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Feature selection using neighborhood mutual information and
feature clustering with K-means

.1 2 . 2
SUN Lin, LIANG Na’, XU Jiucheng
(1. College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China; 2. College of Computer

and Information Engineering, Henan Normal University, Xinxiang 453007, China)

Abstract: Aiming at the problems that it is difficult to search the optimal neighborhood radius through manual debug-
ging in most neighborhood systems, and that traditional K-means clustering requires random selection of cluster centers
and the number of specified clusters, this paper proposed a feature selection method using neighborhood mutual inform-
ation and feature clustering with K-means. Firstly, the average distance of the sample from other samples under each
feature is taken as the adaptive neighborhood radius, and the neighborhood set of the sample is determined. Then to re-
flect the correlation between features, some metrics are presented, such as adaptive neighborhood entropy, neighbor-
hood mutual information, normalized neighborhood mutual information, etc. Secondly, an adaptive K neighbor set is
constructed based on the normalized neighborhood mutual information, and the weighted K neighbor density is defined
by using the feature weight with the Pearson correlation coefficient so that the K-means algorithm can automatically se-
lect the cluster center. The K-means feature clustering is completed well. Finally, the weighted average redundancy de-
gree is given, and the feature with the largest weighted average redundancy in each feature cluster is selected to form the
optimal subset of features. Experimental results show that the developed algorithm can not only effectively improve the
classification results of feature selection, but also obtain better clustering effects.

Keywords: feature selection; neighborhood mutual information; K-means; feature clustering; adaptive K-nearest neigh-

bor; feature weight; weighted k-nearest neighbor density
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Table 1 Description of nineteen datasets

G G/ AL JE AL eSSk
1 Wpbc 198 31 2
2 Isolet 1560 617 26
3 CLL-SUB-111 1440 1024 20
4 lung 203 3312 5
5 movement-libras 360 90 15
6 SPAMBASE 4601 57 2



https://archive. ics.uci.edu/ml
https://archive. ics.uci.edu/ml
https://archive. ics.uci.edu/ml
http://portals.broadinstitute.org/cgi- bin/cancer/datasets. cgi
http://portals.broadinstitute.org/cgi- bin/cancer/datasets. cgi
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FR1
' IS AL JEMEEL Z %
7 lung-cancer-203 203 12600 5
8 ALLAML 72 7129 2
9 COLON 62 2000 2
10 TOX171 171 5748 4
11 Ovarian-PBSII 253 15155 2
12 Wine 178 13 3
13 Sonar 208 60 2
14 Breast Cancer 569 31 2
15 Breast Tissue 106 9 6
16 Parkinsons 197 22 2
17 warpPIE10P 210 2420 2
18 warpAR10P 130 2400 10
19 Lung cancer 32 56 2

32 HHEEFEERSW

AT % uE FSNFK 7E A [A) £ ffs 45 L BE#ERR1E
AT FE A R, 55— /r % £ FSNFK 5 3XC
fik [24] T i 6 Fhoy EEHEAT X L, 4235 MICIMRPY
1G-RFE"’', DRGS"*  MRI"? TWFS"*
CRFS"™, b T 530k [24] 52545 — 3%, SR H
10 Pr38 EHIE, M 1 3£ 6 MR 4E,

K T4 (K-nearest neighbor, KNN) . 2k 5
(C4.5) MIFfHL A K (random forest, RF) /f 42
%, B H SCHk [24] ) F,_Macro VE M HHIE L £E
REERWPEAN bR, Hh Fi_Macro #K W) 73 285K
Rk, FR2GH T 3MAEIET S MAILTE
6 RS L1 F,_Macro, H:r Fullset /8 EL 4%
XoF i T A A A A B

T2 ITMOLB/T S FEETE 6 MEUIBEE LM F,_Macro

Table 2 F;_Macro of eight algorithms on six datasets under three classifiers %
s piGiTES FullSet ~ MICIMR  IG-RFE  IWFS  CRFS  DRGS MRI FSNFK
Wpbc 10.51 14.23 9.15 11.20 10.31 14.80 10.31 61.02
ISOLET 26.76 66.08 46.82 37.05 44.58 55.94 56.96 72.72
CLL-SUB-111 68.30 76.66 66.02 60.70 64.11 75.67 64.43 77.75
KNN lung 62.48 75.42 66.63 52.42 68.43 76.23 76.34 82.89
movement-libras 68.03 82.57 70.52 67.65 74.07 74.65 74.07 84.13
SPAMBASE 81.37 89.77 86.78 81.32 87.19 83.02 88.21 88.56
T 5291 67.46 57.65 51.72 58.12 63.39 61.72 77.85
Wpbe 13.43 14.66 12.41 11.81 10.04 13.93 12.11 60.60
ISOLET 26.14 66.40 42.26 38.22 38.97 50.97 50.72 66.42
CLL-SUB-111 62.71 68.95 62.45 63.30 64.62 67.60 57.10 61.50
Cc4.5 lung 58.28 81.57 74.94 54.83 66.35 68.19 70.65 82.60
movement-libras 56.75 66.53 63.33 57.31 59.52 62.33 62.42 68.03
SPAMBASE 87.33 90.28 89.36 86.11 88.99 89.45 89.68 91.18
T 50.77 64.73 57.46 51.93 54.75 58.75 57.11 69.55
Wpbe 16.63 17.62 16.82 17.51 16.14 17.10 14.50 64.25
ISOLET 29.01 71.28 47.68 47.98 46.58 57.07 60.25 82.80
CLL-SUB-111 68.30 76.66 66.02 60.70 64.11 75.67 64.43 72.85
RF lung 60.64 80.13 70.81 51.35 64.47 73.11 74.96 87.02
movement-libras 65.55 76.01 67.83 62.94 69.37 71.49 66.38 84.27
SPAMBASE 89.86 92.56 91.85 89.68 91.84 90.89 92.02 93.70
i 55.00 69.04 60.17 55.03 58.75 64.22 62.09 80.82

AR RIS R, T,
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MR 2 2 AT %0, 76 KNN 2302828, 7€ Wpbc,
ISOLET. CLL-SUB-111. lung Fl movement-libras
X 5 AR SE |, FSNFK B F,_Macro 1 T HiAth %}
B, Ju 2 7E Wpbe, ISOLET #1 lung iX 3 4>
Bodn e FAEE B B, H F, Macro {655 [t
HAh BB A 46.22%~51.87% ., 6.64%~45.96% 5
6.25%~30.47%; 7. SPAMBASE %i(#i4£ |-, FSNFK
B8 T kAR F,_Macro, i) MICIMR A%
1.21%, {H 2 F A 3 1 1 0.35%~7.24%., 78 HiE
PR A] B 2 X i FSNFK 7 SPAMBASE 344 | %
KT AN EERE MR . 76 C45 432588 T, 18
5 N 8UHE S Wpbe, ISOLET, lung. movement-lib-
ras F1 SPAMBASE I, FSNFK ) F;,_Macro {f; T HAth
X, RS2 7E Wpbce, lung Fl movement-libras
X3 EESE EOLHAAER B 7 CLL-SUB-111 %
JR4E |, FSNFK 1 F, Macro /345 I At i MICIMR
1i% 7.45%, {HJ2& [t MRI {7 4.4%. 7E RF 732588 F, 16
Wpbc. ISOLET . lung. movement-libras 1 SPAM-
BASE 1% 5 M 8#li4E |, FSNFK [y F, Macro & T
Hofth % H B, 4551 & 78 Wpbce, ISOLET Al lung
i LSRR B8 ; 78 CLL-SUB-111 344

I+, FSNFK R4 He R MU 47 1) MICIMR I 3.81%,
{H 2 [t FullSet, IG-RFE, IWFS, CRFS fl MRI iX
5 FpoE H B 4.55%~12.15%, 7E C4.5 FI RF iX
2 Fh4r2 2% F CLL-SUB-111 %45 4E, MICIMR 1
e FSNFK 175, 58 H J5 Al J& FSNFK £ CLL-SUB-
111 a5 bR 78075 1838 5 R R I AH e 5 0T
ARYEM TR . 86 708l F1, FSNFK 914 E
R A

S Y AR 2 R4 BE £ FSNFK 5 SCiik [26] H
1 5 AT EE AT G, A4 BT H AR R AR B
2 PR AF 6 45 B (K-means”" #1 K-medoids"") .
T A 2 B0 RRAT 6 28 51 15 (DBSCANT A
OPTICS™™) HISC Rk [26] A2 J0Id— L HA% B A TG
I B L PR e R 8R07 (unsupervised gene selection al-
gorithm based on multivariate normalized mutual in-
formation of genes, GSMI )", T 5 ik [26] 25
PRFF—3 IR 1 kst 5 N EE S, 18 1T SCHR [26]
B 43 2K BEFg b, (8 SZ FF 0] S AL (support vector
machine, SVM), KNN FI RF 425 25 ¥4 T A X H
B, RASIrac Lk, £3GHT 3MaRE
wr &6 FhEETE 5 MR o RS,

R3 IMAEXBToMBEEES MBEELNIEEE

Table 3 Classification accuracy of six algorithms on five datasets under three classifiers %
st itk K-means K-medoids DBSCAN OPTICS GSMI FSNFK

lung-cancer-203 ~ 90.12+03.92  87.67+03.43  90.62+04.85  78.33+02.39  78.33+00.86  93.07+02.88
ALLAML 65.24+01.17  80.38+11.51 81.90+11.62  76.38+09.64 83.1+10.84 90.18+06.45
COLON 78.97+06.71 67.56+12.15  78.97+08.54  74.49+08.39  77.38+15.14  85.26+08.13
SYM TOX171 19.88+05.70  46.20+07.71 55.58+£10.78  56.81+09.94  46.73£10.53  97.06+02.63
Ovarian 97.63+01.48  98.81+00.96  99.60+00.80  77.04+10.29  97.64+02.28  97.22+03.12
-1y 70.37+03.80  76.12+07.15  81.33+07.32  72.61+08.07  76.64+07.93  92.56+04.64
lung-cancer-203  92.574+04.21  89.64+05.72  90.59+£08.09  88.17+01.05  89.17+04.55  91.12+03.25
ALLAML 68.09+05.09  77.61+07.31 81.81+£09.73  80.38+11.51 77.90£10.96  83.14+05.53
COLON 80.25+16.51 79.23+£07.67  77.43+08.06  72.56+08.42  79.10+06.01 83.33+10.54
N TOX171 53.78£05.20  45.00+03.68  50.27+10.45  47.36+04.59  44.45+£06.25  94.12+04.92
Ovarian 95.24+01.62  94.88+02.92  97.23+02.04  79.84+04.90  94.88+04.21 96.04+02.81
-1y 77.99+06.53  77.27+05.46  79.47+07.67  73.66+06.09  77.10+06.40  89.55+05.41
lung-cancer-203  86.21£01.19  82.78+02.99  82.28+03.55  78.83+00.96  82.28+01.69  90.60+04.71
ALLAML 69.33+£09.41 86.00+£12.01 95.81+03.42  87.33+09.45  93.14+04.22  91.43+07.00
COLON 82.05+12.39  73.97+06.77  85.38+06.32  74.36+07.39  77.56+£09.17  86.67+08.50
K TOX171 49.78+11.69  54.45+06.50  53.88+13.34  45.04+05.53  53.83£05.99  92.94+04.40
Ovarian 97.61£01.94  94.87+03.64  97.62+02.32  78.65+05.43  96.05+04.11 97.22+03.47
F-14 77.00£07.32  78.41+06.38  82.99+05.79  72.84+05.75  80.57+05.04  91.77+05.62
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23 W LIE L, 76 SVM 432588 F, 75 lung-
cancer-203, ALLAML, COLON 1 TOX171 iX 4 4~
B I, FSNFK [ 53 250G FE A T HA 5%, 4
WIJE7E ALLAML . COLON 1 TOX171 %4 4E I
fEFHH ;5 78 Ovarian 05 4E [, FSNFK A9 43 244
i e e ) DBSCAN 1K 2.38%, 1H /& b OPTICS
1 20.18%, [AIEF, FSNFK fi4SF 2443 2585 B H 41
i, fE KNN 732588 F, 78 ALLAML, COLON Fi
TOX171 3% 3 i 4E |, FSNFK it T HoAth 5 Ff
X, R AE TOX 171 304 Fonsal i ;
1E lung-cancer-203 £l Ovarian $¢#54E I, FSNFK H{
5 TR 432K B, 433 e B A8 ) K-means 5
DBSCAN i 1.45% F1 0.41%, {H & H HoAth 5595 43
SR 0.53%~2.95% 11 0.8%~16.2%. 5% H 5 H &
FSNFK & B REAEAS A7 AR R 43 TUAR FRAE o [RIA,
FSNFK [ 33 ARG FEARF o 7F RF 70 25 4%
T, 7F lung-cancer-203, COLON FI TOX171 iX 3 4~
BE4E I, FSNFK 1953 2845 BE AR T HAth % L35
%, R 2 7E lung-cancer-203 1 TOX171 X 2 N4k
e b, P 2 /£ ALLAML F1 Ovarian X 2 >
B4 I, FSNFK 194328 B2 43 ) b B AL 1) DB-
SCAN 1% 4.38 Fi1 0.40, {5 & Ho HoAth 3 Fh 3815 43 5]
5 4.1%~22.1% F1 1.17%~18.57%. [Alif, FSNFK f)

SO G B R IR AE . A, EIX 3 Rl A
T Y Ovarian £0di4E L) S 7E RF 733548 T ALLAML
45 45, FSNFK ¥ K F 5 £ ) DBSCAN, 7% H
J PR K 2 A B HE B AE AR A 0 R (ELRE AR, i
DBSCAN XJ 5 # (A URGE B . 2B K&, FS-
NFK REWS R B R 47 1 70 28 PERE .
33 BESMER

R T Sy e R TEAS [ B4 4 1 S FSNFK
J5i X B B R AE 2E 4T K-means SRR, AT 52
055 1 R4 BE$E FSNFK 5 3CHik [26] A 5 Fh
A% b, 145 : Kemeans”” . K-medoids”" . DB-
SCAN"? oPTICS™ H1 GSMI™®, H T Hifi5 ¢
1k [26] SEgR2E R — bk, IR 1 Pk 5 A5
P dE, 76 3.2 1950 2 WA Rk vE R iy LAl 1, & 0k
X F iR 6 Bk 5k PR B FRAE F 45 52 K-means
BB, T8 BB BIRETRNEH, K5
% I SCHk [26] H 4R MEH {5 B (normalized mutual in-
formation, NMI), ¥ %% > 2 2 %§ (adjusted rand in-
dex, ARI) Fl F—/3 %} (F-Score) i% 3 Fh B IEFE AR 1T
W B A X R ) R IEACR, R 10 rac S8l
SCIREGE . 4 45T 3 RIS 6 R AL
TE 5 B 4 L SR EE IR

R4 3THREGWIERTOMEZES I BRELNREER

Table 4 Clustering results of six algorithms on five datasets under three clustering analysis metrics

RHAahn B K-means K-medoids DBSCAN OPTICS GSMI FSNFK
lung-cancer-203 0.486 0.392 0.417 0.300 0.225 0.492

ALLAML 0.022 0.136 0.179 0.033 0.206 0.220

NML COLON -0.001 -0.007 -0.008 0.007 0.007 0.115
TOX171 0.026 0.193 0.163 0.258 0.244 0.325

Ovarian 0.063 0.002 0.004 0.004 -0.003 0.119

T3 0.119 0.143 0.151 0.120 0.136 0.254

lung-cancer-203 0.336 0.213 0.236 0.162 0.076 0.371

ALLAML 0.037 0.210 -0.019 0.087 0.161 0.233

ARI COLON 0.018 -0.016 0.005 0.011 -0.006 -0.021
TOX171 0.019 0.129 0.135 0.158 0.290 0.232

Ovarian 0.062 0.006 0.021 -0.001 —0.004 0.071

1y 0.094 0.108 0.076 0.083 0.103 0.177

lung-cancer-203 0.138 0.315 0.030 0.222 0.212 0.702

ALLAML 0.611 0.264 0.431 0.667 0.708 0.745

F-Score COLON 0.403 0.516 0.419 0.419 0.452 0.608
TOX171 0.292 0.333 0.211 0.328 0.135 0.525

Ovarian 0.372 0.451 0.589 0.530 0.506 0.642

V-1 0.363 0.376 0.336 0.433 0.403 0.644

HH 26 4 M al 40, 76 NMI 4545 F, FSNFK 1
FHAh 5 FpX} AL, FRBIJE7E COLON, TOX171

1 Ovarian 03B 4E I, FSNFK L H#BH i, H NMI
1A b HoAth X He 592 4 530 155 0.108~0.123, 0.067~
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0.299 5 0.056~0.122, [f]H}, FSNFK AY-F-3% NMI
A . 7E ARI 4545 T, FSNFK 7E lung-cancer-
203, ALLAML F1 Ovarian 3045 £ - 2 &AL, 45
& 7E lung-cancer-203 1 ALLAML %45 4E I, FS-
NFK A4 8 B s 78 COLON 5 TOX171 %idi
fEFoRTE R m A, 58 FLJF K e 75 8 S 80T 5
B 5100 o 5 BB s M E SRR /NG,
[@] i, FSNFK 1% F- 34 ARI B 5 24l . 7F F-Score
845 T, FSNFK 7EiX 5 P4 4 LRI AL, +F
S| & 7E lung-cancer-203 . COLON Hl TOX171 %% 4%
££ I, H F-Score {H [t H b XF M 58 ¥ 4 ) &
0.387~0.672. 0.092~0.205 5 0.192~0.390., [A]H},
FSNFK fF 3] F-Score fe i . B AY M Ui, FSN-

FK 73X 5 AN H0E 5 L i) R R0 F Hofth 5 F
Bk, X R IE R IR E R Z G AT T
BARE R HriEGe .

AT SIS YA 2 F 43 £ FSNFK 5 3CHR [7]
4 Fl o)y SR EAT O 1L, £45% . URSMIPT | FSFC?!
FMSU-FS" F1 MSU-FS", 2 T 5 3k [7] S2 8643
Fr—2, moAE R LR T 9B, Xk
R 5 R SRR AU RRIE T4 52 K-means 284y
Br, 6 @ RECh B R £ P RN EH, RIEHH
NMI. ARI #1 F-Score iX 3 # R 4Mri8 b PEMT BT
AR HE L, R ST XU 7k se s, £ 5
T 3 MRISTRIRT S FREIRLE 9 B4R
MR AL

RS IHEBEERAWERTSHEEREINMEELHRELER

Table 5 Clustering results of five algorithms on nine datasets under three clustering analysis metrics

RAHRIR VeI UFSMI FSFC MSU-FS FMSU-FS FSNFK
Wine 0.1395 0.1953 0.0825 0.1570 0.3288

Sonar 0.003 6 0.0085 0.0116 0.2058 0.3331

Breast Cancer 0.5023 0.2850 0.0456 0.3742 0.2400

Breast Tissue 0.4075 0.3253 0.2301 0.3295 0.5505

ML Parkinsons 0.1960 0.0693 0.0911 -0.0058 0.2925
warpPIE10P 0.1240 0.2579 0.2462 0.093 1 0.4535

warpAR10P 0.1272 0.1442 0.1894 0.2836 0.5103

TOX171 0.1925 0.246 8 0.2348 0.0589 0.3570

Lung-cancer -0.0188 -0.0304 0.0857 0.3708 0.1470

V14 0.1860 0.1669 0.1352 0.2341 0.3570

Wine 0.1099 0.1969 0.0522 0.0911 0.3060

Sonar -0.0030 0.0126 0.0158 0.0483 0.3181

Breast Cancer 0.5561 0.2819 0.0836 0.3963 0.3000

Breast Tissue 0.2480 0.2104 0.0939 0.2289 0.2987

ARI Parkinsons 0.1462 0.1667 0.0540 0.0655 0.3854
warpPIE10P 0.0598 0.1017 0.1104 0.0295 0.2162

warpAR10P 0.065 1 0.0740 0.1071 0.1553 0.2485

TOX171 0.146 6 0.1109 0.1831 0.0546 0.2661

Lung-cancer ~0.0098 -0.0294 0.0747 0.3096 0.1727

1 0.1652 0.1251 0.0861 0.1532 0.2791

Wine 0.1858 0.2234 03228 0.3803 0.6607

Sonar 0.4568 0.4481 0.4808 0.5208 0.6772

Breast Cancer 0.1052 0.6477 0.5471 0.6888 0.7550

Breast Tissue 0.067 1 0.0629 0.0817 0.0147 0.5618

FScore Parkinsons 0.6387 0.1888 0.2611 0.2266 0.8276
warpPIE10P 0.1141 0.0774 0.146 6 0.1130 0.4624

warpAR10P 0.1076 0.1141 0.1263 0.0993 0.4855

TOX171 0.1734 0.1873 0.1296 0.2921 0.5602

Lung-cancer 0.1406 0.2974 0.2455 0.4018 0.7343

] 0.2210 0.2497 0.2602 0.3042 0.6361
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MAEZ 5 a1, 7€ NMI #6845 T, Wine. Sonar.
Breast Tissue. Parkinsons., warpPIE10P ., warp-
ARI10P 1 TOX171 #4454 -, FSNFK i T HoAth 4 Fif
Xt v, R0 J& 7E Breast Tissue., warp-PIE10P
F1 warpAR10P Z4fs £ |, JH: NMI E 53 51 HbH At %oF
HA R 7 0.143~0.3204, 0.1956~0.3604 5 0.226 7~
0.383 1; 7F Breast Cancer £(#5 % I, FSNFK [ NMI
R4S He A 19 UFSMI X 0.262 3, {H 2 H MSU-
FS 7 0.1944; 1£ Lung-cancer ¥4 4 |, FSNFK (¥
NMI {8 b 5% 15 i FMSU-FS 1£0.223 8, {H 2 b H
B 5 0.0613~0.1774, [RF}, FSNFK f9°F-34 NMI
LW . 78 ARLF545 T, FSNFK £ Wine. So-
nar. Breast Tissue. Parkinsons, warpPIE10P, war-
PARIOP 1 TOX171 %4 45 L ) R IR AE, Kol 2
1E Wine. Sonar Fl Parkinsons % 3 P4 IE 4 |-, FS-
NFK 8Pt # i & ; 7F Breast Cancer 2454 I, FS-
NFK 4 ARI B4 i LA UFSMI {1 0.256 1,
{HJ2& H FSFC 1 MSU-FS43 51l 55 0.018 1 1 0.216 45
1E Lung-cancer Z(#i4E I, FSNFK /Y ARI {H M1k
i, Hede i FMSU-FSAIK 0.136 9, {5 H HAbXT L
1R 0.098~0.202 1, [A] ), FSNFK [ F- ARI

™ . fF F-Score #5455 T, FSNFK 7£ 9 >4k
WA EI R &, JUH 2 HE Breast Tissue.
warpPIE10P, warpAR10P Fl Lung-cancer % i 4£
b, PRSI & . 53 4b, 7F Breast Cancer £t 4 4
|, UFSMI ) NMI F11 ARI ¥ [t FSNFK 75, 57 H
J A 2 UFSMI R B4 B A ) 5 e AR 22 (8] 1Y
G AH M T L BRASA B F#1E . 7F Lung-cancer
Bl |, FMSU-FS 1y NMI fil ARI ¥J Ft FSNFK
P75, 98 HE P J& FSNFK 7E JE1 T E e e i 5 26
T A S B R AR A B o B R 156, FSNFK 7E 9
EHERAE 1Y 3 R RIS M s bn R AL T HoAth
X P, 3 U B 38 5 FSNFK Bk S E e 2
J& RENS A AR TH R A Hr PR RE -

e, TR RS, T R R AR R
P4 I St FSNFK 505 1 5 19 28808,
1 ik $E CLL-SUB-111, TOX171, Ovarian-PB-
SII Fll Wine 3£ 4 MR PEEIELE, B 1 F1IE 2 53
A28 W T HE 4 B4 b R FSNFK A H
FSNFK f) K-means $Z45 5, Hoh, 38 2 7 1 5k
H B b i 28 8, #ad thae & 1 /s 2 19
AR, 4507 FSNFK J5, 763X 4 NSO SE 11
K-means IR A, AR 2 (8] (14 X 5355 B 5

1.0 3.0 1.0 .. 35¢
0.8+ 20+ AR IAUPR X1 S .
TR 0.7} R W ahigee s
2 06F . S20fF - iAo e e RIS W T
= “ % T e BT N ~ oo dug SN YL 500
= X P LR ~ee °
2041 ¢ E KU 04f - 20}
02F tun t L T 1ok 151
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Fig. 1 K-means clustering results of four datasets
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Fig.2 K-means clustering results of four datasets after performing FSNFK algorithm
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HEHE 6 MCRPERIEAE, 53¢k [26] H iy 3 FhEE
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Table 6 Running time of five algorithms on eight datasets s
Kt FSFC OPTICS DBSCAN K-means FSNFK
warpPIE10P 12.815 14.020 10.400 10.706 9.089
lung-cancer-203 151.281 179.581 142.383 153.626 55.964
ALLAML 47.807 66.210 48.005 46.552 7.568
Ovarian-PBSII 245.426 328.027 339.360 248.625 3.990
Isolet 94.777 336.256 63.123 111.533 30.957
CLL-SUB-111 102.180 101.186 103.766 101.776 16.038

F_Macro FIGETT4ER . R84/ TR 3 6 FiiA

3.5 Gt
o o e SVM. KNN il RE 492 28 F 40 3RS BE 15 1
K HISCHR [17] H Friedman £ 555 Nemenyi Jill SEEL 20 4511 T 5 4 1 6 B 1R fE NMI. ARI

RN LB gt RE . MR R SCHR [36] T4 1 F-Score 4557 F R KGR, £ 1041 T
7k, CD BN S Z M 5. R T4 3 5 v 5 F 478 NMIL ARI il F-Score #5475 F %
T2 8 FhRLLTE KNN, C4.5 FIRF 432K 88 T KGR,

R 7 SHEXTE KNN.C4.5F1 RF 23T F_Macro IEITER
Table 7 Statistical results of eight algorithms in terms of /;_ Macro under the KNN, C4.5 and RF classifiers

433 FullSet  MICIMR  IG-RFE ~ IWFS  CRFS  DRGS  MRI  FSNFK X Fr
KNN 6.33 2.33 5.83 7.17 5.33 3.50 433 1.17 2978 12.18
C45 6.50 1.83 4.50 6.83 5.83 3.67 483 2.00 25.39 7.64

RF 6.50 1.83 5.00 6.67 6.00 3.83 4.83 133 28.89  11.02

K8 6THEEAESVM. KNNHMIRFAEBTHEBENRITER

Table 8 Statistical results of six algorithms in terms of classification accuracy under the SVM, KNN and RF classifiers

e K-means K-medoids DBSCAN OPTICS GSMI FSNFK X Fr
SVM 4.20 4.20 2.40 4.60 3.80 1.80 9.11 2.30
KNN 2.8 42 2.8 5 4.8 1.4 14.03 5.11

RF 3.6 42 22 5.4 3.8 1.8 12.54 4.03
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Table 9 Clustering statistical results of six algorithms in terms of the NMI, ARI and F-Score metrics

B L2 K-means K-medoids DBSCAN OPTICS GSMI FSNFK X% Fr
NMI 4.00 4.40 4.00 3.60 4.00 1.00 11.17 3.23
ARI 3.20 4.00 3.80 3.80 4.00 2.20 3.51 0.65
F-Score 5.00 3.40 4.40 3.40 3.80 1.00 13.46 4.66

% 10 5FE X7 NMILARI 1 F-Score 8#R TR EMFITER
Table 10 Clustering statistical results of five algorithms in terms of the NMI, ARI and F-Score metrics

FEbR UFSMI FSFC MSU-FS FMSU-FS FSNFK )(%, Fr

NMI 3.44 333 3.66 3.11 1.44 11.47 3.74

ARI 3.33 3.56 3.67 3.11 1.33 13.16 4.61
F-Score 3.89 3.89 3.11 3.11 1 20.18 10.20
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Fig. 3 Nemenyi test results of eight algorithms in terms of F;_Macro under the KNN, C4.5 and RF classifiers
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Fig. 4 Nemenyi test results of six algorithms in terms of classificaiton accuracy under the SVM, KNN and RF classifiers
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Fig. 5 Nemenyi test results of six algorithms in terms of the NMI, ARI and F-Score metrics
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Fig. 6 Nemenyi test results of five algorithms in terms of the NMI, ARI and F-Score metrics
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