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i E ASS%BBEOLETRCRASTARRKEGR IR —, BB —HE TRYA X R 000 B R A AL
A (Projection Correlation-Random Forest, PC-RF) , € ¥ E T MM T T/ A HAOZF M AR R LRI AHKT FMas, £
MR LA AR B ER, A 3 AR MBS IR ST EIES M, £ Leukemia fo Colon 8 4% 5% £ 3P, AT4R AL A L ILA
R FERITT 2.4%~6.5% ; f Breast M £ F 1P, ATIRALA LA A RE AL A AL AR A F 4RI T 3.55%0~9.26% . R BT &
FRMAE S HBIET O SN EAFR ERNBTHRR, FrRAER S A AL T HB 5 B0 & H S B AR R, ¥ h &% TR Fe
YU b Iy AL A A R R R LH.
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Disease Diagnosis Based on Projection Correlation and Random Forest Fusion Model

HAN Yimei' and LI Dongxi’

1 College of Mathematics, Taiyuan University of Technology, Taiyuan 030024 , China
2 College of Big Data, Taiyuan University of Technology, Taiyuan 030024, China
Abstract The processing method for high-dimensional data has become one of the hot issues in the study of big data. In this pa-
per,a two-stage random forest algorithm based on projection correlation is proposed. which integrates the projection correlation to
measure the correlation of random variables with the random forest algorithm, and shows better results in prediction perfor-
mance. Three kinds of gene data are used for experimental analysis. In the experiments on Leukemia and Colon datasets. the accu-
racy of the proposed model improves by 2.4 % ~6.5% compared with the existing algorithms. In the experiment on Breast data
set, the accuracy rate of the proposed algorithm increases by 3. 55% ~9. 26 % compared with the traditional random forest model,
and it also performs stably and well in various evaluation indexes of high-dimensional data of different scales. The application of
the model in the field of disease diagnosis based on microarray data will provide more scientific and effective decision support for

disease prevention,diagnosis and treatment.

Keywords Projection correlation, Random forest, High dimensional data,Feature selection, Machine learning
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FRAFRE BRI . B0, Li™ 3+ Kendall #1356 R 808 b 28 it
R j; A8 5 22 (] 9 AR G M, B2 1T RS (g Bk AH OC 9% 3% (Robust
Rank Correlation Screening, RRCS) ; Fan 25144 SIS § J& 3|
AR LAY R T AR S B0 ST O
dependence Screening, NIS) %5 ,
SISﬁ?ﬁﬁﬁéfﬁﬁﬁ*”ﬂﬂiﬁ?ﬁﬁ*”@ﬁ?E’Jﬂﬁli_ﬁ
A — KA B T R 5 o Ao e T8 A ok S o 7 S
5 AR ek 22 ) B AR 5 56 AR L G B R 3 AT R R KL Keendall A1 G
2R EEFEE*H?%?‘;&# F 408 6 2R FH 30 I 0 256 7 12 398 Y B2 )y
An g, BRI 2 T R SR A5 2 R IR O R A AR I 1 O
B, X CHE B TE Nmm?%ﬁ:ﬁﬁﬁ?l_ﬁ(%ﬂﬁ?? Ph K
Hel i 3 5 K30 B A0 M FRAE 0 8 7 ik rh A i 2 3.
AR EE T # 52 AH 52 R B (Projection Correlation, PC) 3 &
St T B AL S 5k ] (04 A 06 06 R L K R TR AT 5 26 5 =2 )
AR S METH S, P45 & Bl AL 2% AR 5E 1% (Random Forest, RF) X
% 24 5 00 B84 2 A7 43 S T0I ,  r BR T AR AH 06 R A0 ™ By
B B ML 7% AR A Bl—PC-RF # % ( Projection Correlation-
Wit 208 5 53 28 53 P A0 5 10 7 W B 1 1 A AR
SCBERLA SR 2 AL RE 7 BE A5 S A M AR DL SR A0 L 3 I R
F B0 92 A 9 1Y v AR . AR SCREEY 1 R 2 AR TE TR IR A
3&%@( S REYLAR MR A S5 5 40 T8 TSRO A OC R BUE N R
A5 R 38 F5 b 4 35 FH 0 R [ B 0 e 2t B AL R AR 1

(Nonparametric In-

Random Forest),

2 EEGE

2.1 BEBHEXERH
A SCd A% 5% M 56 & B (Projection Correlation) ! 3 i
HPAFEAL & [ AR R
AT R AR o X A Y R o BT A
Mt U=o" X f1 V="Y .3t B Fu GOl Fy (o) 43 51385 H
BRI A0 R E T Fuy Cuyo) 278 IS 43 A eR 50 TIE 4 ) 4
X MY MHEMSFN T

Vgl B U=a’ X L V=3"Y HI 555

TR 2% AT 78 4 5 B30 1 4k 19 o 0 8L U VAR L 5.
HH T

Fu.v s ) —Fu GO Fy (0) = covi 1" X<u)  T(B'Y<C

v)} =0 (D
PG R B 1) 1 XY AR EM L, S A TR R R A S
P A

JH cov! {I(a" X<<w) , I(FTY<<v) }dFuy (usv)dadf=0 (2)

Hr, IC« ) BRME k%, Y5 Fubini Elﬂ*ﬂ Escanciano!”™ 1
M5 3 e b QR A7 R F 5 S, B AGE 5 ad B R S Ay
JLSCHRL6].

T SCREEAL I & X MY &5 P 7 2% (Projection Co-
variance) [ - 4 .

Y, —Y)" (Y, —

S AF
X T Jasecos{ Ty =y TTY = 5 ]
(€))

—X3) } { (Y, —
arccos

Y (Y5 —Yy)
Y. =vs [ 11Ys YH}]

Sl 25 24k KT A5 S 0 B B v AR R £
{P cov(X,Y)}? =S8,+S,—2S
_ (X, — X)X, —
- [{ TX, X, [ X,
(X, — X)X,
E[{ IX =X [ X=X, |
— T
ZE[arccos{ H()fl X;) (X, —
oo, | | fRFE L2 SR, VLB F A AT M T 2 i —
/l\ﬁ%t #?E%EE@FH)‘BEE%J(X»*XJ/ H X, — X, H E‘Jﬁ?

HEATIE ST, A5 X 4 22 4 5009 B ML ) 5t LV BR T BE S A o6
(Distance Correlation) ™ i B3R i % (X, Y) %5 AY FR 1 ,

2 XHEALIA R X MY R RECH T X
TR .

(PCCX.Y) ) — {P cov(X,Y)}*

P cov(X,X) P cov(Y,Y)
JFHM P cov(X,X)=03 P cov(Y,Y)=0 i, & X PC(X,
Y)=0, 7E— T 0<SPC(X,Y)<<1,24 HALY X 1Y #H
Hph ST, PC(X,Y) =0, HA PC(X,X)=0 M HALY X=
ECO S, iRt 3 B, 8500 06 R 80—l F 18 b 1y
ot BE AL AE R 18] A S 1 R A

FIRVGEHRBT A PCX,Y) BREAM T, it
FHfE S B 15 5], &‘?ﬁﬁa&h%ffﬁﬁ%ﬂﬁﬂ%ﬁ SEREN
BUTR X J9T A A 300 2 — B LR A2 B 5 R A 4 S 4
SCHkL6].
2.2 ETHEBEXZHMNTHNEEIFRAER

AR SCHG H R HH 56 2 B T RRAE 5 25 0 =2 ) A AR DG
I 5 BE ML AR ARG VE A Rl A S A R A B A B A T
BB L AR MR AL,

[ AL #F AR (Random Forest, RF) J& T L #% 2% 3 ) — K 4
S — W %% > (Ensemble Learning) 8- v, J& i i 4 Wi % )
' Bagging Y UK 2 MR P IEBE B — FP B0k . SR AL

4

i - ~ 3
X T TX =X, }‘“‘“O“{ 1Y,

Y, —Y)"(Y,—Yy)

B ﬁ‘ﬁﬁfﬂéﬁ‘ﬁj\muﬁﬂﬁﬁ”" Bl n%j%{f SRR RN
FH 2 Rl 2 53 53 10 R AR A5 LU B A AT frf — D B30 1 B R 0 55 4
SRR BRI GE . Kb Bagging FAEE K — 48 B4 73 e 4%
YA AR [ 09 e 432 2 X [ — A58 TR 0040 412 v A i [l B
B PIRAE HEAT B R IR 4 S B5 R T 43 AR 4R 52
15 BB 2 WA A e A st . — RN R
X Bagging 15 3 (Y 43 2 4% LU A 43 26 4519 21 19 45 2R 00 Ui
I HAE ok 1006 [R) BRI W 75 R (I 2 L b P T A

Fifi AL 7% MR35 S Bagging B9 — P40 R J7 % L LI SR A 1R Ry
oy SRR R 5 1B ML R PR 35, BI7E D S 1) 44~ 45 i B
HIL b DT 3 J A 45 v Al B 20 I e PN PP g 4 — A B A
PEF TR 3 HOR: AT FAR 2 A VER I 17 3% 78 B L 4
PSRRI s DX TN 45 Ul AT A #E 2 [8] % T 43 28 Tl I L 5
B SRR N 5 ] S figp e 48 PT BR AIE S B, (L B AL AR bR B A
FH T e 4 B AR 43 0 ) RIS A7 TR R R ME O R fr 4
v S IR, SR AR AR A2 2 L 8 v TN oA R R K B AR G
FHNE A FEAE BE LA AR A BENLDAR SR AT it by el B T

52 HH 5 F 5009 B B Bl AL 2R AROBE Bl ——— Projection Correla-

tion-Random Forest(PC-RE) AR, ML L FR U

Wy= 1, Y)OT REARMW g 4 m A&, =
(X1 XD T RREA p dERFAF 78 &5 2 80 52 b, R A 4t
B op R T A o, FRAEBE$E 07 15 7T DL K BR 5 ) 7 A% &
oG TSR AH G R AR 04 R AIE K RO 04 R AIE 2 R AR B A AR
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A S BT B AT S AR AL ZR AR R S AL B4 205 12 W

IR . 8 SO BRI

A = (£ PC (X, Y)? =8, 1<k<p) (5)

REE AR TP AR E A B T RAUR T A A () (AR
D H g — A Hoh 6 R TS B I 9 B E . 275 k1],
BAE 6 1A (O P I FRHE R R [n/logn J(L 1B TS, I
WO B 2 [ v 5 10 e R 5O

W A TR 5 — W B Rk O PC B 3%k il SCBk[ 10 7T 40,
TEREBEIE Y 6 WIE UL R, BRI TE B PC i 4 BA — B0k, B Y
REAHEAT 1 I, I A 3% BR AR AR A4 35 7R 15 BRI 4 A,

W o, =PC (X, »y)" S5 b AN FHE FIAE N A2 3 2 7] 79 54
RIS A OC BB 5 R A &M

Fe>0,0<,<1/2 s.t. Eréi‘r‘lwk>2m * (6)

2 (6) 7T LA 1 & —Fh i i M B ik, DR TE T 36 BRAFAE 5
T R RRAE 1 DX

A C6) ALY 2 AF T B O<min /2 1 WAL«

Pr(ACA())=1—0Cs exp{—cin' *}) 7
Hf, o, BRKTEMFE. B PC I EA —Fk:, Bl
JE PR T DC-SIS, T4 IE W 3 72 0L SCiik (10 ]

28300 5 — By B R AE B B A BT 8 3 BRRRAE 4R YRR AE
TR A 1) W) N7 A% -k K RS 1 HOHE 4R L RS I B R A
98 B8 A B T B AL AR RO A 1 43 28 4 b L X oy S 4 R
A7 T0 , I 0 A4 R 40 81 6 B 3 vh ) 280 IR R VT A 40 e 4
SR BV SE A SR B Y B SR R

AR OB B AR OC 2R B g R AR R B U7 12 B AL 2R bR 1
VER 43 64 - Z 38 AH Rl G A ik T 48552 AR O 28 01 I Y B I
HLARARAL AL, I K HC N T 56 B ol B 97 58 o A AR 10 B 0k 0t
FEE 1R .

- S MR

" —

& | it EARAEX S K 8 yZ B 1PC(X.Y) |
b '

i | HEJF 0 3 3T [n/logn] M AE ‘
ik l

# I / G EREENTE

W v

# | RALR A4 % B ‘

RF

v R %X

B 1 PC-RF BRI W E
Fig.1 Algorithm flow chart of PC-RF model

3 Iy

3.1 ZWRERHE

AR SCH ST BE L T python3. 8. & 4o il T 199 265 988 i 1) &
PR A 4 30 530 i e 1 TR PRI 5 BT 14 2 0080 I i

45 B B0 A 58 (Colon) ™Y 1 Alon 5 L&, 8 62 4~ HF
A EBAFEAILSR T 2000 AN, Hf 40 ASFEZR S 180 AR
AL, 22 A RAR B REAS . BEMLHNER 8026 B REAS 1R R Il
TR 200 E MK . [0/ logn]=234, 7E 1 BY 1 FFAE 3% £
Bt I 34 MR EAT 326

19 1M 975 5 38 4 (Leukemia)t'™ B Golub ZE W 4, 0 & 72
A 2E T MR REAS AR AR D S T 7129 AN FER i 47 A
FEACH ALLCRPEWRE A I - 25 A~ AMLGRPESEANE A
M) . BEHLANE 80 246 A FEAAE Jy Il 2R 4R L F A 20 06 4 S U
WA . [0/ logn]=38, TEML T () A E 5 By Be 3 B 38 A4 AiE
AT,

I FH AR SRR TR o 5 R 1 1 200 8040 3 AT OF 5 T B g
e EAERE , Z X B 5 T (BUB M 1 R 20 7 A w7 A2
HLEPY G=1. ) BIE N 0 B30 1R 75 A8 25
BRI A28 FRAE ZE 25 B B Y B B9 7E T DT 4G D i) 2 X1 4
it i 2 1 5 5 0 3R B AR OC B R IR L R AR S L 43 SIS TR0 By
Bt E A

D AR A AL AL 5 22 i S TS (8 #EAT AR AL
Lo R it 2 6 AR TR T B A R e, 285 b AL L RN BOHE o A
TELO, TRl AR fb R IAAN

X, X

== G=1,.p) 8

Hor, o J LA 2, o, 4P HR I E R,
3.2 ELWERMNN

SR 43 28 5 B 0 10 S AE AT M 48 b 5 i A A ()
AR A LA BA Bk AT L g5 R 1 g,

H1 38 1 25 50 A SCRE A 7E [ 2k A0 T5000 5 TG A4 PR R
5 H A IR A S M B PC-RE 68 7 LLTE /b (1) 45 £iF 8 o 1 2% 42
FHT 2.4%~6.5% ., N T Bt — L85 PC-RF # A 7F £ i
b B R DL BCRRAIE B0 B e 4 R S T 25 SR 1 R e L f
Yk 252 {1 FH 448 450 e R 0 B0 A HE AT SE

S50 filT A L IR 8 B0HE 4 (Breas) M Yau AR,
5 683 MREA,BAFEARILET 9168 A, Hh 447
ASREA g M 2 R M ER — . 236 A M 8 2 2 1R B
P ER+,

21 Leukemia fll Colon £ 4 78 Bl A RSB (9 % b

Table 1  Comparison of Leukemia and Colon datasets in existing models

AR AL 2B HEHE/ % AR # 4% 07 % a kB Wk kIR
50 97.06 41 7 41 18 F 07 Fu bl ZORH A A A [13]
50 95. 94 i 5 N = 5 Logistic #| 7 [14]
Leukemia 25~1000 88.24~94,12 Fisher #| 5 o M| SVM [15]
38 100 projection correlation K AL 7 AR A X
50 94.70 417 4118 T 07 Fe bl ZORH A A A [13]
) 50 93.50 & 4 /N = 9 (PLS) Logistic #] % [14]
Colon 12 93.55 WA SVM [16]
34 100 projection correlation H AL 2R AR & X

D https://www. broadinstitute. org/
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£ %t Breast $i 4 58 FH B AL AR MBS 1 55 PC i 6 B BE %
EFFIE S 240, 120, 80 (X [ [n/log n]s [n/logn]/2.[n/
logn]/3) ) PC-RF 45 A543 2 000 , 72 Bl AL A0 R 75 %6 19 #F AR
PR U GR A A 25 %6 4 O D3k 4 B, 3% 50000 4 70 S 56 T Y

FEAE Sy FR A 35 R 10 48 AR B, 55 BE ML AR AR VL AR LG R 7S R 2
i B Ee RO B Breast B4 48 28 33 A8 SCRE TR 9 25 — B Bt PC
Ui BE AL B IS L BT X AE 3 B 8 19 RRAE BT R A 2 1Y) B B
AR R UM [6) 1Y 43 S 530 ik R AT 43 S 100, 1 22 T 4 53 2 A%

FIFEAT T O T

S8 A A A 28 AT B B9 F 1 aue H CF 3CH AR auc
1B V75 Yo I ZRBE 3 23 T 1545 B0 Y v 5% L BURME VAR S
S A 3 T SCH AACTRT A S 7 T R U 3 3 B 2 75 0
WNERAERN 2 T AR L 3K 5 T8 b3 AT g A ik 23 28 00 45 5 1 3

STRWET R 2 BrA,
# 2 Breast $UE A FEHLR MRS PC-RF £LAIT (1%} L

Table 2 Comparison of Breast data set under random forest model

and PC-RF model

;mfi KL AL R AR A PC-RF # # HIARE

B AE A B 9168 240 120 80 e L s R e e
e % 3 LS VR S 1E PC 17 2 W B i 5 R 7] 7 6 %K
EHE/% 81.25 90.51 88.32  84.8

TR RG] LB W F ), PC-RF #% 7E
KRG B LA o A B A ) R AR e R T o R R
B LT A A AR B RCR .

# 2 BEIESE T PC-RF A5 AL 7E v 4 B4 100 Ao ofe ot 4
LR TR G U B B HLAR AR Y . R PRI B AN G R AL

#* 3 PCHfiika Breast £l 215 A A 73 248 T HUBCR A L

Table 3 Effect comparison of Breast data set filtered by projection correlation under different classifiers

HAE K aRE auc f& HHE R R F i o B E
adaboost 0. 860 0. 848 0.874 0.789 0.831
bagging 0. 808 0.818 0.837 0.784 0.811
beyes 0. 854 0.591 0.575 0.621 0.598
240 ctree 0. 869 0. 848 0.842 0. 860 0.851
logistic 0.636 0.591 0.575 0.621 0.598
nnet 0. 870 0. 883 0.783 0.920 0.851
PC-RF 0.878 0.905 0.914 0.893 0.903
adaboost 0. 856 0. 844 0. 883 0.750 0.817
bagging 0. 855 0.842 0.895 0.702 0.799
beyes 0. 856 0.778 0. 816 0.702 0.759
120 ctree 0.788 0. 836 0.868 0.781 0.825
logistic 0.813 0.719 0.774 0. 607 0.691
nnet 0. 830 0.784 0.726 0.808 0.767
PC-RF 0.870 0.883 0.951 0. 700 0.825
adaboost 0.521 0.567 0.682 0.361 0.521
bagging 0.583 0.550 0. 655 0. 345 0. 500
beyes 0. 855 0. 830 0. 840 0. 815 0.828
80 ctree 0.828 0. 830 0.834 0.662 0.748
logistic 0. 848 0. 790 0. 846 0.667 0.756
nnet 0.822 0. 854 0.786 0. 887 0.836
PC-RF 0.870 0.848 0.857 0.935 0. 896

TR R A 20 28 v A AE A T Sy T ) B4 AR AS BT 52 B
oA IE A B RE AR o o5 B LG8 R A AR P 0 i FR) 1 4
Bt v A8 TE RO B 1] R RE AR Ok 22 BLSC AL 1D
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A BB Y 2 BT TN R TR 5 12 W AR Bk = R
HE,

R e A s i T TN g 0 1) 1 AR AR A BT S B DA 97 451 )
REACH i A A LG R BITE U 36 A9 B M5 5 A £ R B
PE o HEAS AR B AR 5 A AR 2 AT X BB R A ROR T
X i i DX S ) M) AR B T R N R IR R

BRSO S M T SC 58 P A TR B B SR R A B
PC-RF 58 B 7E S50 1 22 B0 S 0080, 76 45 57 1 b B RE 2
BB AL (8 X P T AR B AR S 3 (il —— - i vl <L T
VATE 4 17 3 {4 B 1 AR SCARE IR0 B 0 e

# 3 W auc X — 48R . FE 2 HEBR 1S 56 BE ML A B 2
A I 3K A X AN () 3 2 8 AN B4 5% W L AT 3 B BE AL AR AR
FEATE 5 B AR OC R BT 8RR IR L 5 48 HR 45 & I B 7 2B OR

B F T IHABII RS LT T A SR ) PC-RF #2878 /3 2
ROR L
3.3 itig

Ky 32 L URE T 9 30X 3 A B AE S TR A AR 4
TR SER S5 R AR R R ok i 2 s . T RLE
WA ERC Y S — B Br PC i 28 A [R) RRAE By 1% B0 T - B8
HLARMIT 15 5 PC i Bl & 15 2 i HOR I i i i 2 E

M A L AR SO R T AR S A O R A R ROR
PR BT R ASE Y T AE AR 12 T ) S PR R S e AR A TR
TEWRAE B FC M T B2 9792 Wi S0 5 i I B 2 W R AR O
REGSA BRI B E TE AL S i A5 B w7 R T R E R
PR Ao T RO 2R R B RO R S Y A
B, AR AR B8R RO U A SO AL B R S 1, B
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adaboost bagging  beyes ctree logistic nnet PC-RF
W OEsE W OERE U THRAE
Ca) I3 REAE KR 240 B 3 g b (14 10

adaboost bagging  beyes ctree logistic nnet PC-RF
WOEAE W OERE N PHERE
(b) Jr BE AR AE KA 120 5 3 Ff 5 4 19 15 10
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adaboost bagging  beyes ctree logistic nnet PC-RF
W OEsE W OERE U THEAE
Co) I REAE R 80 I 3 4 A A9 1%

& 2 OR[A) % FRAEECT 3 R 8 An A5
Fig. 2 Three indicatorswith different selected feature

numbers

P 3 g il T g AR SCBE RS — B BE PC i 1 ) 3% 2 R
[ 455 AT 4% 20 26 A (9 B R A O . REAS 7 I, PC-RT B
TE 1 1 A [A) AR BT 19 2 2RO B Bk B T O R E A R
BPOR S  IESEREHL AR AR S IE TE 5 PC 08 A & I BE 5 35 2
RARCR .,

PC-RF

nnet
logistic

ctree 80

beyes 120
SeasRe B 240
dab

0 02 04 06 038

EHE
B 3 R[ERHE ST & oy 25 30 1 HE 0 R
Fig. 3 Accuracy of each classifier with different feature
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