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Study on WFCM Algorithm based on PSO and Its Ap-
plication in Identifying Medicare Fraud
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U7 PR AL S TE RSB ) PR T 530004)
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530004 ,China)

BE (BB MERA SCR IR AHTR T R 3 TR B AL 553 (PSO) B I AU C-29 {H (WFCMD) 5 2 51
o\ 30 £ U0 £500 SR A BE T 1 I8 B0 H 3 A o B AL B T AR S IROVE ASIC R . OO R Y S 51 ekt i RR SRR
BRI o R DA B A2 SOAR pR B SR sk PSO B i/ 38 SR pR R, o T M A R i AT 43 AT s LR, #E B Calin-
ski-Harabasz(CH) A UL HE 45, R IT RIS AL IWTIT s SR J5 B T B30 Tl Ak 3 A 25 2R 4 $ i iz T PSO &
2%, AN W TR B A5 B 4% R R AL TR 998 R 28 AR ST T Y CH A B v A ok sl B A T A E R A E =
FCM RS0 3 B 5 B 5 o 1 8 M A Al 1 3R 240y BT FCM. SRS 5300E , M3 408 i 8 o 6 1 SR 25 1 31 B Rl s 7
PREIRVESS R, (& RYET FIRWEIE 7 i A G2 AR 46 d5c 5 1 S Jas 32 2 I S AT RS 400 . (& iR L1k
AL W T IR FCM RAE[E 5 RASH RE PR, BEHE & 7 SR 285 00 &t s SOl e 1 32 U PE o X 43 2%
FY 52 ]

K. PSO WFCM  CH ARMisls  EKE

MESZES . TP311. 13 XEARIREG. A XEHES.1002-7378(2017)01-0032-08
Abstract:[Objective] This paper aims to find the records of suspected medicare fraud from o-
ver 30 million records by using the Weighted Fuzzy C-Means clustering algorithm based on
particle swarm optimization (PSO) algorithm with the absence of prior knowledge. [ Meth-
ods])Firstly, the improved Euclidean Distance,similarity function and cross entropy function
are introduced and the entropy function is minimized by PSO algorithm to analyze the attrib-
ute weight. Secondly, the validity index of CH (Calinski-Harabasz) is selected,and the study
of validity of clustering is carried out. Thirdly,the data is applied to the PSO algorithm based
on the results of data preprocessing, constantly updated to get the weight of each attribute,
and the optimal numbers of clusters are estimated dynamically by validity index of CH,in or-

der to increase the speed of FCM. Finally, the attribute weights and the optimal clustering

numbers are applied to the FCM clustering

algorithm, and the results of suspected medical
Wi B :2016-11-26

f&[E B #1:2016-12-07
EBE .2 £1994—) B B, FEME L H4 5 k% membership matrix. [Results]Based on the above
45 L 9 45 B TR ST - E-mail :820402018@qq. com. method, the final membership matrix is used for
* E K [ RBLEILE T H (61363003) ¥E Bl .

insurance fraud are obtained according to the

carrying out cluster analysis. [ Conclusion] This
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paper shows the running efficiency of clustering algorithms can be improved, and the influ-

ence of subjective evaluation for classification can be avoided by applying the weights to the

WFCM clustering algorithm and clustering validity.
Key words: PSO, WFCM, validity index of CH,medicare fraud
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Table 1 Symbol description

il

BF5E 51 ASE X PR AL CFuzziness (w) , % PR AL Z)
BEA A w BYRRE , J3 SEA0R i B A 28 4k, i 3 O
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k=1

Hho={w 0,0, | BACE A &N TS M5
o € [0,1] 50 k 4EJE M X A AL EE L 76 A0 1
JEwh L ke QEBPEME S . BYRLIE HE, T2 ]
R AL R

Ao =L 3 Sap, (2)
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W B

Symbol Description

Symbol

e SR

Description

v ERIEREEL

Medicare record data set

X W5 j 4 )8 T A Bl

X The data of the j -th dimensional attribute of X;
, 08 R B

n The usual Euclidean Distance
o METIREERU R B

] Euclidean Distance based on attribute weights
s WK EG BB AR R G &R

ra The similarity under Euclidean Distance
sS4 JIASL R G B 78 T A9 AR B0
Syd

Similarity under weighted Euclidean Distance

B0 R A E
The weight of each dimension
c X Mz (ST
o The cluster of X (or subclass)
BRsE X B s
The center point of the data set X
W Coo bl A
The center point of cluster C;
5 ABE RS SR
i The j -th data is subordinate to the 7 -th class member-
ship
PEHHD %0 WEAUG S | DML

The center of the i -th cluster after the b -th iteration




34

PR R 2017 E 2 A 33 4 1 )

1.3 mFEMLK(PSO)EE
1.3.1 UM &%

NS E BN E w,, 51 A XN R CFuzzi-
ness (o)™, SR BCHE R R [CHE B oo 1y B 46 b
Ja » FEARRIPE SC R AAE (RIANAR S, > 0.5, 0] S§’ >
0.5; % S, << 0.5, 0] S < 0.5) AYRTHE T . 1ML
PR e CABAR R AR 1, o R

S(w): 1
" 14+8Xdw”

wWHBE [0,1]. Bl JA 4 (15 Sy AEAS T
LT IES A BIE L0 1] . th T USR] BRI
PUE

(3

2 _ 2 1 _
n(n*l)g;)sm 77/1(71*1)2 1+8Xd,,

¢<p

0.5, Y

R TREIEAE R B AT B AR X /N 9 2 o
i VA R A B A5 T R AU A A B Rk ) R
SN AN A AL KR 3 ) Y B T, R 5 25 bR R
KV 25 A wUZ AR 25 & PR AR T A A RLRR JEE L 1l
SVRTE N B BRI fre /b o 2T RL R AT, SRR
SUJi R

CFuzziness (w) :ﬁg %(S;‘f X
logS,, + (1 —S%) X log(1—S,)). (5)
1.3.2 PSO frikit HBHmE

BN AR DR AR A I A RS 3 U A ]
CFuzziness (w), R AR R = [\ 0E —4> D 4E%5L
P4 . PSO Bk W IRk — D RETE XA RETR T N
MRLFER, Hp s AR — D 40 m &
s i =1,2,  NRER  WH—
A D ) )RR AR RATY IR L iCE .

V.=A{vnsvis"svip}-i=1,2,,N, (6)
SO Tl | T IO A R L IS B S E R DA R I RN N 14
ERSTRE(n

P ={paspas=spptsi=1,2,- N, (7)
Y24 2R 1k B AR A 2R B 0 AR B A Rk
(R

Goes =P sDgzs s Pt g =1,2,+,D, (8

L FTE AT I AS B b AR A 24 20 (9) F (10D etk
S I R A T SRR E 2, AR
B V..

Via=wX vy +ar(pig —xi0) tcors(poa —

X, :{1'11 s Xz 9"

Zig) s 9
Lida —Xia +Ui¢[ 7i:1929"'9N9g:1929"'9Do
(10)

KT R AL B AR AL B AR o (H A TR AR
WF

DRI AR FE B BRI N, % hL 1 2
V. R F AL E X

2) it ZViXi TS 2 &R Y38 N AE
BV H bR e BUE FoL L]

3) B R 3G N BE A Fo, L] 5 A A
Py () & F [i]> P (D W F;, [ JHA Py (D5

4) WA KL M aE N B Fo L] 52 R IRE
Goew A7 Fili] > guoe O Fi L] BUR g s

5) MR~ 9 F10) Bk F R V,
PiHE X

61 12 fix KA B0 OB B IR /N D% 22 IR AR 2R
03 (1120 B 2)
1.4 BEFIEITEM

T H R B E Z EEA or ZEA R TR
R RBAEERR AN WAES /T, KL
A RCE VAN SR T8 S R 2 RO R AR R
REFIEMBRED BRI L 15 R RAT RN b5
S L B SR A B B A R A B, A BT ik L
Calinski-Harabasz(CH) A 88 A5 SR 217194

YT om GBI E X = (X, . Xy X, ) on AE
PR PR R ARG b X = {2t 2 R
AR B X S, A A R FED R AR X
55K NCAFHEX =(C,Coee s Cre 1 C R X M5
(F2) . BRBAREX P LS. BARFEC, )
O R an RORHE C, B X R A B d (X
X)) RAEAER G MEAEXZ j Z R,

T& CH AR b e L FH

NC
1 0
NC—l;nld (L,‘v()

1 NC , V
n— NC;;(J (Ia(i)

KGR A BT HAE (NCDOM Y 17 R 2%
ARAETE  NCT 45 4 AN R H8 A7 1 8 Fil
WA R TS b . SO0 B S el 1 ] SR 285
B RS bR AT BORAR TR AL
1.5 MiAE# C-¥91E (WFCM)

K-Means!"?s{ @ FEBUE N 0 80 1L ARIE“EKNR
BRZEF 7 B i /N XA HE R W MR, ' X =
(X1, X, X,) C© RY,R" R p YY) 525 0],
NC R REHRIBIE py o5 j DEAEFEA N
J& T ¢ AR, B bR R B

CH (NC) = QD)




AR LT PSO [ WECM 553k i 58 M 7R BE AR IRV AT O e B 1) 9 35

NC N
(min)J, = > 2o Iy —o |7, (12)

K - Means 5 i fi] f PR B, B H) &2 2% B2
OnKz), RLMESCR B T R H 0 R ) 2 80l
AR E A ) Ak 28 LA AL H 2 K-means 47 DLF
3 N7 TR B

Xt T4 1 58 28 ot A AR 5 04 S50 DL S AR
i
@ K 138 B 2 — 5 1 Je e i

OF SRR €/ TR 2 /NP S IPOE WA
AR,

M K-Means 5285 (10 B AR 45 2 25 9 A
PR 2505 AR /BT H AR R K

(min)]zzzzui | ze — 0 % 13

i=1 k=1

Bezdek Xt I — H 5 sRBHE T B F N 38 1Y
I
(min)J, = Z 2/412 | 2p =i 2, (14

HAAE FCM B pyHEml B, Z=MA4ED 0 FCM
Sk By R 2 AT O AR HETT RN )T SR B =R
B B AUSR C- 4 (H R 2k (WFCMD L i I F
KEIEHET 582k, WFCM 538k 1Y JE AR 2B 2k
PIF FCM 83k 2 B, JOE7E B bR eR 50 A7 78 X 5]
DL K 5 SR i R e R 2 MR A

WECM [ H b eR 40 H

(min)J,, = > Dt | 2 —o | 200=1,,

m > Cm R ECHE AR50 (15)

WFCM B3 iy B AL B F .

1) 75 BRI 00 A %0 NC, BUE S R (2,
non EEAEL 58 4 R AR A e LW i
ARG VO R E TR 0 =0, 53 SR ZE K m
OIS EWS R

2) MBI U = [u, (0) ] #4855 55
WU E IR I AT S SRR A U =
Luy 1

o =[§](Ej§:;i>ﬁ]4,1 <i<NCA<
j<n, (16)

"

() __ 2 (o) __

/E\:EP dyw sz/(~Tj/Ui/) ’dk;'v -
I=1

m

2
Z(l)[(l’ﬂ _"UM) H
=1

3) AT AKBIERIE P L VT,
D0 m,
j=1

20w om
ji=1

H AR V=V < e fEIRE IR
BEMMEU L RRBEPLV, NS b=0+1,FMH
FILIR 2) ks AT, I IEER LG 4 max(u,) =
u/zj’)rlljxj € %kj\éo

2 EREETAEDHRZIADINA

2.1 HESWRTAE

P2 DR AR 2 RIS B — A~ H 30 207 ZRad sk iy
s BAT R RN 2R G R A R Z kR
SR YRS T B 0 BOHE . DRI S AT O Al B
SE PR E B N BE A B E R A AT 0 A A
i N B A BE AL FE — 5K R — i IR N e B 2 IR 24
Hpk g g I BGE . — AR 2 Rl — R Z X 3 Fil
L. FRES G BERUIOVE K 815, B A 1Y A 2 AR
251 AR R IEAT 3 A E R MU A A ROk A

280t B ME A B B DL, AR B A B R
PAPMI_IDNAMES Al Bills, # %, fl Delete
noNAME3 2= 4b 3 & PAPMI_IDNAMES3, 4 i &~
SHEMRS N 1 E PAPMI_IDNAME3 _new, H:
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PProcess. m,standard. m,
F K%L Calcu_weight
>>bills=xlsread( *Bills_new3. xls”) ;
>>DATA=bills(1:10000, ;) ;
>>DATA=standard(DATA) ;
= >DIS=pdist(DATA) ;
>>DDIS=squareform(DIS) ;
>>Scope=[0,1;0,1;0,1;0,1;0,1];
>>w=PProcess (30,5, Scope, @ ISwarm, @
PSOstep, @Gwank,0,0,1000) ;
BT UL B, 15 B 45 s M AL n 3k 2
FioR

Pl |

BB RS R 1Y 1T %
D1|PAPM171DNAME3.x]s > 5% : Delete noNAME3. m
Remove incorrect records

!

D2| Bills.xls D3| PAPMI_IDNAME3 new.xls

Y Y

| P2 |

M BBills. xIsH135 NIDARIELET
PAPMI_IDNAME3_new. xIsfid %
F2J%: Delete_BillsnoNAME3. m
Remove records that do not match ID

Y

. WHE B .
D4|Bills_new.xls #2J5: Count_price. m D5|Bills_new2.xls
Calculate the total cost ¢
( P4

D6| Bills_new3.xls PEACEDS
/% : Count_frequency. m

Calculate the number of purchases

1 a0 P04 3 B A HRE vt A

Fig.1 Data flow model of the data preprocessing stage
2.3 REBFHETFM

R R Ak SR 2R B T B (NCT) 4, F1)
F zeros (nsn) A0 8 &5 E50CHE (02 R N AE % Y
FR 1 . 0280 %) Bills_new3 #f 41 J5 18 5, SR J5 KWk X
BATEAT NCT fliiH R A4,
F3 £ data WREHRBEIHER

Table 3 The estimated number of clustering results for all data

2 BEENER
Table 2 Attribute weight

e b5 Index AL E Weights

ATELE Departments 0.100 7

%% A\ ID Patient 1D 0.015 3
2% Total cost 0.496 6

T EE Vg B 4= 1D Doctor 1D 0.136 5
K B Account number 0.143 0
WA 25 B Times 0.415 4

fliiH BB E T BA (NCT I 44 4 A4S Hh
ARPEFRE bR 8 Tl N FE A RPE AR AR, H b AL $E Ca-
linski-Harabasz(CH) A & M8 b5, A BF 58 AU H)
NCT #1#y CH 545 . il MATLAB Xf datal ffi i

NCT it 71 5 A B H 40 i 25 L an il 2 iR .
- oIEE

0 Figure 2: Estimated NC in square symbols
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i A
2l Th v o N k\r ¥

23 4 56 ¢ & 810
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Kl 2 MATLAB i | NCT 1 11 5 24~ Hckii 11 45 21

Fig. 2
by MATLAB

WMLEERT A, CH A RUPEE 75 Wos RNk
10 B, CH &R, BIZE M B B B %, K 5K Z 1] 41
L BN R RSG5, R B, AR IR data2, ---
datal0O BB AT REA BN, ¢ I ERE
B R CGER/NEO B 3 R,

The NCT estimated number of cluster outputs

datal data2 data3 data4 datab data6 data? data8 data9 datal0
CH 66843 80631 113325 78190 79635 83233 70934 80883 80361 66727
c 10 11 11 15 14 16 9 11 10 13

2.4 SRR C-HAEEE(WFCM)

T B Bills_new3 JEHAAE o P Ml
RENE c, MBI RIS IR C-34ER KTy
EHATRE WS 4 4~ M X WFCMClust. m,

distwfem. m, stepwfem. m. initwfem. m, H ¥ 3 2§
# WFCMClust. m 43l 38 HH L E WA R f. 4 4
M SCHFBIPE 20 3040 R

OWFCMClust. m: & AR C- 35 {5 X5 £
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Vi 4 data B M cluster n 2§;

@distwlem. m ¥+ 545 B £t sl 5 45—
ARIE L

@stepwilem. m . A TH 5 H BT 19 SR T B JE 1
FI AR BRI ECME DL B BT 1Y SR 28 b

@initwlem. m . ¥ #7 A6 5 o RO 4
Fx4 WFCM HEHHHREBEEER
Table 4 The membership matrix of WFCM algorithm output

W 2l LSRR AR [ U B D R O 8 B R R
WFCM _datal. xls, #7084 3k 4 fros, Hd, &
MAT AR R AR e S SRR R R 5 g — 1T
R KK H B BRI KL T A 0 81 B A i s AT BT A

2,

0. 0385 0.2226 0.0832 0.1584 0.0203
0.0639 0. 3397 0.1668 0.0746 0. 0250
0.2102 0.1366 0. 3551 0.0321 0.0343
0. 3168 0.1019 0.2917 0.0276 0.0378
0.0246 0.0935 0.0438 0.4538 0.0165

0.0305 0.0396 0.0392 0. 3310 0.0367
0.0348 0. 0330 0.0382 0.1724 0.0516
0.0371 0.0230 0.0308 0. 0587 0.0821
0.0372 0.0214 0.0291 0.0476 0. 0889
0.0253 0. 0457 0.0367 0. 2345 0.0257

2.5 RESH
Xt WECM_datal #EAT R 47, H YR AR 3 5
e P R I AT SRS 4, K] A3 Y D DR B — A b
KB H A ek BUE BT 7 09 51 B Ry 3% 8080 47 iir 3 & 1Yy
R AT
>>data=xlsread(* WFCM _datal’);
>>[max_data,index |=max(data,[ ],2);
=>>>plot(index. * = )5 VoL il U B 0 A7
H 2 KR SR BAUR
>>Bills_new3=xlsread(‘Bills_new3’); %
FNJEIG B A
>>1Bills_new3=[Bills_new3,index;
1 5 U 0 B e S — % L BVER 7 4
= = sortrows (Bills_new3,7); % ¥ % Bills_
new3 55 7 FIHRE , J5 {2 ) BE USRI 5
>>xlswrite( ‘Result’,Bills_new3);
AT L BT A5 R Result. xls, Hrp
7O CAHT .

3 B

AR 2 HT A (BB B DRIV AT W AN AP AR R 5
®5 REREEEEHITRESTNRHER

Vo ¥

2] RIS ORI BIOR #5 Je B8 AR SV 9 T i
SFIAAE— e b, T HA B e B2 AR SR B Tk B i
HE AR, KIF LA L datal @940 B R, XF
data2~datal0 JHE FH WEFCM Bk DL S R 204
Ja o, BHL AL 169 4518 % M result. xls, #4012 5% UL
%5,

AW HIRERE 2014 4E 1 A 1 HE 2014 4F 1
J 31 H IR 4278 BE Bt 1 B2 o7 ORI H0 8 o 4F i X —
J R RS E B R bR UE . e A B R B £y
UES 5748 OB AR 0, 22 M A% S 4R 08 B B o L 1)
5 B (L 3D

Age:60~74 Age75+
Age:46~59_ 6% 2%

12% O\

Age:0~17

Age:18~45
56%

Pl 3 BARIE B BT & L
Fig. 3 The pie chart of the age

Table S The result of clustering analysis according to membership matrix

5 B35 FiA D TR BB 1D B OB 24
No. Account number Patient 1D Departments Doctor ID Total cost( ¥) Times
1 5041943 644604 2 142 1170.6 1
2 5042603 163696 191 1180 64.52 25
3 5042604 163696 191 1180 16 25
4 5061954 649842 191 1029 1373.45 1
5 5062350 650134 191 1155 3645.2 1
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FAEWE K2 09 N5 e = R BCVE (%) T R MR AR AR DN
K E M F4 deal _age. m SN 169 i €AY re-
k6 RENMRLGER—ERUERKIELZR

sult. xls PWIER, FFMBE 0~17 ¥ K& 75 B LI FJR
AW, I & 127 S 5810 5% . 30 45 51 L
* 6,

Table 6 Clustering analysis results-suspected medical insurance fraud records

5 i B 5 AN 1D AT & B UE B< AR 1D BB O WA 25 Y AEe
No.  Account Number Patient 1D Departments Doctor 1D Total cost(¥) Times Age
1 5407195 36911 2 3312 43.28 2 28
2 5399943 92297 2 3312 15. 68 1 30
3 5408696 92494 2 126 1163.77 7 41
4 5294411 159988 502 1028 271.75 10 66
5 5294574 159988 502 1028 11 10 66
B e VR S5 40 T B B GV IR X L oo
S MRS 1 S BE RIS A (0 SR R LS MGV 5
S WIS BRI VERE S A 0 T IR RE L AR 2 w0
BN T ERF R (5 . SR A R RE = )
SR A [ — 5 A 50 T T 8 A0 Ol A A L = 98933z228880828933
PR LS5 5 ) TS U1 L5 9 3 o 15 22 A R 25 Numberof doctors
IR th 5358 28 B L) B (RLJBCVE (10 K 265 S I3 01 U8 B 5 RSN S5 69 R A S SR
Fig. 5 The frequency column chart of doctor associated

Fetfi B BRI E . A delete_unsuspected. m i 5 K
HGAEAE T SRR K 825 Suspected H1 AR G
5% SR OB A B 0 L A R = i A
L I E 4 frs

3100
80
60
40
20

Frequency(

0
8 106 112 123 129 143 161 173 203 213 325 337
Number of medical departments

B4 SCHERTBENK BS )5 19 R I8 R 2 22 5 Bk
deparﬁfl;?jt associated with the suspicious bill number

M 4 ] LU 5 S8R} 58 1 58 B 1 0 AH X
28 AF AR OR 22 5 WU v B R 38 m] A O A HE
A A B AR 3% A BEHERR M) o3 A B RL

[F]RE R delete unsuspected. m Ab B ) 25 5,
i 3 AR 37 L TR BT A R o AR IR TR U
() 15 A= AT A Ry s HE A ARG Y H AR L 3X A e TE
A 4 e e R A L T DLIGARE A ) A T B B A Y A
HEE 5,

The frequency column chart of medical advice

4 #Hig

WF5E R WL 8 PSO 5535 46 19 A B T
WEFCM REFE S REA BN R LA R

with the suspicious bill number

PR A T o 4 SR B N T 3R RO 22 56 T
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