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The ML-KNN method based on attribute weighting

WEN Xin', LI Deyu"*"
(1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, Shanxi, China; 2. Key Laboratory of
Computational Intelligence and Chinese Information Processing of Ministry of Education, Shanxi University, Taiyuan 030006,

Shanxi, China)

Abstract: A ML-KNN method based on attribute weighting has been proposed. To be specific, we first identify samples from the
non-positive regions of decision classes by means of the variable precision neighborhood rough set model with respect to each label
and construct the heterogeneous sample pairs. Then, the significance of different attributes for classification is evaluated based on
their discernibility for the heterogeneous sample pairs. Finally, the weighted distances between samples are calculated in order to ob-
tain the nearest neighbor distributions of samples. At the same time, based on the principle of maximizing the posterior probability,
the multi-label classification is implemented. Further, the experimental results on ten public multi-label data sets verify the effective-
ness of the proposed method.

Key words: multi-label classification; attribute significance; neighborhood rough set; uncertainty of classification; heterogeneous

sample pair
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WEEZFINEET . ZhRICF T W B RS IE T Z AR I ZRREAS b 3 — > BE 0% vHE A T30 R HUREAS (59 AH S 0
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H AT, EAFTE R ZARI0 2 2 ik R4 2 28 ARG e Jr T A el g k™) L Im) UG 46 vk
AR 75 88 W H 5 T B, R 25 10 27 2 [n) UG 36 — A 508 2 A% 58 1Y SR bR it 2% ) T @, 4n .
BR( binary relevance) 77 %) LP(label powerset) J5 %' Fl CC( classifier chain) J7 ", BR J7 et 37 Hb
ARG —ANFRi, X HIE SO N Y SR E A 2 (Rl SR Ik A 1) e R O R 2 TR AR L M A DG LP O
Do bR 2 (8] A — MR 0 4 B AE BLbR e 5 > [a) @ i —Fh 2 1], DLCAE 27 > 1 B8 o A bR g AH G
HE . CC kny A BMUR AL ZhRic 2% > a8 R — 7 28 [n) Rk | HL3E T8 28 M4 10 7 91 3R Bl 22 )11 25
ZA AR IL s, HO N B P AR T A 43 2 A 0 R R S B0 A A — R4y SRR el T Tk
D 2 308 5 2 BT A BRI E 2 ) B R SE B Z ARIC /28, ML-KNN'' & —Fif i R0 (0 50 a0 ke o 32, 2
W RSN K B BRI 2 bR R H O i i A . SR 1T, ML-KNN 7£ 4328 19 2o 72 9
A JEARC A A DG BT, SCRR [ 13 142t T —Fh 2 JZ2HE& ML-KNN J7 % ( Stacked_KNN) , H A7
T 2 ) ML-KNN 7326, H% —)Z 1 ML-KNN 894R 10 T 45 R g /F O 58 —J= o ML-KNN 7328 ) iy ARy
1, L AE 2 B Al A AR iC AR SCME . 7 ML-KNN H 17 35 A1 [5] 35 4B 0 A A A S I5E F e — A i (A 4R
FOEAAF Y, X B 208 TAEA Z ] i 22 5, S F ik, SCik [ 14 142108 T —Fh s &6 A 38 N 24810 K 4807
:(LAMLKNN) , &b, SCHR[ 15 ] QU TREASIE QB340 22 5, B Tadfi n] KOG B4 11 —Fp 4B 3 A 38 1 2 45
it KA s, WA AE , FoAT 2 27 ML-KNN 8943 250 B2 ) M AR A U B, BN R M
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FHRE 48 BRSO F 5 0t B 0 A0 AN 58 & 1, FEDRS B 10 0 T L 220 T 5040 v A AR 1A
P T SEAE R B Y is FHE ZhRic > T, Yu SN T — Bl 3k T AR SRR 48 M0 2 hRiE 2 ik
(MLRS) , H [ B 2% 58 T bR 18] (A0 56 P DL SRR AIE 25 [a] bR ic 25 (0] 22 fa) i 5 i AN aff e v, BT 2O 0t
ZhRiC AR 2 I, B e ST ARSERRE A TS B b R AL, B T — R 3 T A0 UK £ 14 22 AR T R AIE
Bk, KRR LT ROMPHUREAE 20 A9 AT 014345 20 DR AR X e 2R A S i R, T S S
B 1) LR SE L2 hRiC 402, Qian %54 Z AR 10 KU P A9 18 AR ICAE S5 Ak I bRiCor A, 3R 1 T —Fp 3
THURE AR DR 10 o0 A RRAE e 15 7 1 o AR T S A, DR 3R 28 A AR TE Sl b (R R AR EL A 40 IS AR T AT e A

S AVERER L, BT I, A SCE A8 PEXT Tk B AR IC SR S AR TE Bl S R AR X A X 53 RE D A

i MR T 2R R R IR — R R TR MM ALY ML-KNN J5 & (NRS_MLKNN) , i —20  FAi]
Fb# 7 NRS_MLKNN 52241 6 f ZAR10 5 2K 07E7E 10 DA 2R 8 5 E i SE i 45 51 ) I 5k
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1 & HiR

1.1 4PiEifasts

B —NREE(U,A,D) P U= {x,,x,, x| WIESABRBFEARLE  WFR g, b A={a,,4a,,
eya, b AR A BRI E LR, D PR E

BN 1102 AR FR(U,A,D) ,x€ U,6=0,F 8(x)= {yIA(x,y) <8,ye Ul K x [ 8 4Bk, H
A(x,y) Fm x .y BRI ES

EX 2 BEREER(U,A,D) VY x,y€ U, FRHEOM(x,y)= |, w, X d. (x,y) 4 x.y i Heteroge-
i=l
neous Euclidean-Overlap Metric PR%L, Hot . w, FRI@tE a, BFIALE ,d, (x,y) F x Fly fEBIE o, DHIBEES,

. overlap, (x,y)
Bk, d, (x,y) = ' Hovp; overlap, (x,y) i& H T #F 5 8 Jg £ H overlap, (x,y) =

m_diff, (x,y)
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0, if x=y [x—vyI

M0 rn_diff, (x,y) &M T AR YL H. m_diff, (x,y)=

1, otherwise

EN 3 S EA R R NDT=(U,CUD,R) X, X, -, Xy TR BRI 0 N D0k,

8,(x,) FnHEBMETHE BC C M x, MR (E Bk, B3k D X FIEPET48 B ARET | Ll nl 4%
XA

. o
max, —min,,

BD= URX, M
RT,D=QEX,, (2)
Horr
R, X;={x,€Ul8,(x,) CX,|, (3)
R,X,={x, € UIs,(x,) NX,#D} . (4)

IR D RTIEMET4E B W T LB g FRED R 1B, i0 4 POS (D) = R,D, R D T RMET4 B il A

##%ic K BN,(D)=R,D-R,D,
Card(ANB)

Ho,
Card(4) Hr. A= H Card(A)

EX A B ABCU,EXAYEB PFIEEENI(A,B)=

FRESR A AL,

Shy3E AN B O e PR ] s e 7 AR P 5 ), G AR SRR B2 0 LI

BN 5 A EAEIE RG NDT=(U,CUD,R) X, ,X,, -, X, S5 TSR BIERI 300 N DSk
8,(x,) Frn R IE T4 BCC A x, MIARIRAE BORL, o MAEESHL, U D TR ME T4 B (ARS8 5K
T R g SR

igD:igigXi, (5)
R;D=UR;X,, (6)
i,
RiX.=1{x, € UlI(8,(x,),X,)=al, (7)
RX,=x, € UII(8,(x,) X)) =1-al , (8)

TR 0.5<a<l1,
1.2 ML-KNN
TEZFR L /2 p X F— IR AR AR x, ML-KNN B 563 i 1F 50 BR PG BE 25 3R 153 L K348, 1 R AE
N(x) % B, FmmEA x BT j M Rid, Hy RaEAR x TR TN j /l\ﬁiE,E’,',;i'%ﬁﬁf‘?ﬂ'Jiﬁﬁzl—‘ x K
LB ] AT AR T4 j DRIC . ARGE B R A5 S A i S50 ARE A bR ic B vl th =X (9) 3845,
yjzazggnla}xP(H’l;lE{l;), j=1,2,-,q, (9)
HUA DS R 2C(9) T AR S iin F B
P(H))PEL 1H))
y; =arg max .
T eelo P(E:)
=arg maxP(H}) P(E:: 1H}) o (10)

2 HTEM A ML-KNN 7 %

ML-KNN J&—Bh )" 32 i I ZARiC 0207k, FAE T RR TR B AR A 9 K 3 SR I, JC 22 1) ot
TR B R E (R4S JE X T R 2R n] e ARG, 2 TSR BUHIAS SR AT, AT TR Tk o0 B PR3 IE
RO REAS B S0 2 BRAR P T, AR B R A R M RE R B, PRIk, F AT 25 iR mT B b e R Aok AN TR] ke
PRI IS b 5 BB AR Z 8] 1 25 53 0 T 26T 5 AT RE R AT fi 1 o E—20 R BB PPAl 1 AN [ M %) 128
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BE—NEZPRCRE R MDS=(U,A,L) , Hh U= {x,,x,, x| WEEAES A={a,,a,, - a,} N5
PEBRHESEA L= 11,1, 1 VAIRRIESER . B x, =[x, ,x,, x| FOREE | AREAR I m A AEE Y, Y, =
[vr Ve, ey T FORES i AMREAR Y g AMPRTHE . 45 x, SRICTE j AMmic, W y)= 1,80 y/=0,

XFFH AR, FATE SCE M IERFEARGENT

Pi={x,eUlyl=1}, (11)
FREHE , B 0 S KA AR i L
N,=|x,€Ulyl=0}, (12)
LTSN B AR RS R T LA M PRIC B S IE 2RI G TR M4 A TR, 1D
POS,(P))={x, € UII(8(x,),P,) =al, (13)
POS,(N,)= {x, € UII(8(x,) ,N,) =al, (14)
LR H, B
PB,=P,-POS,(P,), (15)
NB,=N,-POS,(N,) . (16)

PB, fl NB, HEIREALE T4 j AMRC B R IE M TR AR IR0 b BN TR S B 00, S TR ] M
KA LEREAR Z A 22 57 BATESL T g DARICHI ST BREAXT XA T= {1/} o XT3 j A FRid i 5
A XM AE R 17 A TT R W] AR

I} =arg max|x,—x,|, (17)

i=1,2,.m

H:1<k<IPB;| H 1<s<INB,;|, B, EALE TIAX x, 7 x, AKX NIEENRD],
BT g DRI X AR, X T2 b A @, BT AT XA FRic T .
rel_label, = {[, € LI 31, , he | |, (18)
ZhMCEHE AR IC A — R E R, I, 3 TFAEE— i 5, IERFEARI L | I A FRiC (5 Bk
TR BB W, =[w, ,w,,w, | IBRICE B A X T ARid, Fe T CHARC B 2 A M (19)
Fis .

W;,Fi vi, 1sjsq. (19)
B W, =(w, ,w, - w, ) HEERE & LR o, WA BITR N
> 2 Xllhern]]
Wah: ]:ql k=1 s=1
2 (IPB,1 xINB, 1)
2 W tel_label,,( num)
+ num =1 - 3 (20)
Z Wy,
> Y Y [lher]]
1E2(20) g5 A2 HET B a, T E ¢ DHRICHIPRREIEZ 72

i(IPBJ.IxINBjI)
AR IE 38 Fh 9 53 J5 R AR X 19 Ll B, FG A B R, 5 T A X S TR A X A X0 i g S I
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HERE, BMATE ,w, BEBRERETE o, £ KHBE 2,

ap

3 HFxikit

B 1 BTREMMAUY ML-KNN J5 1 (NRS_MLKNN)

A ZARCSREIRSE D=1 (x,, V) 11<i<t] BB HS MESEL o, MIAREA x,
. x BOTRINARICEE v,
1. i/ max-min 9— bR AEA B MEMESI[0,1];
2. foreach [ €L, ISsj<gq;
3.0 A1) TR w, ;

ST (1) I(12) FEHHE | R ERRGREASE P, RIN,;

R (15) F(16) K 1, HIPeHEESA A A ESAPEASE PB, I NB;
foreach [, €L, 1sj<gq;

for k=1 to IPB;! do;

for s=1 to INB;! do;
A (17) W5 L

10. foreacha,€A, 1<h<sm;
11. HFK(18) R a, MAHIK AT XSIFRIC rel_label, ;
12, H#EA(20) g, WEE w, ;
13. it HEOM pRECT I ZREEAS 22 18] B9 AU S, PRI R AR f9 3 40 20 A 5
14. i HEOM pRECHH SR A x SN ZRAEAS Z [l A s, SO I iR AR B S 408 0 A 5
15 FIHIEC(9) B x HOFRICAE y;
16. &y,

BN PEA T AR m MRIERL I g AMBRIT, U HFFRRIC T RS R R e KA
FIPEASERT IR ZSEE R O(g) s X FAERE—AMFRIC 1, S22 PB, A NB, I, 75 955 Bk FG B 5 e 3 12
YR B SRR, JO I 420 O(2) B g<r, I b ic BOAR AU 2 B RO T AL 42 O () % F

BRI 5P IR AT SR T, 4 1B 5 4 BEROR AT, B 65— e, 1 0K

R S R

I3 B S AR AR ( E%*ﬂﬁl%’éﬂ@ﬁﬂ-‘%é) TR BRI RIS 2B O (gr) 5 BN AR AR L4 (5 i)

3 [=A
IR R O(F2) o 25 BRIt A S 2 B8l 0 (q*) .
4 LI LR

41 KWigE

A SCAH 10 2R ic 8RS T T S50, ik SE R AR 9 LRSS a3k 1 B R, P, Sample FRRMEA
R, Attribute 673 & PE AR | Label /- bRiC (9%, Domain U 22 7R K 5 7 J 1 B,

A SO Y 77 % NRS_MLKNN 5 TABBUHLRE 5 19 2R 10 5025 578 MLRS BT Rl bmic AH OGP 1Y
ZhRric /275 ¥ LPLC™ il ML-KNN, DL & 3 Ff kit i) ML-KNN J7 % Stacked_ KNN, LAMLKNN ML _
RKNN, 7£ HammingLoss . RankingLoss . OneError , Coverage Fll AveragePrecision iX 5 /> Z fric PEAL 48 5 L 1)
GERIEAT T AL, TRV, & T AR 8 B 4 b SEIG 25 R L T A S8 U UE AR A X T Yelp
Mediamill 454 , FATR LA TF B9 YN ZRAn A 5 s 5
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Table 1 Description of datasets
Number Data set Sample Attribute Label Domain
1 GpositivePseAAC 519 440 4 biology
2 Emotions 593 72 6 music
3 Medical 978 1 449 45 text
4 Water-quality 1 060 16 14 chemistry
5 Image 2 000 294 5 image
6 Scene 2 407 294 image
7 Yeast 2417 103 14 biology
8 Business 5 000 438 30 text
9 Yelp 10 810 671 5 text
10 Mediamill 43 907 120 101 video
42 SHRERSH
AP B 2 ANBHLED S F o, 8 T FHHIREA 22 WEBHS AL
(AR IR~ . VE Sk RS BE 5 80 H T M R AR Table 2 The variation range of the neighborhood parameter &
RS AMBL, 5 IEFVHCRAR 0 BUBEI B 145 14 . d
(OB L, T T4 T B S T A GpomnenenAe M
o ’ Emotions 1.30~1.55
iV Medical 2.80~3.05
XFF GpositivePseAAC , Emotions , Medical #lI Water-quality 1.50~1.75
Water-quality , 5§ E S50 o I 0.05 7£0.7 3] 1 1) Image 4.30~4.60
JL I N ZZ 4k ; Image | Scene | Yeast F1 Business ', Scene 2.75~3.00
DA 0.05 16 0.8 £ 1 AYEE M 224K ; Yelp Al Me- Yeast 1.25~1.50
diamill #1, o W LA K: 0.05 £ 0.9 F 1 A7 FE P 7% Business 1.70~1.95
flo, X TABBBAL 6, 4 SR 1 B H0% B W 2 velp 6.00~6.25
Mediamill 2.00~2.35

R, AR KR 0.05,

L) GpositivePse AAC FHEEE R B, AT T A S H0 B X RIEERR A, B 1 BoR T &34l
FebRMEREBES By e ka s  E] OIS S]  2Y (8, o) B E K (4.1,0.95) B, KR Z 504448 bR ( Ranking-
Loss Coverage Fll AveragePrecision) 3875 T f & Y PERER BL, L, X T GpositivePseAAC, FATTIE#E (4.1,
0.95) VE R HLSHEE . B 1 TRl 2 & PERE e N 4.1, o BUR/NASAE (10 0.7.,0.75 ) B3R AR (4N
1) B, RZEIPAL TR R A PE RE R B FL A 2210, 13X ] LAREHRAR N . 24 o FO(E /NI, FIBTREAS 2 75 8 T e ok

TR A R Y, AT AT fiE

o1 S R AS R A O TE SRR AS | a5 R A B R RE AL PR SE

452 o BMEABORI, FIWTRE AR A8 T DR SR IE S8 0 A5 12 S0 T 1) 3 [ 2 (- R SR T Sl 0 5 Bl )
R AR, NI AL ERE R B 2E . 24 o OB SE D 0.95,8 HUNTEOR T 4.1 BRI, RZHOFA

EAREUPERER NI A S 8=4.1 I PERER I, 3 W] LBl FEAR O « S [R] BY & (BT AR AE ARG A [ A9 4R 4 A5 5L
R, B/ IN SR IR B8 AT BE R ARAT AR A 1) A5 AN R I (A A TR RE R B A 22
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Fig.1 The classification performance of NRS_MLKNN influenced by different parameters in GpositivePseAAC dataset

43 KBWERS
7 FOREE S BRI 3—12 R, f5 T RN AR bR IE R, A SRR AT |

FORAEPRIIE N, 7 R PERE LT . eAb B PERE R I OB R

23 7 FPEETE GpositivePseAAC KidE4E F 0 4r25 M BE

Table 3 Classification performance of seven algorithms on GpositivePseAAC dataset

Method HL | RL | OE | cv AP 1
MLRS 0.163 8+0.030 3 0.160 6+0.024 1 0.323 7+£0.046 7 0.487 5+£0.063 1 0.813 7+£0.026 1
LPLC 0.164 6+£0.024 2 0.162 0+0.036 7 0.2852+0.059 4 0.464 4+0.107 1 0.824 8+0.036 5
ML-KNN 0.1551+£0.026 7 0.157 2+0.029 6 0.310 2+0.059 6 0.479 9+0.084 4 0.819 5+0.033 6
Stacked KNN 0.148 3+0.0352 0.159 1+£0.037 9 0.314 0+0.061 3 0.4875+0.113 6 0.817 5+£0.037 8
LAMLKNN 0.154 1+£0.029 0 0.149 3+0.025 7 0.292 9+0.055 7 0.454 7+0.073 7 0.829 5+0.028 9
ML_RKNN 0.248 1£0.028 5 0.583 3+0.077 2 0.2333+0.044 1 0.977 2+0.147 6 0.675 7+£0.045 4
NRS_MLKNN 0.147 4+0.029 4 0.146 9+0.030 2 0.289 0+£0.064 4 0.449 0+0.087 4 0.831 6+0.0353

# 4 7 FEIELE Emotions FUHESE Y2 ERE
Table 4 Classification performance of seven algorithms on Emotions dataset

Method HL | RL | OE | cvl AP T
MLRS 0.193 0+£0.016 0 0.169 6+0.023 9 0.263 1+0.055 7 1.804 2+0.146 7 0.801 4+0.027 4
LPLC 0.202 5+£0.022 6 0.159 5+£0.026 1 0.273 1£0.040 8 1.768 4+0.160 7 0.8023+0.023 5
ML-KNN 0.192 5+0.017 2 0.162 1+0.017 3 0.266 6+£0.030 5 1.797 5+£0.088 5 0.799 6+£0.015 5
Stacked_KNN 0.198 6+£0.024 1 0.172 7+0.026 8 0.268 2+0.054 5 1.848 2+0.155 4 0.793 5+£0.031 9
LAMLKNN 0.195 0+£0.014 8 0.159 5+0.023 3 0.283 2+£0.057 4 1.762 0+0.134 2 0.800 3+£0.026 5
ML_RKNN 0.3232+0.032 4 0.339 9+0.059 4 0.3794+0.052 6 2.664 3+0.334 6 0.686 5+£0.040 4
NRS_MLKNN 0.1950+0.012 1 0.1592+0.012 3 0.263 2+0.036 3 1.777 3+0.081 5 0.803 5+0.014 7
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Table 5 Classification performance of seven algorithms on Medical dataset
Method HL | RL | OE | cvl AP 1
MLRS 0.018 7+£0.002 3 0.104 3+0.024 7 0.338 5+£0.044 1 3.6157+1.078 1 0.745 6+£0.033 9
LPLC 0.018 8+0.00 2 0.079 5+£0.015 9 0.283 3+0.036 7 4.401 5+£1.092 2 0.757 8+0.037 8
ML-KNN 0.015 6+0.002 1 0.042 0+£0.011 4 0.249 6+£0.041 7 2.745 1+£0.818 7 0.808 3+0.030 5
Stacked_KNN 0.01 5+£0.002 1 0.057 6+£0.015 5 0.248 5+£0.037 3 3.5514+1.0529 0.791 0+£0.027 2
LAMLKNN 0.0159+0.002 1 0.037 4+0.010 5 0.244 5+£0.042 2 2.2252+0.697 5 0.816 5+£0.029 4
ML_RKNN 0.052 2+0.006 7 0.431 0+£0.048 3 0.273 0+£0.033 3 13.564 3+2.00 4 0.5224+0.033 9
NRS_MLKNN 0.014 0+0.002 2 0.042 4+0.011 2 0.220 9+0.032 0 2.795 5+0.787 2 0.820 4+0.024 0
%6 7 M Water-quality §URAE |94 KA A
Table 6 Classification performance of seven algorithms on Water-quality dataset
Method HL | RL | OE | cvl AP
MLRS 0.340 8+0.009 8 0.297 8+£0.016 1 0.336 9+£0.050 4 9.174 5+£0.206 0 0.645 7+£0.022 6
LPLC 0.316 3+0.009 1 0.263 4+£0.015 8 0.284 6+£0.042 4 8.889 6+0.220 1 0.684 5+£0.019 2
ML-KNN 0.292 0+£0.011 2 0.259 4+0.013 5 0.293 2+0.052 4 8.776 4+0.241 2 0.689 8+0.020 2
Stacked_KNN 0.297 1+£0.009 3 0.266 7+0.016 7 0.3197+0.047 6 8.8377+0.193 7 0.677 5+£0.020 1
LAMLKNN 0.294 7+£0.008 9 0.261 8+0.014 0 0.279 0+0.033 7 8.853 8+0.278 7 0.688 3+0.018 9
ML_RKNN 0.404 4+£0.020 5 0.3853+0.017 2 0.4232+0.041 4 10.317 9+0.241 2 0.590 0+£0.018 2
NRS_MLKNN 0.290 4+0.009 7 0.259 7+0.016 4 0.279 9+0.046 2 8.776 4+0.256 9 0.691 5+0.022 5
T T MEETE Image $atE B9 IETERE
Table 7 Classification performance of seven algorithms on Image dataset
Method HL | RL | OE | cvl AP
MLRS 0.1754+0.014 7 0.186 8+0.019 6 0.3335+£0.034 1 0.978 0+0.103 8 0.786 2+0.020 4
LPLC 0.178 4+£0.014 2 0.196 8+0.020 7 0.330 0+0.028 7 0.999 5+£0.099 3 0.780 8+0.017 1
ML-KNN 0.170 1+0.014 1 0.176 5+0.020 2 0.319 5+0.033 2 0.978 0+£0.103 4 0.790 0+0.020 3
Stacked_KNN 0.176 5+£0.016 2 0.188 0+£0.023 2 0.3330+0.0300 1.018 0+£0.1157 0.780 6+0.022 1
LAMLKNN 0.170 8+£0.015 3 0.177 2+0.020 4 0.321 0+0.032 3 0.983 0+£0.112 8 0.788 5+£0.020 8
ML_RKNN 0.287 1+£0.013 9 0.317 4+£0.0259 0.378 0+£0.030 3 1.346 5+£0.096 4 0.716 7+£0.020 3
NRS_MLKNN 0.171 7£0.015 7 0.174 7+0.021 6 0.320 0+0.036 1 0.968 5+0.112 1 0.791 5+0.021 9
#8 T FSTILAE Scene MU L1040 K ERE
Table 8 Classification performance of seven algorithms on Scene dataset
Method HL | RL | OE | cvl AP 1
MLRS 0.092 3+0.006 1 0.099 2+0.011 5 0.253 0+0.017 1 0.539 3+0.064 4 0.848 6+£0.011 7
LPLC 0.096 5+0.006 5 0.090 8+0.010 6 0.250 5+£0.021 8 0.519 8+0.062 6 0.847 0+0.013 1
ML-KNN 0.085 2+0.008 2 0.076 8+0.009 1 0.226 0+£0.0159 0.470 7+£0.059 3 0.866 5+0.009 9
Stacked_KNN 0.087 9+£0.005 5 0.085 3+0.008 6 0.2322+0.013 8 0.515 6+£0.056 8 0.859 1+0.008 6
LAMLKNN 0.085 5+0.006 7 0.074 0+0.008 7 0.2252+0.011 8 0.455 8+0.052 6 0.867 8+0.008 4
ML_RKNN 0.164 9+0.008 9 0.254 7+£0.031 3 0.286 2+0.030 4 1.108 8+0.108 2 0.761 1+£0.020 9
NRS_MLKNN 0.084 7+0.006 4 0.075 4+0.009 4 0.220 2+0.015 4 0.463 7+0.061 8 0.869 5+0.010 4
9 7 FEIETE Yeast B¥ndE L2tk
Table 9 Classification performance of seven algorithms on Yeast dataset
Method HL | RL | OE | cvl AP
MLRS 0.204 4+£0.009 0 0.181 5+0.009 0 0.240 0+£0.020 6 6.391 6+£0.213 2 0.748 2+0.013 7
LPLC 0.204 0+£0.012 5 0.168 9+0.009 7 0.2292+0.029 5 6.311 6+0.187 1 0.762 4+0.018 4
ML-KNN 0.192 7+0.006 6 0.164 3+0.008 7 0.230 5+£0.026 0 6.202 4+0.168 9 0.765 8+0.013 7
Stacked_KNN 0.198 5+£0.009 9 0.179 3+0.009 2 0.254 9+£0.030 3 6.509 0+0.125 7 0.749 1£0.017 1
LAMLKNN 0.193 8+£0.007 0 0.165 1+0.008 4 0.2259+0.022 1 6.222 7+0.153 2 0.765 1+£0.013 1
ML_RKNN 0.3759+0.018 2 0.3813+0.021 1 0.467 4+£0.034 7 9.0802+0.218 8 0.575 1+£0.021 1
NRS_MLKNN 0.192 8+0.006 6 0.163 4+0.008 3 0.227 6+£0.021 8 6.196 2+0.164 5 0.767 7+0.013 3
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F210 7 FVELAE Business B4 LAY ZMERE

Table 10 Classification performance of seven algorithms on Business dataset

Method HL | RL | OE | cvl AP
MLRS 0.027 7+£0.001 7 0.117 7+0.013 6 0.125 6+£0.019 6 4.630 6+£0.443 7 0.854 4+0.016 2
LPLC 0.026 7+£0.001 9 0.061 2+0.004 7 0.124 6+£0.021 0 3.393 0+0.2359 0.862 6+£0.0159
ML-KNN 0.026 9+0.001 7 0.040 0+0.004 6 0.1194+0.017 1 2.2552+0.171 4 0.879 1+0.013 1
Stacked_KNN 0.026 1+0.001 3 0.038 7+0.003 2 0.109 6+0.013 4 2.247 8+0.148 0 0.883 4+0.009 5
LAMLKNN 0.026 8+0.001 8 0.040 1+0.004 6 0.1192+0.019 3 2.2654+0.1717 0.8793+0.013 6
ML_RKNN 0.1109+0.003 8 0.397 8+0.023 8 0.4854+0.029 9 13.596 4+0.845 9 0.468 3+0.014 8
NRS_MLKNN 0.026 6+0.001 7 0.038 9+0.003 6 0.1150+0.017 3 2.217 0+0.138 1 0.881 6+0.0120
FAL T RSEEAE Yelp MRS 15K ERE
Table 11 Classification performance of seven algorithms on Yelp dataset
Method HL | RL | OE | cvl AP
MLRS 0.226 4 0.370 1 0.540 1 0.814 3 0.644 8
LPLC 0.2314 0.3317 0.475 8 0.830 6 0.660 9
ML-KNN 0.179 8 0.282'1 0.5159 0.707 7 0.672 1
Stacked_KNN 0.2345 0.3353 0.507 6 0.890 3 0.652 6
LAMLKNN 0.180 4 0.266 8 0.500 7 0.667 3 0.683 5
ML_RKNN 0.174 8 0.936 6 0.049 0 0.954 1 0.595 6
NRS_MLKNN 0.177 4 0.276 5 0.499 3 0.693 9 0.681 8
F 12 7 MEYETE Mediamill 044 - B9/ 251
Table 12 Classification performance of seven algorithms on Mediamill dataset
Method HL | RL | OE | cvl AP
MLRS 0.032 8 0.156 7 0.168 4 28.658 7 0.676 7
LPLC 0.035 8 0.0913 0.1503 28.7615 0.6820
ML-KNN 0.0315 0.0550 0.1473 18.645 6 0.703 4
Stacked_KNN 0.0350 0.065 0 0.163 7 20.666 7 0.677 6
LAMLKNN 0.0316 0.0533 0.1480 17.907 1 0.703 2
ML_RKNN 0.044 1 0.700 8 0.065 3 57.8221 0.305 4
NRS_MLKNN 0.0314 0.0550 0.146 7 18.6420 0.703 5
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Fig.2 The average rank of various methods on ten data sets with respect to five evaluation metrics
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