I35 B3y =X T W k ¥ % # Vol.35 No.3
20094 3 A JOURNAL OF BEIJING UNIVERSITY OF TECHNOLOGY Mar. 2009.

ETFERFXEN B MES FRAERGF TR

F42H#EY?, g, Fgndl
(1. ERTA kS BFEESEH TRER, 3 100124; 2. HHER k¥ £YESETEYE, L 100069;
3. YR B, Y 102800)

M B RAEMFERFIEMNEERRAREETERE, URRANERRLREMXNREFEEEL
A EANBSEINEAFERER RS PRREBHMETR AN NS, AT ELEM BTSN, # 5
Relief f§ M BN A RELHEMNFRAAREEESEERREETHREFTER, BB REFEERL
HBME, URRERMARRAN IR I KE, RRSRENRBY —AEFEEENFTEEE. AAMR
TE) R AR TR ) BB SX 426  E  X A 40 Y o L U 3 A S g R P o T 00 ML, - MR B ) F 19 I e T
RERHEF, BT QRS FHRIER. FFRED, ZOREE M A IR H S EE X RIEREERE —E
HEEHE.

XA, MR, EERRE, RER; XEFREN
HES#E: TP18 XREHRIRE: A MBS 0254 - 0037(2009)03 - 0301 - 08

BEEZERG ARG, MEAXERANT FTHERE, Golub BN RREENFETF
B, R St B v S MR (AML) 5 24 BUK B 40 M B MR (ALL) AR B R #EFT TR 5. Mg EE &R
HEHETEHHREBEL AT REWRERIEASHERREMEITHZRINXER, UEEMER X R
A4 FHLA, B AP R R AE M2 AT 00, IR B e () 25 W OB L) R 11 ) M A T R 4y
FEWAFEMAYEAESSES; Scherf FORTRRAZ AR, RABRKERSFT TERRAHRA 118
FEGY AR R, FH 4R R R A2 1E RS Br R 3L A9 MUBPE R L 254 ; Alizaden %1711 Bl cDNA it5
Fr BT SE # A @£ K B WK EL 8 (DLBCL) A4 38 i 88 A 2 B 3R 14 il U4 X X 4 S8 2 (b IT /5 A9 e R T
B#GTHE, RAAEAFALE M BEERHR — KRBT EYHITRTHAEEFHBMIRKRER, T
HX 2 MERMFBEKBARKERLKTEN Sa A FERERRK.

A 4E B L% (acute leukemia) B Ml R A BEME, IRIR E 2SR AT 44 ALL #1 AML. #F A
B[R IR AES T /KT L3 bR T B AT IR B R N T RE ().

X EERE—FHERAIRN M ERRLRG S FLWRAE, ZER LIS AR R EE ER, X
BB R AR AR P A R A B IR N, AT TR 3 e 768 00 00 TR R U 48, % PR B AR WS R g B A (B R o
FRAE, AR LA B D A R A T B SR B R O T P 0 S R A AR, 4R i B SRR Y AL

1 EEHERTRFE

1.1 ZR¥%iE

F 3R H A MR E LD, Golub % AN A DNA BRI T 204 B I 9 2 B8 3 4 i 508, BIES
HEE N AR EANBRELR, Hp 47 M ALL, 25 M0 AML. 84 EEEAHE 7129 PAKERE
Affymetrix & BRI RBE(E.

W H 38, 2008-01-03.
EEWH . BRERBEXSE S YET H (60234020) .
FERN: TE&E01969-), &, RETHEA, B4, HIF.



302 d ® L ¥ k % % # . 2009 4

1.2 ZIRFIBFORMRR K815 H

ACFI M Relief f§ B 2% (IGDW M A KB EHH(CIDHERBREEEEALRE. U
SVMEAND RBRRESHHEAFLEH

B, AR ERE R AR EE S A 2 LR
[}

SE A7 2 T A A0 2B, 200 4 25 66 71 0 f : — 1
St — A (N EEE. R Reier ] [ xR R e iR
mE 1 R,

FEEBE LT L4 ¥ Filter 1 Wrapper
Bk ) Wrapper K7 H M G &%
JH LR AT IR E T2, HHH ¥
ERESEREEERED, EITHEERX, R

BERYERE Filter FEMBEFIEERL L .

3%, — R EL B P BT A VI S5 SR 0 0 A R W R R VIR

PR EE, I — B (3 BB 2B K Relief W45 | | MR

%, [ Filter 778 B B RAU 05, (HiF - i VR .2 7 X1 HL 46

TR S22 3 Bk B PE R A B IR (. AT
0000 48 9 R K 25 AR P DL 28 2% 33 7 ok

PRAE, W R B 53 2% B 58 BRGE R A DL

7 BRI A T 4 W 4 | 20 5 2 B £
HEH%E, Pt M (decision tree) & —MET

OGRS T Wk, R BT T
B3R 977 R, SR TR RS AT R Iy

B L3 B 08 R I 6 T (8 0T A 3545 5 1

THI5 3, TR A 4 SR B R0 & RN B B
NHAREREEEEER S KAIRFT Fig.1 The flow chart of the cancer prediction model
REL.

2 EEIEFER

2.1 AHEESHIER

S HIK A Relief HE: [FERBEMSREERHEHN 7129 MM BERZAXFAREEH I REBHT
BB, R Relief fEEMBEMSBEERYBERFEIERNES. I3 LGN LENBERFEER
HAHES.

{A,D,E{=1A,B,D,E-~XIN{A,C,D,E,F-+-M}IN{A,D,EQ}
NYRE Relief 4 EEMEEE SFREFEEEE
KX, A.B.C.D ERBIEIFEEN.
2.1.1 AEERBERREIBREHFTEER
SREEEBHEVIRET Golub B “FHEH R HkH
d(g)=%—‘f“—“f“——l — 'l+i1n(~‘———g—"2*+"2') (1

Og+ T oy- 2 20,4 0,-

RH, ug s vug- NEFE g W REERFREKFHE 0,4 v0p- WEE g EEF R P RIKFHIRHE
. BEMS LGB 2 MR 1 TR Golub & LM 5 1" 517 5 2 |4 HKFH
MHEHTFR AL LH TR, KEX(DERER DTSN EENSKEBHRE, 26 B HBERE



F3H ESE % BETEERAMOHOLKES FTRASERTR 303
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Hix

1) Set Root node

2) If Examples are normal, return Root (& [B] 855 S #})

3) If Examples are cancer, return Root(i& [ 845 5 #})

4) If Attributes is empty, return Root GE EI L4 )

5) Else

6) Choose A from Attributes(A B¥ER G P4 K BFHRIE)

7) Root classified by A

8) For each attribute (i) in attributes

For each attributes(j) in examplesGR i @M AP N EFEBIEMNE)
Set A = v; (S HIABEA R A BRI RKE N KERE)
4 Example-v; IEEEDHRL A BIEER v HTFHR
If info gain is under the threshold Then Tree Pruning( MR 24 B BAHEHHE, BB AX A
M43 #%, info gain B A (6)FF])
If Examples-vi is empty(M R EEHBHEE S HE)
Add leaf on the parent node( ZEX T M FIl—AHF¥ HBZ#H)
Else
Add new branch under parent node; (ZERX W AT IN—MFHHI4H)
9) End
10) Return root(iE [5] i il L 2 9 LI 48 )



306 &t & T & kX % %¥ # 2009 4
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Table 1 Evaluation of decision trees in “Treeset”

AR5 BrEEEA TRl HAH mE S
ty CD33 1 1 8 0.88
ty CD33, NPY,KIAA0212 3 0 11 3.666
t3 KIAAQ212 1 0.87 1 0.535
ty CD33, KIAA0159, KIAA0212, NPY, MPO 5 0 21 4.5
ts CD33, KIAA0159, KIAA0212, NPY, SCYAS, MXS1, MPO 7 0.93 11 0.638
tg CD33, NPY 2 0 8 4
ty CD33, NPY, KIAA0159, KIAA0212, MXS1 5 0.72 20 1.03
tg CD33, NPY, KIAA0159, KIAA0212, MXS1, SCYAS, MPO 7 0.54 2 0.249
ty TCF3, NPY, KIAA0159, KiIAA0212, MXS1, SCYAS, MPO 7 0.333 1 0.136

HELH, REW ¢, EARAKHEERF EREB RS AR RSGEENE, 29 2 CD33,
KIAA0159, KIAA0102, NPY, MPO. ¢, ZH P —HRL AP IRE WA 7 FFR.

{L45’L44:L40,L42sL079
LigoLsisLaslae}

(Lo} @ @ (May My Mo My Mo}

7 REBRKBMES I RER 42

Fig.7 Decision tree 42 with maximum performance index

M7 PpAEEEERE AFEETHERS, MELHREREEKXS 2 884 ALL 1 ANL
BE. (L, M, n=1.23-72{ AliXEARE, L YRERKEABRE MRH#ER(ALL), M Y a5
HEMFEAR(AML), » HRGXERGNE, BHESE SR, BEAGUS EROEER. BIRERE
BrEEaRMNE.
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FAt, S MRBEEEHAABREPHRERATIBR 2 A3t 3 FHES LML, X3 FANR
EXXRBEE PR HERER 0, ] LM AR MR EPREEMHER T L. REMEIRGEU
P RN A £, TR

b WUE: ]

IF CD33< 316 THEN A ik & 4 i 5 I (ALL) Rule 1

IF CD33>316 THEN

IF KIAA0159< 556 THEN

IF KIAA0102< 4346 THEN
IF NPY< 3172 THEN
IF MPO>5702 THEN H itk B 40 (9 L% (ALL) Rule 2
IF MPO< 5702 THEN 24£8 ## 1 A L% (AML) Rule 3

EXFEHFMEEE KR 5 A, FRIEFE 100% ; Golub FIEAHFEREE K 50 4, S RKEREK 94%.
FA RN B P S MRBERNEALAFEAPHREBERYR T 2ERKE AR B IFH 2 E S8
HHMFESEEAREERX LHER.

4 HBFRIE

CD33 RIBHE MR THE A - $R CD33, YR AT A MLH E R AR BB REFEI.
MPO(BE S M) BR—FrEMAR S U PSR MO RED, B — MRk, W EILmsEs o
HE—1REN— E#. MPOSSMEYFIBREEFREL, BENYE, SELETRARIENA
R L%

CD33.MPO £ B 8l 2 8149 F L% % % 4 B o3 B g e e dic o). $ilR CD33 A MPO(BEE R /b4
BN EERDMRE 2 HEENRERIC. NERREWAES, SRR ENEEREREPHREE
DURL L 2 R A JE R (E B 1Y B R, IFR N FE AR Bt B E .
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Study on Leukemia Molecular Prediction Model with
Gene Expression Profile

WANG Jin-lian""2, RUAN Xiao-gang!, LI Xiao-ming®
(1. College of Electronic Information and Control Engineering, Beijing University of Technology, Beijing 100124, China;
2. College of Biology Medical Engineering, Capital Medical University, Beijing 100096, China;
3. Lang Fang Normal University, Lang Fang 102800, China)

Abstract: A leukemia molecular prediction model is constructed by using bioinformatics and machine learning
methods with gene expression profile. Firstly, three methods including relief, classification information index
and information gain index are used to select candidate feature gene set from the leukemia gene expression
profile. Secondly, intersection of three candidate feature gene sets is generated, and then the best
classification performance of intersection genes which is tested by SVM is selected as feature genes. Thirdly,
the classification rule sets are extracted from these feature genes by using decision tree method. Finally, the
leukemia molecular prediction model is constructed with these classification rules. The results show that the
model is helpful to cancer clinical diagnosis and cancer gene biological experiments. Also, the two key genes
(CD33, MPQ) are biomarkers of leukemia clinically.

Key words: tumor; gene expression profile; decision tree; support vector machine
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