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Clustering Algorithm for Mixed Data Based on Residual Analysis

QIU Bao-Zhi? ZHANG Rui-Lin! LI Xiang-Li!

Abstract For the existing mixed data clustering algorithm, there are some problems such as low clustering accuracy
and parameters sensitive, a clustering algorithm for mixed data based on residual analysis (RA-Clust) is proposed. We use
entropy weight to measure the similarity between objects with mixed attributes. Based on KNN and Parzen windows, we
propose a method to calculate the local density of objects. Pre-selected cluster centers is conducted by linear regression
and residual analysis. Then, the true cluster centers are selected according to objective optimization model proposed in
this paper. Finally, the remaining objects are assigned into corresponding clusters according to the minimum distance
from the high density objects. The experimental results on synthetic datasets and UCI datasets verify the effectiveness.

Compared with similar algorithms, RA-Clust has a higher clustering accuracy.
Key words Clustering, residual analysis, linear regression, mixed data, cluster center

Citation Qiu Bao-Zhi, Zhang Rui-Lin, Li Xiang-Li. Clustering algorithm for mixed data based on residual analysis.
Acta Automatica Sinica, 2020, 46(7): 1420—1432

RSN ES, BB EL AW, BT
55 HLBX P AEATIEAR 2 T )2 O 7R SR N
FHIR B, ke SR SIS (%) B304 30 5 A A R0 4325
JPEIT A8 T 5 2 A W R A NSO I kA 2 5
(IR STITI S % o X i S| I R LTI S el i o i
B g A S S MRS AT SR B KR 4 L RE NS
BOE JE B SR 2K, ANREXHE & 8 T SRR,
i K-means® . FCM!?, DBSCAN[! | DpC!2 |
CLUBS! & 4 T fif vh iR & & P B0 28 2K i)
EHEAVR T LR S R R R R, B
i K-prototypes™ . EKP!5! | IKP-MD!| FKP-
MDUT, DP-MD-FNUSI {H &, 75 #A7 650 AR

UL, X LESEAE T R BONE A IE
R, RCRIRAE AR, LT et o 2R
HHN T RSN RS A TR 15 i P Hcdie 2R S Ak i £ i
Y[ 1) L

L K-means 24 (13X 7 1) SRR BT LA
BRI T AR S rp S, ARHE AR LU A% 1
ey SIVAE VAP E £ N LU R R ]
SRR R 2y IS, LA H bR s BOsicn 1k, TE
Jl R A TR X RS L v B 3R 23 BE AL
PE T IX— REEA A RO A B AR B iR, B
DBSCAN UK % T3 B RS HMER — 4
B KU L, B 1ZA% 0% LTI N BB E A
BRI, T IR I U B E T AR O E X2
JETARIR AR I, E TR REVEAREA R B

Wk HJH 2018-01-12 kA HY 2018-04-16
Manuscript received January 12, 2018; accepted April 16, 2018

TR SRS ATV RIS (152300410191) $El)

Supported by Basic and Advanced Technology Research
Project of Henan Province (152300410191)

ALTHERMZE KR

Recommended by Associate Editor ZHANG Min-Ling

1. JPHIRAE B TR BE 3 450001

1. School of Information Engineering, Zhengzhou University,
Zhengzhou 450001

I AERE I 2 B RS, DPC SE LR 02 o V(i
SR HRLy, O J TR 8 T AR 5 T B T LL iz i
{E A il — AN RIS, LA B TR, (3
RERR L MIER T EN NS, A D SE RN
oL, SRARSHOE €. CLUB §kisd &



730 BRORAGAE: FETHRZE 00 TR & MR SRR Ak 1421

T AT S 78 B 2R, O DU BB AR A D SRR oL,
HE AR T IR B o0 G Kl VA 380 e 0 o U ) e B RN B
FITAE (R B RIS, AT AT R g P42 A [) —
AR B 22 AN B SS rh o0 S BURT R 23 1 )
RAZ S I e AL B a8 M s 4R, R AR RS
JRVEBHE AT IR,

HhT R SR P B R R, K-
prototypes. EKP. IKP-MD. FKP-MD 25477
K-means 5 AU FEAL, 30k 58 & AU S
ORI R 2R T BT AT SR 2K, iRk T K-
means /N BEX TR & EEE HEAT ZE2R I R . DP-
MD-FN 535k 1 2% S A8 ARG VR 5 J8 AT 28
K, Y T IO A BRI L HE, YRS
JRPEE G SRR, n A R AT SR 2 v o SR HCH) Ml 22
AP B B SI s IR B0 90 1) 2 A 1 0 B v SR IR 2 1Y
S ) e

N TR LR ) e, AN SCAE SCE PR VR i PR AT
ik oy Q0D SRRl b, T 3T K-nearest
neighbor (KNN) 1 Parzen %M 1) 53 & 14
Tk, AR I H AR AL B 19 3 36 HUIE A i 2R
ey, IR F IR, 10 SCBET AR

1) ek 1R G Ja I A A AL R

2) $e i T —Fh 3+ KNN Fl Parzen % 1 )mj il
EHEaIE BT

3) et T B T DAL 22 43 7 9 2
T ONL ) e ZE 2 v H ARAUAL A,

ASCHBQT: 561 g T AN R T 2
Jr BB BV ST 10 BRSO TR HCHL ) M S 2K e
O HFEAEERY, 45 T RA-Clust 53%; 3 2 174
T S5 R BTy A SCHIESAESS 3 g .
1 RA-Clust %

L1 HXEX

WA BYERESE D &H m ANMEH, K
Homes my 23 0 0 2R Ja MR RN (e A H, B
m = m. +m,. Dom(A;) &3RKEME A, BIBEE
a, Dom/(A;) = {ai,17ai,27ai,37 T 7ai,f}7 ToRmrR
JETE A BAT f ADAFHUE.

EX 1 (ZHE). & A hoEs, B
a;j (a;; € Dom(4A;)) KT JEME A HSCFe AL
W D gtk A, BUASET a;; RN R,
IR

Sup(Aila; ;)= |{x|x € D,z; = a;;}|,
1<j<f 1<i<m

Horp, oy R Bl % x /£ K A, ERIHBUA.
EX 2 (BEHRME). W r,ye D,z 5y K3

(1)

(B PERARMBLEE 5 SR -

S,(,y) = exp (—‘“é”) 2)

Horp, dist, (x,y) ®on o 5y BUER IR ECR
PR, KR PR ABLRE Se e T 36 5 2 1) 0 A
L ARAURR S, FLIELIX TR [0, 1].

EX 3 (HEMEUE). Ra,ye D,z 5y K50
B PERIAMBLEE 5E SR -

Sc(l“,y) = W19<xiayz)a
=1
1, =z, =y (3)
Q(xuyZ) =
0 , Iy 7& Yi

f

Hc(Ai) - - Z

Jj=1
ai,j€EDom(A;)

Hrp, Plaiy) #onarRlate A, HEMEE a;; 1
B, Ml: P(ai;) = Sup( Al ai;)/|D)

Iy KB PEARALL RS )l T G 2 e oy K@k E
AR BE, JLEUE DX IR 2 [0, 1].

AR E A £ vh B 5 53 28 @ PN BUR AN R,
ASCR oy 2R E M HUE B M LR B P L E S R
PERCEE, ISRV S06) G 1) (R AHABA

EX 4 (FHREEM). B c,ye D,z 5y 1
FRALMAE & SN -

S(a.y) = “ES.(ay) + 7S (@) (5)

KNN J&—Fi 3 2808 G i [l o A ik, ok
T A HLPRIERT RN, ARSCK Parzen & % BEAl
15 KNN A5Gk B — AN S Jm i 2%

EX 5 (BEREE). Wr e D, HIFXNE z 1)
JATREE N den(x), Hom LWF:

p(ai;)logy(p(ai;)) (4)

den(z) =
yeKNN(a)
W, KNN(z) AW % o 1k &%ESE,
dist(z,y) = 1 — S(z,y) NGz 5y KRR
. NRN kAR RN, 206 R O A
TR, U W00 G ) Jed 2 K
1.2 RBEHOCAERSHKL
IEHR RIS Lt S m R TR B G B, R iR
i 12 R S b0 ] et BOES DR I 2R 4 U ZE 1)



1422 H ]|

46 %

¥ {1

RISRE 202U AR SCAESCRR [22] B R, BtiE
FH eSeadt R 5% 22 43 By A2k [P b A7 RS rhu L PR Y
ARG A SR vty H FRAAAE i o RS rhs.

1) BEPOHER: B RE X A IES
A, X ~ N(u,0?), FIHG AR T AR e, n]
LA P (X — 52y <p< X+ %Z%) =1-a.
MRSV 22 RAR A A B ZE S 1, TRk ZE
e X =e,n=11EEENT o WHELT, &
{5 X 8] Ay :

[ei—axZg,ei—}—axZg] (7)

B RRPRERARABRGEN 1 - o WERF
DT, MR RO AT S R, BRI SRIE L.

DC-MDACC #25 BE {815 15 1 25 61220 2470
VA3 AT, ARJE R A S (R [l TR R REA T B 22 3 A, JE T
AR B DT o 51, R AT Rl iR
P (7), SRZEE T BEMEKOT o IHUEXS SRR
O RFRE 7 UK, o UL K, U ELAR X 1] A2 A,
TEEIIRE P OES BT T AR L AL
o WU S, TVEAS X TR0 R, R REBRIBGHR 73 SRR
Lasd, MHCEI TRRM R, H oo MU EAT A
Jei k. DC-MDACC Jyff skt i, K o &
A 0.05, FIARIEERREE R LW SH o, RIAGFE =
FE IR, RO iR AS BAT G .

N T IR X 7y SR L B AR IR A
G, WEIMBR NI 00 B R, TRAT TR Bt G 1) P
BCEAE A VA B i 28, 58 ST

EX 6 (BENE). & x e D, HIXNZ x 1
W PERLE Ny (), FoE ann:

V(z) = den(z) x 6(x) (8)

(a) Bl Xt 5o Aii
(a) Distribution of data objects

1 Flame ¥a8ER) 5 EAE M 0 ()
Fig.1 Density weight distribution of Flame (descending)

Horb, 6(2) R Bin B o 55w E R X B 2 18]
e/, B

min
y:den(y)>den(x)

o(x) = dist(z,y) (9)

e, 6T R A B R IR 5 2, FLER A
d(z) = max, dist (x,y).

TR A B HEEROK, 5 H A% 5K %L
Wit o5 2 AP AR R e B 2 AR =X (8) mr i, 2K
0 R ) RE R 320 L At A 0 G ) 5 AN
LR D P AS R K () Al o %2, AR R R 1)
ARETE SO, M % EEA AT B P Y Ja, SRR
HOAFEAE TR

TR A K R B BUER,, 0% B R TR gk
ATIENE A AT, RO a E 2 v (R 7 . ik ik
ZE 57 BT 25 B 3 S 1 (9] U1 O R R 0 ) 52, R B %5
FE AR 50K I HLzs 8 4 P [m] VA 7 R () B s ) %2, T
R PO TIESE P_Set.

PLE il 4 Flame ), oF S8 4R A4
KPR B SRR BE den RN 6 BEES, 15 5 2L85 BEAL
. K 1(a) ZEBIEM DA, B 1(b) 2ER%
(105 S5 A e R

Hrp P1. P2 284 Flame KO, )
Pl 1 g O RS540, P1 M P2 HAT & 1%
FERCE, 7T LME N R0l P3. P4, P5. P6. P7
(% AWK, Hoor /e P15 P2 s i) J [,
FUA Bt w0 FE AL 0 A B AR TP, FRATT0 A
G BEACE MO R g A ¢ Bt
AT JC A Gtk [nl A 07 R ) B A e SR
T=a+bt+e.

50 100 150 200 250

(b) B BERCT (7 HE T
(b) Descending order of density weights



730 BRORAGAE: FETHRZE 00 TR & MR SRR Ak 1423

FR A PR ~ AN 48 ) A0 5 AR ¢ A5 H U
HHEZR. NS REOCR v = f(t) BT
ZEOHT (o = 0.7), FRZE R WK 2.

B2 A7 7 ANEERAT R PL~PT A ALK
ZE BAR DA o, AEAR SR R A 77 5 a5, TR SR
R Tk R P_Set, b % B f5 1 P AN A
P1. P2 2 IEHZ L. 2 T 138 A R
i 326 H A HARR AR B SR e rhty, JRATTH 25 MK
Vo BB R ATRER, SLRE A EME 0.1022)) iR
BRI %, 1520 R TILEE.

o | | |
225
520
215
210
5_ ]
ol

I ot &

50 100 150 200
t

2 Flame ¥R4EMEIE i ()
Fig.2 The residual distribution graph of Flame
(descending)

2) R BEPOLIULELE P_Set A7
T RSP R R P A e R R 0 S (R E
DI AL, XL R RE A BN 3 ), T
— A AT AR e H A HARR MR BRI .

SRR GG R VR 45 br L 0 SR 2R 45 A w1k i P
Y, SRS A AR DO F8 AR A BR 28 VEA 4R A,
AR TEO Fa bk SRR R 5 FLSE Kb 5 24T
XFEE, A E AT VEAY, a4t E (Purity) 2
PRtk HA% B (Normalized mutual information,
NMI)8, e (Accuracy, ACC)D8 TEARZEVFN
Febn 1l TR > B SR RAE ERIAE OL R, X IR R4
RAATRE R, W27 A1 (Sum of the squared er-
rors, SSE)P), XS 5% (Dunn validity index, DVI)
SRR KR AT BN RE, HIH RSN
AR T B B R A R VAl . AR 2Ed R, W] L
A8 I TCARZE VPN HRFr A A o R I A Hh #) i e 5 2RL
BN AN FEBRAR A A PP SRR AUR b SR R —
k. Biltn SSE & T IFUr BRIE S, DVI X34
RAPATRMPFE TS, Nk, ASE X — R R
4 (Silhouette coefficient, SC). 4 x| FH4L
(Davies-bouldin index, DBI)4 B4Rl &4 —
NEEG RN U RO BRI, X AESE
BRI P R SRS AE RAAT VPO, B R
_2-8C"+DBI'
N 2 (10)

9 < i < |P_Set|

Ui

Hrp, U F0R58 @ OB 201 H AR AA T 118,
SC*. DBI* 5y /R 5 1 RIEARI SIS 45 FL 1046 51
RE YRR T HREL

TR F 58 8 ZR A T A7 0 B IR 58 38 AR 3000
i, B SC = 30, SC(j)/ |D|. ¥% j %
QAR /N W/ I

1— 58, al(j) < b(j)
SC() = 0, alj) = b(j)
-1, a(j) > b(j)

2 < j < |P_Set| (11)

Jerh, a(y) Forxi g j BIICHTJE R Sl R
I, b(j) Rastd B j BIFLARE BT S i
RIS IR de M. FE R AR B X W) [—1, 1], 4
RBHIL 1, R RIRG R P

RRE RN RAE AR | Fa ot 5 30T

DBI = !

C no
& mean (C;) + mean (C;)
tz; Een [dist(center (Cy) , dist(center (C;))
(12

mean(C;) X2 j T HTA RSB H IR A 0ph 5
(I, center(C;) FnIK j FIEEF L, Cno K
INRBAEL, ZARBUPE I, FoR TR A5 Rl & PR

T DBI 5 SC $RFRIUE KN AR, A T
JUHUE 5 SO — 20, SRR R R AR AR E R
S ) i, RIS P 0 R AR e KA 2 9 25 e

FOE M SRR 0 IO R AL S Tilak 4
P_Set "R G AL U TEBCE AT B R HE R, B
Rt P_Set_Desc. K5 WSS — M0 5
Frafabdl, BRI KA 1, 7258 ¢ DGR, K
4G P_Set_Desc i ¢ M GAE N M ET R
Hale, THEAET H AR R M, RS BES
s — MR R

e FEAL H FR A0S AL ik 31 d /M IR AR K T
VER AR SRR DAL, IR R FE SRS 0. B
B T AKX AR TR O, BT, &~
X Aurr:

X

I = arg min(U")
' (13)
2 <i < |P_Set_Desc|

1 A Flame ZEHURR L rir)d e,



1424 H Zl) e ¥ {5 46 &
# 1 HARUAB R kAT S
Table 1  Iterative calculation process of objective optimization model
P1-P2 P1-P3 P1-P4 P1-P5 P1-P6 P1-P7 P1-P8 P1-P9 P1-P10 P1-P11 P1-P12 P1-P13
U 1.0369 1.2274 1.4342 1.4336 1.3781 1.3433 1.3957 1.2310 1.2207 1.1352 1.2556 1.2315
DBI 0.4074 0.4647 0.8507 0.6806 0.5671 0.5092 0.6260  0.4740  0.4140 0.3295 0.5415 0.4998
SC 0.3335 0.0099 -—-0.0178 —0.1866 —0.8192 —0.1775 —0.1655 0.0120 —0.0275 0.0588 0.0303 0.0367
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Table 2  The value of alpha and the number of
cluster centers
« 0.6 0.5 0.1 0.05 0.02 0.01 0.001 0.0001
DC-MDACC 9 9 7 5 4 3 3 3
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Table 3  The basic information of the datasets
No. Datasets Data Sources m m, me Class Instance
1 Flame Synthesis 2 2 0 2 240
2 R15 Synthesis 2 2 0 15 600
3 Spiral Synthesis 2 2 0 3 312
4 Aggregation Synthesis 2 2 0 7 788
5 Seeds UCI 7 7 0 3 210
6 Wine UCI 13 13 0 3 178
7 Soybean UCI 35 0 35 4 47
8 SPECT Heart UCI 22 0 22 2 267
9 Tic-tac-toe UcCl 10 0 10 2 958
10 Congressional Voting UCI 16 0 16 2 435
11 Australian Credit Approval UCI 14 6 8 2 690
12 Credit Approval UCI 15 6 9 2 690
13 Heart Disease UCI 13 6 7 2 303
14 German Credit UClI 20 7 13 2 1000
15 70O UcCl 16 1 15 7 101
16 Japanese Credit UCI 15 6 9 2 690
17 Post Operative Patient UCI 8 1 7 3 90
18 Hepatitis UCI 19 6 13 2 155
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Fig.3 The clustering results of each algorithm on two-dimensional datasets
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Table 4 Comparison of clustering results on numerical attribute datasets
B Sk B ACC (%) NMI Purity JC RI FMI
K-means k=2 82.9167 0.3939 0.8292 0.5684 0.7155 0.7253
DPC dc = 0.9301 78.7500 0.4131 0.7875 0.5133 0.6639 0.6786
Flame DBSCAN MinPts =4, EPS = 0.83 94.1667 0.8448 0.9875 0.9144 0.9540 0.9561
FCM k=2 85 0.4420 0.8500 0.6032 0.7439 0.7530
CLUB k=5 100 1 1 1 1 1
RA-Clust k =60 100 1 1 1 1 1
K-means k=3 34.6154 0.00005 0.3494 0.1960 0.5540 0.3278
DPC dc = 1.7443 100 1 1 1 1 1
Spiral DBSCAN MinPts =10, EPS =1 100 1 1 1 1 1
FCM k=3 33.9744 0.00002 0.3429 0.1956 0.5541 0.3272
CLUB k=6 100 1 1 1 1 1
RA-Clust k=10 100 1 1 1 1 1
K-means k=17 73.3503 0.8036 0.8883 0.5676 0.8958 0.7321
DPC de=1 94.0355 0.9705 0.9987 0.9591 0.9911 0.9793
Aggregation DBSCAN MinPts =4, EPS = 0.83 82.7411 0.8894 0.8274 1 1 1
FCM k=17 79.6954 0.8427 0.9315 0.6433 0.9187 0.7926
CLUB k=6 100 1 1 1 1 1
RA-Clust k=12 99.8731 0.9957 0.9987 0.9966 0.9993 0.9983
K-means k=15 79.5000 0.8989 0.7950 0.6075 0.9606 0.7704
DPC dc = 0.9500 99.5000 0.9922 0.9950 0.9801 0.9987 0.9900
RI5 DBSCAN MinPts =5, EPS = 0.32 78.1667 0.9121 0.7850 0.5927 0.9627 0.7642
FCM k=15 99.6667 0.9942 0.9967 0.9866 0.9991 0.9932
CLUB k=17 99.5000 0.9913 0.9950 0.9799 0.9987 0.9899
RA-Clust k=10 100 1 1 1 1 1
K-means k=3 55.2381 0.4924 0.6667 0.4430 0.7052 0.6198
DPC dc=04 62.06 0.6560 0.7340 0.6633 0.7125 0.7988
Seeds DBSCAN MinPts =4, EPS =1.3 34.2857 0.0183 0.3429 0.4964 0.7767 0.7046
FCM k=3 89.5238 0.6744 0.8952 0.6814 0.8743 0.8105
CLUB k=24 81.3412 0.6612 0.81314 0.6445 0.6122 0.7412
RA-Clust k=9 89.5238 0.6744 0.8952 0.6815 0.8748 0.8106
K-means k=3 58.4270 0.3804 0.7047 0.3449 0.7032 0.5160
DPC dc = 0.3162 58.43 0.2802 0.1794 0.5912 0.7016 0.6498
Wine DBSCAN MinPts =2, EPS =1.3 38.2022 0.0268 0.3989 0.4864 0.7024 0.6888
FCM k=3 63.7303 0.4073 0.6373 0.6957 0.9034 0.8206
CLUB k=24 60.3321 0.4101 0.6033 0.6217 0.6234 0.7406
RA-Clust k=25 64.6067 0.4277 0.6461 0.6671 0.8904 0.8007
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Table 5 Comparison of clustering results on categorical attribute datasets
Hmte R L ACC (%) NMI Purity JC RI FMI
K-modes k=4 100 1 1 1 1 1
EKP k=4,Cp=038,Ip=0.5 53.1915 0.2980 0.5745 0.2326 0.6947 0.3774
Soybean FKP-MD Ite =100, k=4, m=1.1 70.2128 0.7892 0.7872 0.5601 0.8205 0.7348
IKP-MD Ite =100, k =4, A =10.8 100 1 1 1 1 1
DP-MD-FN dc=6%,t=5 100 1 1 1 1 1
RA-Clust k=30 100 1 1 1 1 1
K-modes k=4 60.9626 0.0697 0.9198 0.4963 0.5215 0.6768
EKP k=2, Cp=038,Ip=0.5 40.6417 0.0332 0.5241 0.4807 0.8137 0.6831
SPECT FKP-MD Ite =200, k=2, m=14 54.5455 0.0494 0.9198 0.4680 0.5015 0.6565
Heart IKP-MD Ite =200, k=2, A=0.8 67.3797 0.0568 0.9198 0.5398 0.5580 0.7094
DP-MD-FN dc=15,t=3 85.5615 0.8549  0.9198 0.7464 0.7491 0.8549
RA-Clust k=65 90.3743 0.0071 0.9198 0.8245 0.8249 0.9056
K-modes k=2 54.6973 0.0005 0.6534 0.3669 0.5039 0.5369
EKP k=4,Cp=038,Ip=0.5 55.33 0.0075 0.6534 0.3560 0.5026 0.5256
Tiatac-toe FKP-MD Ite =100, k=2, m=1.1 57.0981 0.0128 0.6534 0.3623 0.5096 0.5324
IKP-MD Ite =100, k =2, A =0.8 57.9332 0.0078 0.6534 0.3728 0.5121 0.5433
DP-MD-FN de =22.75%, t = 50 64.3006 0.0066 0.6534 0.4883 0.5404 0.6674
RA-Clust k=44 65.6576 0.0067 0.6566 0.5458 0.5486 0.7375
K-modes k=2 84.1379 0.4048 0.8414 0.5857 0.7325 0.7389
EKP k=2, Cp=038, Ip=0.5 83.6207 0.3602 0.8362 0.5678 0.7249 0.7244
Congressional FKP-MD Ite =100, k =2, m = 3.6 84.9138 0.3962 0.8491 0.5902 0.7427 0.7423
Voting IKP-MD Ite =100, k=2, A =2 83.1897 0.3641 0.8319 0.5618 0.7191 0.7194
DP-MD-FN de=6.29%, t =10 80.6897 0.3802 0.8069 0.5343 0.6877 0.6966
RA-Clust k=10 86.2069 0.4501 0.8621 0.7227 0.7116 0.7677
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Table 6 Comparison of clustering results on mixed datasets
PIEITES AP ZH ACC (%) NMI Purity JC RI FMI

K-prototypes k=2,2=04 57.7558 0.0143 0.5776 0.3581 0.5101 0.5277
EKP k=2, Cp=0.9, Ip=0.1 52.4752 0.0065 0.5413 0.4820 0.4996 0.6816
Disease FKP-MD Ite =100, k=2, m=1.2 52.4752 0 0.5413 0.3349 0.4984 0.5018
Heart DP-MD-FN de=22%, t =20 75.9076 0.2018 0.7591 0.4639 0.6330 0.6338
IKP-MD Ite =100, k=2, A =0.8 52.1452 0.0026 0.5413 0.3405 0.4993 0.5081
RA-Clust k=30 77.5578 0.2291 0.7756 0.4858 0.6507 0.6540
K-prototypes k=2, A=07 55.2833 0.0134 0.5528 0.5015 0.5048 0.7062
EKP k=2, Cp=0.8,Ip=05 68.2609 0.1133 0.6826 0.4538 0.5661 0.6292
Credit FKP-MD Ite =100, k =2, m = 1.3 83.7681 0.3733 0.8377 0.5735 0.7277 0.7290
Approval DP-MD-FN de=17%, t =20 82.2358 0.3742 0.8224 0.5522 0.7074 0.7115
IKP-MD Ite =100, k =2, A =0.8 78.8406 0.2778 0.7884 0.5022 0.6659 0.6687
RA-Clust k=170 83.3078 0.4013 0.8652 0.5827 0.7438 0.7368
K-prototypes k=2,A=04 56.2319 0.0162 0.5623 0.5030 0.5071 0.7071
Australian EKP k=2, Cp=038,Ip=0.5 55.9001 0.0048 0.5600 0.4566 0.5704 0.6317
Credit FKP-MD Ite =100, k=2, m = 0.6 55.6522 0.0034 0.5565 0.5049 0.5057 0.7101
Approval DP-MD-FN de=18%, t = 20 82.1739 0.3611 0.8217 0.5499 0.7066 0.7096
IKP-MD Ite =100, k =2, A =0.8 81.7391 0.3105 0.8174 0.5469 0.7010 0.7072
RA-Clust k=170 82.3188 0.3795 0.8652 0.5727 0.7400 0.7295
K-prototypes k=2, 12=0.15 67.0000 0.0123 0.7000 0.4898 0.5580 0.6610
EKP k=2,Cp=0.8, Ip=0.56 54.1000 0.0014 0.7000 0.3865 0.5029 0.5578
German FKP-MD Ite =100, k=2, m=14 67.0000 0.0096 0.7000 0.4942 0.5574 0.6658
Credit DP-MD-FN dc=15,t=3 65.7000 0.0306 0.0716 0.5121 0.5704 0.6831
IKP-MD Ite =130, k=2, A =0.8 29.0000 0.0169 0.7000 0.1860 0.4568 0.3542
RA-Clust k=80 66.3000 0.0308 0.7240 0.5050 0.5717 0.0752
K-prototypes k=7, A=06 73.2673 0.7236 0.8416 0.5746 0.8798 0.7307
EKP k=7, Cp=038, Ip=0.5 61.3861 0.4641 0.7030 0.3780 0.8061 0.5504
70O FKP-MD Ite =100, k=7, m=2.1 83.1683 0.8689 0.4059 0.6488 0.9430 0.8055
DP-MD-FN de=794%,t=11 84.1584 0.8077 0.8416 0.8036 0.9523 0.8911
IKP-MD Ite =100, k=7, A=10.8 87.1287 0.8778 0.9307 0.7749 0.9453 0.8760
RA-Clust k=5 89.1089 0.8815 0.8911 0.9547 0.9897 0.9770
K-prototypes k=3, A=07 62.0690 0.0256 0.7241 0.4355 0.5354 0.6069
Post EKP k=7, Cp=0.8, Ip=0.5 67.7778 0.0274 0.7111 0.5398 0.5898 0.7131
Operative FKP-MD Ite =200, k=3, m=14 53.3333 0.0231 0.7111 0.3516 0.4792 0.5210
Patient DP-MD-FN dc=81%,t=3 70.1149 0.0110 0.7126 0.5800 0.5924 0.7572
IKP-MD Ite =150, k =3, A=0.8 41.1111 0.0228 0.7111 0.2641 0.4754 0.4340
RA-Clust k=170 70.1149 0.0110 0.7326 0.5800 0.5924 0.7572
K-prototypes k=2, 2=0.6 55.2833 0.0134 0.5528 0.5015 0.5048 0.7062
EKP k=2, Cp=038,Ip=05 62.1746 0.0916 0.6738 0.3956 0.5594 0.5669
Japanese FKP-MD Ite =100, k=7, m=2.1 83.3078 0.3539 0.8331 0.5653 0.7215 0.7223
Credit DP-MD-FN dc=15t=3 56.9678 0.2184 0.7142 0.3657 0.5986 0.5430
IKP-MD Ite =130, k=2, A=0.8 78.8668 0.2781 0.7887 0.5024 0.6661 0.6688
RA-Clust k=280 83.3078 0.4013 0.8652 0.5827 0.7438 0.7368
K-prototypes k=2, 2=0.35 65.0000 0.00003 0.8375 0.4794 0.5392 0.6518
EKP k=2,Cp=0.8, Ip=0.5 78.7500 0.0284 0.8375 0.6554 0.6611 0.7967
Hepatitis FKP-MD Ite =100, k=7, m =13 77.5000 0.2017 0.8375 0.5649 0.6465 0.7290
DP-MD-FN de=794%,t =11 78.7500 0.1794 0.8150 0.6541 0.7092 0.7916
IKP-MD Ite =300, k =2, A=0.8 83.7500 0.2418 0.8375 0.6598 0.7244 0.7974
RA-Clust k=10 86.2500 0.2847 0.8625 0.7019 0.7598 0.8262
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Table 7 The time complexity analysis of the algorithms
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