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Multi-class classification of high-dimension gene expression profile
based on closed patterns

LI Hong, LI Xiang, WU Min, CHEN Song-qiao, YI Li-jun

(School of Information Science and Engineering, Central South University, Changsha 410083, China)

Abstract: According to the characteristics of multi-class high-dimension gene expression profile, a new multi-class
classification algorithm(CBCP) based on closed pattern was designed. Firstly an approach called path enumeration was
proposed to mine closed patterns based on the vertical formatted data-table, which can reduce most redundant patterns.
Then closed patterns were sorted and used to cover train dataset for building the classifier. The unrecognized samples
were classified by weight algorithm, which can overcome the inaccuracy caused by using Default Class. The results show
that the algorithm is proved to be more accurate than classical classification algorithms such as CBA and C4.5. CBCP
keeps high accuracy when the number of genes increases substantially with the increase of number of samples fixed,
which proves it is suitable for multi-class classification of high dimension datasets, and it is easy to extend.
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b. MR F A A AT FP-tree A1 rt 3K

c. M rt Frh BRI LR AT AL AR
MR, I P ARt

R 1P KT SR 4R -

F1 KA GHIESE
Table 1 Horizontal formatted dataset

Row 1 2 3 4 5 6

Items ABDE BCE ABDE ABCE ABCDE BCD

T2 PIRAR | RN TR B S R X}
FL 4% FP-tree! 1 My 35 J VAT RE 1 4 AT
FP-tree flirt3% . #) 4T FP-tree iJ LAHS7 30 4L LA K S W (1)
SCHFH, ATFP-tree P 15 fU IR Y 25 1) AR FE BD S 1%
SO IR SRR AR, A 1 Nl FR W
TEATFP-tree 00 2 AT HSCRFEOR T35 /N SCREEUR) e
HErlo ATFP-tree FIrt R I A 7. 45 Kl 1 s

T2 EHEARXNHKIELE
Table 2 Vertical formatted dataset

Item A B C D E

Rows 5134 513426 5426 5136 51342

(RooD

RO;‘;‘"‘] Link [[4BDE] [4C ]
4 NS
> NN 3 ABDE 2C
6

1 rt &Fe4T FP-tree(FR s RHHH 3)
Fig.1 1t Table and row FP-tree (MinSup is 3)
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A A0 YRR IS Db SH A2 00 7 R T

T vt e [ B RE—ATI A AR A A
FR 3 % A2 A 25 57 70:(Path enumeration algorithm, PEA)
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M5 S FHIFARA G AL . PEA 55
BUTE .

a. & BRI IS R 1 A

node(i) =[item_set(i) ; com_path(i)]

s item set(i) R R AL T IU4E, com_path(i) %
7 item_set (i) fE4T FP-tree F1 I AILHI RIS

b. K rt FRMAT THEAERARHER IR S (ER 0
J2)o

c. ¥ rt RAZATIMERALSREN 510 (4T FP-tree 1) n
AN R IR R R AR A Ay R AR MO TR 2R 1 3749 5

d. %0 N IPVER B AR ZE R S ww BTG
2) R I R

n=sum_node(w);

if (n=2)

For i=1 to n—1

/I g w R AL

For j=i+1 ton
Node =[item_set(i) Uitem_set( j),
com_path(i)(com_path(j)];
¥ Node 1E 4 node(i) 15 5.5
BIRL
End
End
End
e.w=w+l. TEMPATDER d 1B ERARALZE M
AR, 4% 3 SR T BT
a. figgtedla PCl WANATHESG kA&
PC2 MAMATHESEAMIN H PC1 WEIMBAEAN T
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PC2 W& AN, W) PC2 A I A AT A ST
A HERRIE X, % PC2 MER, PC1 A PC2 #Z4(1)
S5l PCL 11 55

b. XA GIHEAIATIEH, HEH /D
FaRe/NSCREEG Wk B R 25 Bl

C. HIAAMZEEM P IREA A PC1 HRIEL A
TERTI 248 T O A7, WIHBREE Al

Bl 2 BTR WAT 6 S0l BYAY J5 (1 B% AR A

ROOT
R~
|B513426| [ D5136 | C 5426 |

(2)

B2 47 6 635 RARAR R D XA 3)
Fig.2 Path-enum-tree of row 6 (MinSup is 3)
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T T . TREE 62 ANMRFIEREDS (M 88 4 , RHZ A ZEEA T 73 2800
T, A5 R 4. WA, 4 MinSup [ 7€, MinConf
3 SCIALEER MR ERES IS — € BAE N (U 62 AN MinConf 4 75%), B

# MinConf [{ 5%, MinSup T & BIEI (W1 62

ANEEPRIR MinSup 24 60%), 432 & (K TIGIIHE R 2% 1 2]

31 SURRIRRAERINR . B MinSup 5 MinConf HIH A, TLAH &
AR SC A A I A A BB (SRBCTY BB e e gt gy e b RO A, AR
UL HURIA (4 FOSH, BRI 2 3080 iteni 2. 4 MinCont 5 MinSup 75 F-4
PRI ARSI e 3 s R, ARNEOR D, LSRR REA S,
SH AT IEE . BOABUR SRR A 5y
RIS, W FIATORA KA L
SRR, (AP OPERE B, S HPIE R

%3 SRBCT H# A4
Table 3 Sample partition of SRBCT

Ji9g 7 7Y BIEITES pIlEZRS RAE S
EWS 29 » p W RB T o5 B 2 VIR AN I S 4000
BL 1" 8 3 % 5 iR CBCP S595%) 7, 40, 62 A1 82
NB 18 12 6 ANSE IR R B SR 1 B L o R T &5 o mT DL, S
RMS 25 20 5 FERNEAF FEIUEIE i, K4 CBCP SE@ A
it 83 63 20 AT LA 100% PR 3 VI 2R B AR AL I BT FE A, B
CBCP ki T e B AR ) Eils 4
BoE, T GB RR(Gini HE% L KA AR 6 IR T PR My B AN RSN E AL CBCP 41

Bhattacharyya i 25 #) & (1255 $845) ! Euclidean [ 25 TR I ST REA T HU K 45 2R L 3R 6 WT O,
PR IE D T LGB, IRE K5 B E s K CBCP Hox) T MG A iR e A 56 1 7 VAL i
5 BIEDME AN EARAE Do TS B AR R T G IHRI ) HER I AR aa 2T DL 2 s 4R . A 4
HIAZ AT & R R IB T E A AT I 75 22, (Rl WY SFTLAEIE AR I 1 A BRI, X IZREER)
B F) T FRAR I 75 B i 6) CBCP 853k 43 JSUER M 1) T B R AT E R LI PRAC. AR 7 IO, 0
o KU T m AR R s AL R aE A, X AT AR, b T RO N, g 7 RE DR X 70 SR AR

AR BEAT 5 A R B S AT 20 3000 RIPEILRS ™2 T — € KT8, CBCP Sk Fitil ey
32 LRSS AT 100%, (HAZE, JifReF 70T Hfhg 7%

] VC++ 6.0 5 CBCP Syl AT MR P WBGSHERG R, SOUEREAS ORI R RN i i A 20
EEALJT A T200 RS, WE OWEERL N N, AERMTAER SRR E, P REREE S
Windows2000 Server, CPU Jj Intel Xeon 2.4GHz, W KEEMMEH . LR R AR, CBCP Hikx] e
174 512MB. HE DR 2 a2 T A A A T RO (¥ 3 P PR T v

KM CBCP 2% SRBCT i 4 205 sk i

F 4 MinSup B Z KA MinConf B Z LT CBCP f k695254 R (62 K H)
Table 4 Results of CBCP with fixed MinConf or fixed MinSup (62 gene)

MinSup MinConf Zikeg TSR BRI VA rialagil| B SRR EikiRal
50% [0, 75%] 9 63 12 8 20
50% (75%, 100%] 8 60 9 11 20

[0, 60%] 70% 9 63 12 8 20

(60%, 70%] 70% 8 60 9 11 20

(70%, 100%] 70% 4 40 4 14 18
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5 MinSup #» MinConf I AL SLF CBCP H-i% ) 525045 & ( MinSup=60%,MinConf=50%)
Table 5 Results of CBCP with Best MinSup and MinConf when MinSup=60% and MinConf=50%
LA ZRAE R MR 73 s 0 B At
7 63 20 0 20
40 63 16 4 20
62 63 12 8 20
82 63 12 8 20
R6  RE) Ik 4 0 TR A
Table 6 Accuracy of different algorithms on training datasets %
PN HA
(ZRFS
7 40 62 82 600 1500 2308
C4.5 88.89 87.30 88.89 85.71 71.43 71.43 71.43
CBA 98.41 100 100 100 67.00 58.81 60.48
RIPPER 84.13 82.54 76.19 80.95 65.08 71.43 65.08
PART 85.71 90.48 85.71 85.71 68.25 66.67 71.43
CBCP 100 100 100 100 100 100 100
KT RRFEANRE TR A E
Table 7 Accuracy of different algorithms on test datasets %
B
A7
7 40 62 82 600 1 500 2308
C4.5 80 80 70 70 65 65 50
CBA 90 85 75 85 70 65 65
RIPPER 75 80 60 55 65 65 50
PART 80 75 75 75 80 80 50
CBCP 100 100 100 95 95 95 95
I HE 3 B U B T K ) R
4 2 ®’ 3) 43 BTV B B AR PR T S AT

a. P — IR T AR 2 K KA
CBCP, Tt i iRk N A1 (¥ 2 38 70 2K ) L
BHILAA W MR

1) AEHTERARAL S (R T A2 I P S A, el b2 4
A FE LA

2) USSP G AR D 7 R AR AR, a1 20 i
RIRPRETA CBA RIS IERAT 73 a5 K

T, KGR o

b. i i %t /Iy 5 40 i (SRBCT) £ 4k £& 1) 73 2K 73
M, UEW] T CBCP SR A DO 4EU AR ) 22 I8 4k
FA B A TR 3, T ELGS 56 PR RO il 52 358
MFEAE R A AL i 848, CBCP %
Py BATIE T IA 28 S SRR TN AER R, 7E 0t
W] CBCP S ey 4 K I 1 22 28 73 il R ) 3 T 1R A
AP SR/
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