR ] DL B BN IE A SCAR A7 B Y. S FEAS G T B B 58 3 3
A (K 4B).

X MG, A SO IR Z 2% (deep neural network, [&FK N DNN) $2EUIHRFHE [27]. H
T DNN FHIE O] R VEA T SCARRHAE, BRI AR AR m] A4 i 7 BRGNS T AN R o 52 X 88 (8] 4C) ok
R KRR RELE 0 AT 5 R AT FIPE . Wl 4C s, 2R GO FEASREAE 1 B [X 34 A
FEZERC X (5 5 v R DX I e %7 X33, 156 I R AR 3 A I 1 2 PR b R 424 an ) — 5k MR
TEAZRHIE ERTBUE R, A% A BN T 459528, AU Zhou 55 NEGEH i HITHE A
SO AREAIE PRI 7 DX 35 P 77 92 1280 S SRR A PR AGORT AR AT Py i 12 [X 35K,

5.2.3 XEH

AN AL KGR Crowd-EFS SFEREAT R AL « & K BATRAERE UL AEH] Fea-
tureExplorer & HIAAC A58 50 BT Rk (Y 34 4 52 HAXACIRURE.

BOREHH. LRI IR BRI R £ 5 B e IR RN, 2% S o E
B BRI FE TR, 120700 BRI VP 7 e SR N TR, 85 S5 id & LB IS AT 49 20T (ks
AEIEFEAE R, AR L 50 (BB JEARHIE, 82245 IEAE T R AR IE 307 2 LIRS B D xt
PRI IR P RE S Y B e 70 (BRI 70 ). U A SR B EEOR IS AT 50, T AR AE (Gibbs
sampling) FEHLIERCK, FAALIEFRES R IR AT REBOR, FECL IR B A EERIE A I OREF
FsE Ik, BOALE TR, s TR SEvEm & » AURIEHFE @ 18 M _E—Fe i g Rt vlintl, iIXFE
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Dataset [6Newsgroups - |Selected Feature Count [64  -| Load Update | Feature ideation

Tasw  Coem

Does anyone ... 1 tick? (more)

I started ... good potential. (more)

res ~| max features to show [100] OK What 4 ... IRQs 8-15. (more)

Would someone ... to "reserved” pins). (more)

I recently ... to arthur@u.washingt, (more)

I'am ... appreciated (more)
aaaaa

Hello, | have ... appreciated. -Eric (more)

77777

Hello everyone, Could ... in advance. (more)
DDDDD
I've had ... works fine. (more)

[ 5 FeatureExplorer BVELIEIZZ Bk D HTRIE

Figure 5 A typical interactive and iterative analysis workflow of FeatureExplorer

APAERHE R R A RUR DUl s 2) B —Re 4 R MM, 85l 2 BV LR R AR . TR TR
SRS, AT DA B e R AR AT MR F AR IR £ VA AL PR BE R B AR TS (bar), SR 5 £ 5 H )
SR AT IR PR UM BRI A

FFIEADIE. FeatureExplore SCRFIEIL G IF 2 AMRHIE K 76 BURFIERIE . 4 224 X0 73 S AE 25 16 F AR RA
[RFAE A N — AN TR IE AT DAY D B0 R 48 5 A3 v 20 25 ds P e 12U, Lbin 20NewsGroups®) %4
L )” armenians” A7 arab” ML, #5248 HP A4 b X P38 79 5 E K, A AT T T X 2 P AR 1 2R
ABIAE R ABAL, BT LRI PAAEAEAT TG 3 sl — N B B RFAE middle-east” . m i FR Gu 45 il 1 B 41 (1) feature
ideation” %4, —ANETHIE I3 H . 4 50T DAEZ & VBT RFAE I 44 0% DL HL i 48 R AIE.
HVRFAEAEAS [FAFAE e 3 7 V2 AR PR 2 B h B, AR R nT ARk R,

MBI EIANRIRIE. &R S HAE A Bt s U el s T R iE. 3078 i 52 Bk A
Wk 5 fros. BAGUREMERE AT AR, &R S WL RE AL B 21T 70 SRR 2K L s 1
FM ol R EENERERE R (8] 5 (a)), SE LA IR RIBEAR. BEJE M REA T BB P iR
FEARRFFILE ST A TEOL (B 5 (b)), ARREXEEHAR IR FFEAR LR . 2 )5 T XA A w] AR
WA BRI R T 0 45 R A S ARFIEAE 73 FAT 55 AT PR (B 5 (c)). BRRFLIEF I IARI4 R
A DA Bl SRR A& MARHE IR 37 iR TR . BB RFIEAE 20 AT 55 vh kR (K8 FH 7T LA B & R AR
FC 24 I T HERFAE I FRE AR R R 0 S AR SRR, AT R 5 b 3 BN BR S LR Al FESE R, B RIE T
B EREARTTIAL T MRFFIEAEREAS A 2 P LA SC (B 5 (). Bedh, MRIEFFIEAIE X, T AT AL
HAIEH RFIE. Crowd-EFS 5Lk LKy RAF S LRI RBOIFHATER (K 5 (e). HiHra
PRI R 45 AN 7 K88 7 RER 2 R B = AT A, & RS BB 45 R34 T T — SR AISAR.
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6 SKm5SaHh

AR SERAFE ARGy, 55— 2 BB SE a8, T ABEWIASCIR I Crowd-EFS HIAMIAT 2K
PE. 58 BB ANE S BRSBTS B A, T AR ST R [ FeatureExplorer B
£ Crowd-EFS SLES RIGIEA b, 2t — D5 m i Uk =,

6.1 HIESEE

ARICEI PN TT2 Crowd-EFS BEREATRE LG : FET- PR3 RS URFIEIE #5032 (baseline-1) A1
AN UFRFEE FET77% (baseline-2).  EHRIE TV 73 A0 A S RS AR B 5L et LE 75 2 1 JL PR 2 1%
JIEy H AT AR AR B R 2 — . A — SR SR R 1 B B e B 3 s AR BRURFAE i
B U RSCOERIERZEE DS Crowd-EFS HEHHATR L, R R ZFREEREZ KIS K
i, FEINHC, e DLE T SERR R

HIRESIWIRE. N 7 U] Crowd-EFS BIAMFE M, ASCEREL T 4 D AFEB IR T
AL B FEFIBLK 2003 FALME BACEL R STt R K2 (NIPS) FHEIE L3850 2. Hrh Rueters-
r0%0 B AL Reuterd® [{1—AT4E, ] TF-IDF fENHEHE, ©4F 11 2851, 1504 M
AN 2886 MRFAE. KB EREE COIL-20821 fff Fl ResNet-56 [114% = V¥t 4k 2 (1% Hh AR R REAE, £
5 20 DI, 1440 DFEAMN 1024 MRHIE. LUNG® R R H S, 645 5 201, 203 DA 3312
ANMRFE. Gisette J2& LGFEHARLE, GHE 2 NI, 7000 MEEAFD 5000 MEFAE. ASCIEEL 8 Fhi W1
FHIEIERE 77152 5ERRHIEIEFE: Variance Maximization (VM), Chi-square (CS), F-score (FS), Gini
Index (GI), Mutual Information Maximization (MI), Information Gain Maximization (IG), ReliefF (RF),
Laplacian Score (LS). HA 454 B FIRHEILFET77% (CSy FS. GI. MIL IG. RF) FIJG B ()RR
HERETTIE (VML LS). SEEH, AR BIERRFE AN SN 0.5% , 1% , 2% , 5% , 10% , 20% 34T 525

SIS H S SR AL (SVM)BS) AR 0 BB, FERFEIE FF 5 2 R A 5, SVM ZE I 25
£E (training set) FHEHTIIZE. SVM TEMNREE (testing set) 4 SR RAE NP RRIE IR 3 7 1545
EFIRHIR R, 9 TAT SO R, Jm SO iZaE i 2 i MOR BRI AR DA A B RIHERR 2 (B4 Crowd-
EFS SRR EAGHERZR). ESCi T, X T SORKHE SR, SVM A FH A VERZ R A 3 T oAb HE 4%,
SVM i HI s iz s 2. SVM RIS S04 — 0 1. w3 e 250 08 5 2 BB o R AR 1515

N1FE| Crowd-EFS 555 3 T-1F 7 A A SE ORI 5 5005 A v %, Bl i) 23 v 80% 52k
A1 20% WAL, J945 B BABAFRAEG T R IMER %, T 2 —NIRIELE (validation set) R BIPkt
AN SR B R E A B U7 . DRI EERE BRI 73 o 60% IZRER, 20% S g 20% MHASE. 7ESRIELE |
THERA R 5 et (1 — N RFHELE F 5 VR A O A B AP R e 3 7 v, I8 R R £ 5 A A Tl 4R 1
FRIAERA A D BN R B AR AR 56 7 V25 A I 6.

HERE5H. £ 4 MR L, Crowd-EFS SEM RE-FHUHERZIE T 008 1.77% , 0.63% ,
2.85% , 0.69%. X B BJHERGZGETHE B R AEA FIRFAE e B L) T HER 248 THRO-F91E. Bl 6 IR
T 4 ABIRAEA FREIL R LG T A seie gt 1. B a] BUE ) AR I Crowd-EFS 5%
FEPITA Bt 4k b ANRPRFE L B LU 5 D0 R #RAN 22 T2 T PR 70 MK SR URFIE R #5559 (baseline-1) DA
KA B PRFE L B T 15 (baseline-2). 7F LUNG ¥4 Lk B 1% WIHFIERS, Crowd-EFS HiEM
bU T2 T VP20 R0 R S BCRFAE e B S0V I HE I SR PR IR IR B 7.31% (] 6A). Crowd-EFS HEML T2

2) http://clopinet.com/isabelle/Projects/NIPS2003/
3) http://featureselection.asu.edu/datasets.php
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. Reuters-r0 : COIL-20

09 .
> e 2 0.
§ 08 T g
= 0.
807 — Crowd-EFS 8 — Crowd-EFS
< -----baseline-1 < o -----baseline-1

0.6 - - baseline-2 06 -~ baseline-2

0ss
05 I
0.5% 1% 2% 5% 10%  20% 0.5% 1% 2% 5% 10%  20%
Selected feature percent Selected feature percent
(a) (b)
| LUNG | Gisette

0.9 Gain=7.31% === " 0.9
> ’l//' >
§ s A § 0.8
] g
807 SR —Crowd-EFS 207 —Crowd-EFS
< S baseline-1 < e baseline-1

0.6 -+ - baseline-2 0.6 -~ baseline-2

05 05

0.5% 1% 2% 5% 10%  20% 05% 1% 2% 5% 10%  20%
Selected feature percent Selected feature percent

(© (d)

6 Crowd-EFS E %5 baseline-1baseline-2 7 4 MIEE FHSCIGER

Figure 6 Experiment results of Crowd-EF'S, baseline-1 and baseline-2 on 4 datasets.

TP R B SR e 33 55025 00 R PR L RE 6 Ay T AN )R A 1 3 07 12k RE YR PR AR B AT v FE 1 17
I AT FENE ) AN RV RF AL IR BT IR AT INALER . BEAb, £E 4 DN ERESE b, Rrfbie e LBl b i,
Crowd-EFS SR L T2 PP o0 M) S8 A I B Bk A HE B A 3 2 b IXRT BE A 1 TR FR N4
RO, M3V BRI NG 5D, S BUR AU AN RS AEE BT iV RERIAG TH AN S HER, AT (75

2D,
6.2 EfIHH

AT A T3 DA SCA R B R S BT =B 0. IAZE TR By A B,
EfeFaE5m. BRI, IR FERHE LSS, IH FeatureExplorer ¥
1t Crowd-EFS Bykgs R ik — D3 ez, 28 =R 01 0 i B, A FeatureExplorer A~
I RERE— B Fe mdERA 2, 1T ELREAEAUAE FH A ReAE I 0, vHEA 8l 18 FH BT Re I R A 2.

6.2.1 JTAKIE

WRB LR By SEESTETE R, 256070t vh Al I SRS /2 20NewsGroups-6. 13
PEEA T 20NewsGroups??! HEEH 6 NGB A, 6 ANUTEA A NN BB (pe.hardware)
s SERHEEF (mac.hardware) « #EEK (baseball) « UKERK (hockey) « 7R & @ (mideast) « BUIA &
1BE (politics.misc). AICKEIX 6 M5 LR C; (1=0, 1, =+, 5). ZEHE H I ZRE AN AR 1R/
Gy 4522 A1 1131, SEEe R A TF-IDF /E 23 L HRHIE. KRS0 12279, FeatureExplorer
WITEEEEILEFE 0.5% FHIERT Crowd-EFS HEMEE R, 18 A2 SR v LUK B, Crowd-EFS HiEH# I
G A A /D BURFAE e 38 7 V2328 HE R RUCRRAE e H o 4P 31, 7israelis” AXHRAFAEERE 7772 CS ik, HH
BRI RO, 593 FAT MG, A Crowd-EFS HLIEH o & A0 M4 R EEAE b7 2L
% (R1). EZPHERHE BRI SVM A HER Z 08 74.95%. 78 T30, R EA R,
THESSE =¥ Fre ik iR TS

BEREVER (R2, R4). LXK By HAEEMRATMAL, KIKEE (Co, C1, Ca, Cs, Cu)
FEW RN PR FZEA KR (ZEFAE 0.088 £ 0.170 2 [7), H BRSNS & T A B3R (K 3A). 4R1 C5

12



HERFE A5 R

0-VM 1-CS 2-FS 3-Gl 6-RF 7-LS Co

ranking mode | entropy +| filter mode [unselected features ~| max features to show 100| ok
I -L--j-l_-l L--_ll _I L I -._-
23 7
123 7
| | -
r [ |

I
B 7 AEFEATRKSD, X B B HFFS BT RETHE AT B HHE

Figure 7 The expert gets features needed through ranking and filtering functions in feature visualization

Rank Feature

oooooooo
oooooooo
nnnnnn

FIRS AR EUN T H I3, JE H & 2 R BOK (25N 0.387). 1IXRY] Cs MERIEGIfiZ, BIHABZE (C,,
Ch, Cy, Cs, Cy) IFEARE G SVM ARFN Cs. BR By B S5 SR AL SFEA T AL IR TR
(A

TR By midi Cs BRIEGIX BLHIHETE (bar) J&, FEATTHL R HXTRAOREA, RIBRAN Cs 1)
FEA (K 3 (). ATLVE R, $GRFI1N Cs BFEARRIRHMEE S T A 2 BIAAE AL K2 BORr i
BUEA Y 0. LK By BEAREARHIUL T R Cs BIFEAR (i tERERT AL Cs IAFK). K
Bl Cs FEARRIRFIEE ST A ST 2R A Cs BREBIAEF Pl L5 By FoRiXalefigE i Cs FBukpi
B2 I ELAR R A

HTRHE (R3). Nt — PRI Cs RIEBIEZ HRRE, TR By AR ET AL EE Crowd-
EFS SLEPTGHAHE. By @ RHEAEAN[F S B ISR 2040 (B 3D) BLAO R Se it o3 A BT
Kl (K 3E) SLZIKI, Crowd-EFS SLIEFTIRAFEE Cs FIFEAR EHIIIBRED. XS G5 AR
FHEREIEERGT (0 ERZ). HER LK PR SVM B R BONZNEAZ R EL, 355 W5 1 7 &
L NFYPE AR B B D 30 N AR AR, Py DASLAT 28 R AE () B ER IR A BRI Cs. Rk, &
K By PEEFE—LAE C5 FEATP I IUZRECK, IF HAE A EREA b ISR 5D O RFAE. Al 56
ﬁﬂﬂ%ﬁT&%E’]Lif@ﬁJﬁb, RHE T A B R 2 BT R B PR, SR )5 F2 BRAFAEAE AN A2

AT 3 A VR HEFE, I AU RHE AT AAG R Cs 0 N B33 901 L7 B A B R AL T RIEFRAE Cs
HZIKEPLH WA ECR RAAE. I A AE AT RAG TR N BB RS R B R A E (B 7). B X By
UKL T 7 homosexuals”, "homosexual”, “health”, ”gay”, "tax”, ”laws”, ”force”, ”federal” &% 8 ¥
fiE. Crowd-EFS 5552 1% [ B F 0N RAAERE FE 45 BT S8, 7T RRHEIE F45 R B, Cs BIRIEBIR
b 36 A, SVM HIHERIZE M 74.95% $2TH2 78.60%.

SHTERARHIEES T (R, R3). B By R FRAERHIE AT AL 7R 4 i1 ik £ RHE (K 3B).
RIHRFSERTRVRRIE T, K2 BURHER BT VA T3 B8R, JRTT ReliefF RPAEZEFETT VA HITE 2> BUIR.
EUINZFHE IR BT ER G RS Crowd-EFS BIAM &5 2 R BUR, PTG R ik A 2 5 A UK RHE.
K, LXK By e MRZR L7775, JREFT S8 Crowd-EFS 5ALL K SVM. BTG, #EH%R
M 78.60% $#R-TT A 79.00%.

FMIERHE (R4) . ERHMEATHALT, B By RIUIEESRAAEAEAS [ 28 F A2 1) 43 A 9 5 A1
fBl. Eban”armenians” Fl”arab” PIANRHE, A ILZE Cy (PR TES) (K] 3H) . Z5E AT
X (HGRAR P AR X IR T EE X)) |, BXK By RELEATE I A HTHIRHE” middle-east”. 28 1BA
M, £ 5KIE K I armenian”, "turkey”, "israels”, ”serdar” WA R X AT EE K, Wl &I
BRI middle-east” 1. $ZMRFEIREAI T, TR By MiE 7 HoAl 4 ASBURHE, #ERRZE M 79.00% 2715
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Dataset [cifar-10 - Selected Feature Count [128 - | [Load (Update |Feature ideation

oeze2e s C
- Precision co ci c2 c3 A c4 G5 A, O c7 c8 c9 Do .
aaaaaa
: Recal
o
: False Positive
or
FN: False Negative
ranking mode [sum of scores ~| filter mode [selected features ~| max features to show [100] OK ot
0-VM 1-CS 2-FS 3-Gl 51G 6-RF 7-Ls CO c1 c2,c3 c4 B. Ccs Ce C7 cs8 c9 o731
Rank Feature 41860
el il el sl -.J.d.-dl.JLJLJL.lIJ Lag Il and ...
s I = L]
surio
r ssssss
[ oszres
= = osiris
FEE s ! = e omm
E = - = B — BT = ‘‘‘‘‘‘
E- E . 2 F = — o
e et ™ EE
= r E —1 = =R o
- = ) . — I o475
Py 1)
= e B, P —
b =K -«
e o B
mEREEEEE—r -
= p—
e ! = : L: zzzzzz
|— F = [ p— - BERE 0
DDDDD
= = ! =
= = = ——i—i—N —
== E e
e BEEE s —_— . =" o

B 8 7 CIFARI10 ¥#E& L, Crowd-EFS EIAHILGR
Figure 8 Feature selection results of the Crowd-EFS algorithm on CIFAR10 dataset

7 80.19%.

I, R RIREE AL 64 A, MIEL Crowd-EFS 5L R AE 0B B4 Bk, FAE% B IR
T, AR HERR M ARAS B T AL 6 74.95% $2TH 2T 80.19%.

LK By fERHEERELLHIN 2% |, 10% , 20% B, 4375148 FH FeatureExplorer #1747, 4551 %
B, FEARIFIRFAEIE SR LE ] T, FeatureExplorer ¥ ELEANHE HIAFAE B IZ L K HERF 2 43 3 A\ 87.09%
. 91.34% , 92.48% A T 89.57%, 92.48%, 93.37%. iXtH] FeatureExplorer AEMEHS )L Fik#E
t Crowd-EFS HyEAR BRI H A BURFE, BAKAEIE HXF 73 A4 550 R BN R AE.

6.2.2 BUSHIE

KEBIFHHLR By SEFEMETR. TEMZEG] 08 o Bl i G EdE & CTFARL0%Y 1,
10 DA KM (airplane) « 7 (automobile), & (bird), J (cat), & (deer), H (dog), $E (frog),
5 (horse), fiif (ship), R4 (truck). iX 10 KEURZHICHN C;(i=0, 1, -, 9). ZEE K I ZREEATNHR
KN4 50000 A1 10000, SE6HE A ResNet-56 HEBUZER £ MRHE. F5FIERB0N 256, B
WTE B, A8 BT R e ik B I UHETR N 92.72%. FeatureExplorer #JUA%EE T 7ELEFE 50% 4L
i) Crowd-EFS FAMIEE R (R1) . EZPTERFHE EUIZRE) SVM KSR HER 0 92.48%.

AR (R2, R4) . TR B, HIREFEMERATIAL, KB 28Rk i 2280 4 ] 2 4011
(R E B R B AR A R =00, Hodh oy A Oy I BOE SR S 1 SR #R D, T O
A Cs HBIEGI R Bl A E AR R 2 (K 8A, FIFE 8A4y) . BR By RIEIIRTT Cs /MR Z 1
SRR, T2 miihi Cs RIEBI AT, FEARRTIAL R R 7R Cs IFEAR (B 8C) . XN )5
RIBRS N Cy FIREART, EZHRKE Cs BIFEA.

SIHTRHIE (R3) . EI&F] C5 (M) A1 C5 (M) AR EBAAEERZ UL, LK B 5HN
A RS RN A BT T R AEAE P AN 28 B IR A 20 A LU AR, 23 O BIREAR KBS 0N Cs. T
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(a) (b) (© (d)

9 C1 (RE) M Co (FF) WHARIHHE £-29 1 £169 WIERXIE: (a) C1 ((RZE) WIFEARITHHE £-29 MG
RX3E; (b) Co (FF) BIREARITHHE £-29 MIMARXIE; (c) C1 (R%F) BIREAIHHE 2169 BIMMNXE; (d) Oy
(FZE) BIHEARIFFHE £-169 AU X

Figure 9 Response areas of (a) Cy on £-29; (b) Cy on £-29; (c) C1 on £-169; (d) Cy on £-169;

B K By ERHMEF AL 3 R B4 HT Crowd-EFS BiEFTIRHE. £ X K, 78 Crowd-EFS
EFTIERHE S, AR ZRHELE A2 BB 1) A AR A, il 8B, FIE] 8By, NIX 43 HiA 2
MBI, XK By g —2UE O3 BHIVREK, WifE Cs b HIMERE /N PFFIE; 508 21
1E Cs FHBURECR, WTE Cs EHISRE/NFRHE. BFK By TERHE AT S R B a7k
WA PERIRAE, AR5 4 FRRFIEAE AN [F) 28 bt I8 o0 A0 (VR HE Y, HEAURIRAE Cs b H B K (1)
fE. L% By, fEFTEHEFSE Brh ikt 7 £11, £189 25 5 NME Cs EHBUER K, 78 ¢ B HIURZE N
WIREAE . &R FIFEMVETRIEH T £109, £252 %5 4 NME O FHIURK, Cy FHIUR /MRS
fEo X——JLkBEH T 9 MFIE, HEWIZRIN 92.48% R_FFE T 92.71%.

FIERHE (R4) . TR By FIRERIL, A URELE UG b N X IR AR AL Qi 9 B, 4F
fIE £-29 A1 £169 #RRMIR R ERFT. ST IATE KU, X9 #E 1 ZRUT, Fkar by
B I AF IR fo 17, FRIXA T, B R By MM T 4 SHIRHIE, #ERGE M 92.71% 27+
2T 92.76%.

ZI, FRBIRE S Ly 128 A, HHEL Crowd-EFS S0 F G 1645 5ok 36, FHAE %0 H I A1
I, BRI R 92.48% -T2 T 92.76%. H HAZRFEEFELE BAE A T 50% (128) IIAFAE, TS
e (92.76%) D&l TEAFTE 256 NMRHIER FHERIZR (92.72%) .

7T i

ASCHEH —MA] LA RS & 2 FREE #7545 R, IR & SRS A8 08 BT I Rk 28 B3
FREEFE T, ZITAAFE— T A 5 I AR R IE e 2 500 (Crowd-EFS &%) LA — T
ST RS (FeatureExplorer) .

N T B RIGE A 2 R IE R TS R, Crowd-EFS Sy AS RRHE LB 7 L M gE FTRVE
R AR ] A ) 0, I MY RBERUSVRVEFE R, TSR n) S A AR R R S AT B S AT
EZIS R, Crowd-EFS BIEMRYE T 58 M [m) & 8 &M AR 3R 7 VA IRUE, AT 45 — 28 R gk /4
A]HE FIRFIE S B 7 VR A RURFIE e &k . NS & B K ARIZE 3 E Crowd-EFS H ik {4
FRIE 345 (1 Rk, FeatureExplorer #2417 2 FRFAEHR T 77 20, AR 1 FE e I AN R AR IR 207
ERFEESRES A, DL — N3 FAE AR S M 858 oK 35 B L 58 58 AR 2ty B 5002 DA S8 A0 D5 Pl e
FHIE. B, R SCER 4L b, A SOl — AN B0 5258 DL AN 2490 0 AT B8 UE T BT H 1 28 B S URFAIE
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WP TR I AR

AR A B AT 1% H AT RSO A S B EI0AE TR AT AN Rk, AR T2 — 2K A
SCRITVE R FE R AR SRR O Bicdle, e aniE S 8. H AT AR e B P ) B IR R Y, (ELAE SE B B
th, BB BRI IR AUE 2. I, ARSI P AR R S R SRR S S — 2] — AT
M HTHESET | A ROt % SR b AT RE HH B AR R R DR A B SRS ABEMTASE AR 73 B 45 SR 2 8] fR R
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Abstract Ensemble feature selection algorithms aggregate the results of multiple feature selection methods
for more effectively selecting a subset of features. However, these ensemble algorithms usually treat each feature
selection method equally, without considering their performance differences, which may fail to include the features
selected by a relatively smaller number of methods. To tackle this problem, we propose an interactive feature
selection method, which can more effectively aggregate the results of multiple feature selection methods and
iteratively improve the selected features by integrating expert knowledge. The proposed method includes a
learning-from-crowds-based ensemble feature selection algorithm and a visual analysis system. The algorithm
models the performance of multiple feature selection methods, calculates their reliabilities, and aggregates their
results. To integrate expert knowledge, the visual analysis system provides a set of ranking schemes to assist
experts in understanding the result of an individual feature selection method and the roles played by the features
in classification tasks. A numerical experiment conducted on four real-world datasets shows that the proposed
algorithm can improve the classification accuracy by 0.63-2.85% compared with the state-of-the-art ensemble
feature selection algorithms. We also conducted two case studies on text and image data to demonstrate that the
proposed visual analysis system can further improve the classification accuracy by 0.28-5.24%.

Keywords Ensemble feature selection, learning-from-crowds, visual analysis, interactive visualization, ranking

visualization
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